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Abstract of Thesis 
 

 

Deprived Area Mapping using a Scalable, Transferable and Open-source Machine 

Learning Approach 

 

 

 Population living in deprived areas continues to grow, highlighting the 

urgent need for accurate high-resolution maps and granular statistics to plan interventions 

and monitor changes. Satellite imagery provides a promising solution to offer consistent 

and accurate high-resolution maps globally. However, most studies have focused on using 

very high-resolution images, which often only cover small areas, and the transferability of 

models to other cities remains uncertain. Moreover, most researchers focused on the use of 

remote sensing data which provides a partial view of deprived areas missing equally 

important socioeconomic aspects. This study proposes an inexpensive, scalable and 

transferable approach to map deprived areas using freely available Sentinel-2 images and 

open geospatial data. The models were trained and tested on three individual cities: Lagos 

Nigeria, Accra Ghana, and Nairobi Kenya. The study first analyzed the morphological 

characteristics of deprived areas and grouped them into types based on aerial and ground-

level information. This allows us to understand the inter- and intra-urban diversity of 

deprived areas. A multi-step modeling approach was carried out including an individual 

city modeling, city to city modeling and a generalized model using input features from 

contextual features, geospatial features, and a combination of both. Machine learning 

algorithms were evaluated for mapping deprived areas, including multi-layer perceptron 

(MLP), Random Forest, and XGBoost. The scalability of model performance was 

examined by using patches of the different deprived types identified. The study also tested 

the models' ability to map deprived areas in other cities, assessing their transferability and 
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which deprived types can be easily mapped across cities. Results indicate that deprived 

areas have heterogeneous local characteristics that affect large area mapping, and the top 

features for each city show that models are sensitive to the spatial structures of deprived 

area types. Model trained in one city is able to predict deprived areas in other cities with 

an F1 score over 65%. The generalized model proves to be more beneficial for modeling 

multiple cities. This approach offers a promising solution for accurately mapping deprived 

areas globally, supporting stakeholders to plan geo-targeted interventions and monitor 

changes. 
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1. Chapter 1: Introduction 

1.1. Background  

Globally, urban areas are facing a set of interconnected challenges including rapid 

urbanization, localized impact of climate change, and unsustainable economic 

development (United Nations, 2020). These challenges are leading to new sociopolitical 

conflicts in urban spaces and resulting in unprecedented growth of deprived areas or slum-

like communities in many Low- and Middle-Income Countries (LMICs).  Deprived areas 

are characterized by poverty and substandard living conditions, prone to disaster, often 

arising from unplanned urbanization and lack of physical and social assets (Abascal et al., 

2022).. However, most cities in LMICs have limited capacity to address the risks associated 

with climate change and urbanization, leading to increasing socioeconomic disparities and 

vulnerability for a large number of people (Dodman et al., 2018). 

Spatial data required for effective planning and management are often outdated, 

not available and/or are collected in silos by various actors (Thomson, Kuffer, et al., 2020). 

High-resolution maps and granular statistics on deprived areas are needed to empower and 

enable policy makers to deliver improved programs and services for the most vulnerable 

segment of society. These informational requirements are essential for the United Nations, 

International Organizations, local governments, and Non-Governmental Organizations 

(NGOs) to successfully conduct programs and proposed geotarget interventions to local 

communities. They need comprehensive assessment of the current and future situation of 

the vulnerable population for accurate planning and management. This can help aid 

organizations and government agencies prioritize resources and respond more effectively. 
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However, most cities in LMICs do not have reliable spatial data and granular statistics 

(Weeks et al., 2012). 

The United Nations Sustainable Development Goals recommend that development 

initiatives be targeted at specific locations and other relevant dimensions. To do this, high-

resolution maps and detailed statistics are needed. However, obtaining such information 

can be difficult and time-consuming, particularly for LMICs that have limited resources. 

Information on deprived areas, such as their location, population, living conditions, and 

environmental quality, is necessary to plan appropriate interventions to alleviate poverty. 

In many resource-constrained countries, however, such spatial data is limited. Traditional 

methods of measuring deprived areas rely on census or household surveys, which are 

prohibitively expensive and are rarely conducted in many LMICs (Burke et al., 2021). 

These surveys can cost hundreds of thousands of dollars and are less frequently collected 

(at most every five years, generally every ten years), making them limited in their spatial 

and temporal coverage in most LMICs.  

The emergence of digital technology and big data has led to a significant shift in 

the way data is sourced for development purposes. Big data sources such as remote sensing 

(RS) data (Hersh et al., 2021; Jean et al., 2016), mobile phone metadata (Blumenstock et 

al., 2015) and social media (Ledesma et al., 2020) are becoming more prevalent. RS data 

has proven useful in providing consistent, scalable, and timely spatial information on 

deprived areas. Earth Observation Scientists have successfully used RS to identify deprived 

areas based on the physical characteristics of the urban environment and have achieved 

promising results (Kuffer, Pfeffer, & Sliuzas, 2016; Lilford et al., 2019). Deprived areas 

are distinguishable by their unique physical features, such as high building density, 
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irregular street patterns, small building sizes, and irregular building orientation, which are 

different from non-deprived areas (Sandborn & Engstrom, 2016; Wurm & Taubenbºck, 

2018). 

RS is considered a potential supplement to census or household data, providing 

high resolution maps that are timely, consistent and scalable. Private companies such as 

Planet and Maxar as well as government agencies such as the European Space Agency, 

now provide global coverage. Planetlabs provides relatively high spatial resolution 

imagery on a daily basis (approximately 3m spatial resolution). Additionally, researchers 

and organizations such as Google, Microsoft and Meta have developed various approaches 

and techniques for processing RS data, in particular identifying buildings. Popular 

approaches include object-based image analysis (Hofmann & Bekkarnayeva, 2017), 

texture analysis (Kuffer, Pfeffer, Sliuzas, et al., 2016), contextual features (Chao et al., 

2021, Hersh et al., 2021), machine learning (Duque et al., 2017) and deep learning (Jean et 

al., 2016). 

1.2. Literature review - Deprived area  

During the study, it was difficult to determine the most appropriate terminology to 

use to consistently map deprived areas. The choice of terminology depends on the focus, 

discipline and context. Commonly used terms include slum, informal settlement, and 

precarious settlement (Kuffer, Pfeffer, & Sliuzas, 2016). Slums focus on poor living 

conditions; informal settlement relates to aspect of land tenure and precarious settlement 

relates to environmental risk conditions.  All these terms focus on specific aspects of urban 

deprivation. The term slum or informal settlement gives a negative connotation leading to 

stigmatization and evictions (Kuffer et al., 2018).  
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There is no operational definition due to the fuzziness of terminology. UN-habitat 

defines slums as any household which lacks any one of the following indicators - better-

quality water, improved sanitation, sufficient living area, durable housing, and secure land 

tenure (UN-Habitat, 2010). A drawback of the definition is the failure to capture equally 

important area-based risk such as floods, crime, lack of infrastructure and amenities 

associated with a neighborhood (Engstrom et al., 2013). Area-based definitions focus on 

the morphological features such as housing density, lack of infrastructure and 

environmental risk at a neighborhood level.  

This thesis adopts the deprived area definition by Thomson and colleagues based 

on an area-based mapping approach (Thomson, Kuffer, et al., 2020). We define deprived 

areas as an urban space that lacks physical and social assets, often unplanned urbanization, 

is prone to disaster, and is characterized by poverty and substandard living conditions. The 

term integrates both physical and social aspects of deprivation and ensures consistency and 

comparison across cities. The term deprived areas and slums are used interchangeably 

throughout the thesis.  

1.3. The research gap 

Large-area deprived mapping is a challenging task. It is both a social and technical 

task that involves conceptualizing deprived areas, collecting relevant data, analyzing the 

data, and consulting with stakeholders. This thesis explores the scope of mapping spatial 

patterns of deprived areas using freely available geospatial data and Sentinel-2 images over 

large areas and across cities. The research builds on existing works that use earth 

observation and socio-economic indicators to identify and characterized deprived areas 
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(Kuffer et al., 2020; Kuffer, Pfeffer, & Sliuzas, 2016; Mahabir et al., 2016b; Merodio et al., 

2021).  

During the time of this research, only a few researchers have mapped deprived 

areas at a large spatial area. Most publications were proof-of-concept studies mainly 

focusing on small areas rather than addressing global information needs (Kuffer et al., 

2021). Researchers have concluded that the morphological characteristics of deprived are 

not homogeneous but rather a complex globally (Kraff et al., 2020; Taubenbºck et al., 

2018).  A 15-year review of EO methods by Kuffer and colleagues concluded that there is 

no operational contextual knowledge of deprived areas across the globe (Kuffer, Pfeffer, & 

Sliuzas, 2016). Additionally,  Wang et al. (2023) analyzed the urban morphology of 

citywide Nairobi and concluded that there is intra-urban diversity of deprived areas in a 

single city. These knowledge gaps limit existing approaches for large area mapping. Based 

on this, the first broad research question was ï what are the morphological characteristics 

of deprived areas both within a single city and across cities?  In this phase of the research, 

we explored and characterized deprived areas using a visual image interpretation approach 

taking advantage of expert knowledge, Google Earth Satellite imagery and Google 

Streetview images.  

In the second phase, we focused on scalable and transferable methods. In order to 

produce geoinformation on deprived areas that is cost-efficient and scalable, the study 

departed from the high cost, commercial images and focused on freely available geospatial 

data. Most previous studies rely on Very High Resolution (VHR) imagery (30-50cm spatial 

resolution). Although they promise high accuracy, they are not suitable for large area 

mapping due to monetary and data computational costs. Furthermore, a recent study has 
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revealed that VHR can reduce classification accuracy due to excessive object-level 

complexities at the settlement level (Wang, Kuffer, & Pfeffer, 2019). Therefore, this study 

focuses on using low-cost solutions including free open-source geospatial tools (e.g., 

python, QGIS, Jupyter notebook, Google Earth Engine) and a computationally feasible 

approach. This allows for the ability to scale outcomes for regional, national, and global 

levels. Consequently, freely available Sentinel-2 (10 meter spatial resolution) images from 

European Space Agency (ESA) are explored. These data provide global coverage every 5 

days, and a single scene covers a large area (290km Field of View). With the advent of 

Google Earth Engine, it is possible to create cloud free mosaics covering large areas. 

Moreover, free open-source geospatial data including demographic data, socioeconomic 

and environmental variables are available, and these data were also examined. 

Regarding the transferability of models, existing approaches often work in one 

geographic location and fail in other areas. Transferable method refers to the capability of 

a method to provide generic functionality to map deprived areas with limited adaptation 

when applied to different geographic contexts (Kohli et al., 2013). In addition to deprived 

areasô unique morphology, their appearance can vary between sensors and across space. 

These complexities and ambiguities in deprived areas make features models optimized for 

one location underperform in other locations. Based on this, the additional broad research 

questions were - to what extent can the diversity of deprived areas be mapped in a single 

city and across cities? Are models from one city able to transfer to other cities? and can 

generalized model for all cities be created? If so, how well does this work? In this phase, 

we explored low-cost methods that allow for scalable and transferable mapping using 

freely available Sentienl-2 and open geospatial data.  
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1.4. Research objectives  

The main objective of this thesis is to develop and assess scalable and transferable 

methods for mapping deprived areas across multiple cities and large areas, utilizing 

machine learning models applied on freely available geospatial and Sentinel-2 data. The 

proposed semi-automated processing chain was developed using open-source tools, 

allowing for replication by other researchers and reproducibility of results. 

To achieve this objective, the following sub-objectives have been defined: 

1. Analyze the spatial morphology of deprived areas within a single city and 

across cities. 

To build scalable and transferable methods, a detailed understanding of 

morphology of deprived areas is required. This sub-objective addresses this gap by 

characterizing the intra- and inter-urban diversity of deprived areas.  

2. Assess the ability of Sentinel-2 to map deprived areas over large areas. 

Traditionally, image classification has relied on spectral information. In this sub-

objective, we diverge from spectral based information due to its limitation in identifying 

spatial patterns. We utilize contextual or texture features to be able to map across cities at 

a large scale. Contextual features can identify spatial patterns in urban environments in 

addition to the spectral patterns.  

 

3. Assess the ability of geospatial data to map deprived areas over large 

spatial area. 
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Remote sensing tends to ignore equally important socioeconomic indicators that 

are relevant for several stakeholders. In this sub-objective, the research focused on open 

geospatial data such as population to identify and characterize deprived areas. A 

systematic approach to collect and process diverse geospatial data was developed to 

capture the socioeconomic dimension of deprived areas.  

4. Assess the ability of a combination of Sentinel-2 and geospatial data to map 

deprived areas over large areas. 

Deprived area mapping is a sociotechnical task. This sub-objective combines both 

the EO data and socioeconomic data to take advantage of their strength and minimize 

confusion. 

1.5. Case studies  

The research was conducted in three cities in Sub-Saharan Africa: Accra, Ghana, 

Lagos, Nigeria and Nairobi, Kenya (Figure 1.1). These cities were selected because they 

have large populations living in deprived conditions and they have unique characteristics 

that are visible through satellite imagery. They have experienced rapid urban growth in 

recent years, resulting in complex and diverse urban fabrics that present unique challenges 

for modeling (Figure 1.2). Accra and Lagos are coastal cities, while Nairobi is landlocked. 

The selected cities are part of the IDEAMAP project, which has strong connections with 

local groups and provides access to local knowledge and most importantly, reference data. 

Lastly, all three cities have a wide array of available, open-source geospatial data.  

To capture the intra-urban diversity of deprived areas in each city and test the 

scalability of methods, the study uses a region of interest (ROI) that covers both the core 
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city and peri-urban areas. The ROI goes beyond the administrative units and is defined 

using three global datasets: the Global Human Settlement Urban Centers layer, WorldPop 

Urban Building Footprints, and GADM Global Administrative database. We union the 

Global Human Settlement Urban Centers and WorldPop Urban Building Footprints layers, 

then merge the GADM administrative boundary if it is at least 25% covered by the 

identified built area. Finally, a 1 km buffer is added if the urban population is more than 

500k or a 0.5km buffer is added if the urban population is less than 500k. The study location 

and the ROI used for the study are shown in. Details of the algorithm steps used to define 

the urban extent are described in Thomson et al. (2021). The choice of ROI allows for a 

comprehensive analysis of the urban fabric and the diverse intra-urban landscape of 

deprived areas.  
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Figure  1.1 Study area consisting of three Sub-Saharan cities - 1) Accra, Ghana, 2) Lagos, Nigeria 

and 3) Nairobi, Kenya 
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Figure 1.2 Diversity of deprived areas both intra and across cities 

 

1.5.1. Accra 

Accra is a coastal city in West Africa and the capital of Ghana. It is the economic 

hub and the most densely populated city in Ghana, with a population of approximately 4 

million people living in an area of 1500 square kilometers in 2010 (GSS, 2012). Rapid and 

unplanned urbanization has led to a housing deficit and inadequate infrastructure, resulting 

in the emergence of slum areas in the city. Approximately 34% of residents in the core city, 

which covers an area of 173.2 square kilometers, live in deprived living conditions (AMA 

& Habitat, 2011). Deprived areas are commonly referred to as slums. Examples of known 

slums in Accra are Old Fadama. Jamestown, Agbogbloshie and Nima. In recent years, 

Accra has expanded to include peri-urban areas such as Tema-industrial area, Ashaiman, 
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Dome, Kasoa, Nasawan, Berekuso, and Aburi. Therefore, we chose an ROI of 2561 square 

kilometers that covers both the core city and peri-urban areas.  

1.5.2. Lagos  

Lagos is a port city located on the coast of West Africa. The city is a wetland area 

with 22% of the land areas covered by water. In 2014, it was estimated that two-thirds of 

the city's residents live below the poverty line of US$1 per day, and over 70% live in 

deprived conditions (Badmos et al., 2018). Deprived areas in Lagos are often referred to as 

squatters, which are temporary dwellings inhabited by migrants, and slums, which are old 

residential areas that are overcrowded but not dilapidated. Examples of known slums in 

Lagos include Makoko, Agege, and Ajegunle. The main causes of poverty in Lagos include 

inadequate economic growth, lack of infrastructure, and social services. We chose a ROI 

of 5638 square kilometers, which is larger than the main Lagos state administrative areas 

covering 3,345 square kilometers. This allows for testing our ability to identify both the 

core and peri-urban deprived areas.  

1.5.3. Nairobi  

Nairobi, situated in Eastern Africa, is the capital of Kenya. It was initially 

established as a colonial railway settlement. Nairobi has numerous informal settlements, 

with Kibera being one of the most prominent slums in the city. Local authorities commonly 

refer to these deprived areas as informal settlements and slums. Approximately 60% of the 

city's residents live in deprived living conditions. These settlements are characterized by 

overcrowding, inadequate sanitation facilities, and limited access to basic services such as 

healthcare, education, and clean water. The chosen ROI of 2006 square kilometers goes 

beyond the administrative area covering 695 square kilometers. This will allow for a 
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comprehensive analysis of the urban fabric and the diverse intra-urban landscape of 

Nairobi's deprived areas.  

1.6. Methodological preferences  

The thesis does not contain a specific chapter dedicated to the overall 

methodology, but each individual chapter provides comprehensive details on the methods 

that were used. Chapter 2 starts with visual interpretation of the morphological 

characteristics of deprived areas in multiple cities for large areas. This allowed us to 

categorize deprived areas into types used for assessing the scalability of methods. Chapter 

3 uses contextual features extracted from Sentinel-2 to map deprived areas. Chapter 4 uses 

open-source geospatial data from various sources to map deprived areas. Chapter 5 builds 

on chapter 3 and 4 by combining both datasets. The idea was to take advantage and 

determine the strength of each data set while examining the limitations. A multistep 

modeling approach was used in Chapter 2, 3 and 4. We carried out individual city modeling, 

city to city modeling and finally a generalized model. We assessed the contribution of 

features and ranked them in order of importance.   

1.7. Outline of thesis 

Chapter 1: Outlines the scope of the thesis. It describes background, the identified research 

gap, specifies the objectives to be addressed, and the case study area. 

Chapter 2: Explores image visual interpretation to characterize deprived areas in multiple 

cities over large areas.  

Chapter 3: Assess the scalability and transferability of deprived area mapping using 

contextual features extracted from Sentinel-2 images. The chapter explores the ability of 
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machine learning classifiers to map deprived areas for large areas and analyzes feature 

importance.  

Chapter 4: This chapter explores the use of socio-economic and environmental geo spatial 

features to map deprived areas.  

Chapter 5: This chapter explores modeling urban deprivation by combining contextual 

features and geospatial data using machine learning.  

Chapter 6: Draws conclusions of the research per each objective and reflects on the main 

contributions and future research directions.  
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2. Chapter 2: Spatial Morphology Of Deprived Areas 

2.1. Introduction  

Unplanned urbanization and the impact of climate change have led to the 

proliferation of deprived areas in most Low-and Middle-Income Countries (United 

Nations, 2020a). These deprived areas have emerged due to insufficient economic growth 

and slow infrastructure development by local authorities in response to rapid urbanization. 

Geospatial data required for effective planning and management is often outdated, 

unavailable, and collected in a silo by various stakeholders (Kuffer et al., 2021; Thomson, 

Kuffer, et al., 2020). Therefore, identifying the location and diversity of deprived areas to 

enable stakeholders to make informed decisions has been limited. 

Deprived areas are a significant component of urban landscapes as they provide 

low-cost housing and a source of cheap labor for the economy (Badmos et al., 2018). In 

Nigeria, for instance, more than 70% of residents live in deprived areas (JEI, 2021). These 

areas exhibit distinct spatial patterns influenced by various factors such as geography, 

social, economic, and political mechanisms. To develop a comprehensive program that can 

enhance the living conditions of deprived area residents, it is necessary to address questions 

such as 'where,' 'what,' and 'when' (Kuffer, Pfeffer, & Sliuzas, 2016). Essentially, 'where' 

refers to their location, 'what' refers to their characteristics, and 'when' pertains to changes 

that occur over time. 

One way of providing information on deprived areas is the use of Earth 

observation (EO) data. EO Scientists have developed various methods to map and 

characterized deprived areas, including visual interpretation, textual analysis, landscape 

analysis, semi-automated machine learning, and deep learning (Kuffer, Pfeffer, & Sliuzas, 
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2016; Mahabir, Croitoru, et al., 2018). EO data can provide localized spatial information 

either directly or image-based proxies to support local policy and geotarget interventions. 

However, a 15-year review of EO methods concluded that there is no operational 

contextual knowledge on the morphology of deprived areas globally (Kuffer, Pfeffer, & 

Sliuzas, 2016). Recent studies have shown that the characteristics of deprived areas are not 

homogenous but rather complex globally and even in a single city (Kraff et al., 2020; 

Taubenbºck et al., 2018; Wang et al., 2023).  Consequently, a detailed understanding of 

both the inter- and intra-urban diversity of deprived areas is needed to be able to develop 

scalable and transferable methods.   

Unfortunately, only a limited number of studies have investigated the morphology 

of deprived areas. Morphology refers to the physical layout and structure of a 

neighborhood, including aspects such as its shape, size, distribution, arrangement, and 

orientation. Taubenbºck et al., (2018) analyzed the morphology of deprived areas in 

various cities around the world, while Wang et al. (2023) focused on a single city. Both 

studies discovered that the morphology of deprived areas is intricate. They used building 

footprints to determine the characteristics of deprived areas, but this method only provides 

an aerial view and overlooks crucial ground-level information that is necessary to 

comprehend the complexity of deprived areas (Baud et al., 2010). Ground-level data such 

as building materials, building height, and drainage elements can provide additional 

information that is critical for resilient planning and priority intervention. Although this 

information is typically gathered from field surveys, the availability and increasing 

coverage of Google Street View images enables large-scale application. Street View images 

are ground-level photographs of an area captured by vehicles using 360-degree cameras. 
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In this study, we examine the diversity of deprived areas at both intra- and inter-

urban levels by analyzing their physical appearance as observed through satellite images, 

as well as ground-level information obtained from Google Street View images. A 

standardized protocol for defining deprived areas was developed to ensure consistency and 

impartial characterization. Using a visual image interpretation approach, we were able to 

identify and characterize these areas in an objective manner. 

2.2. Methodology  

2.2.1. Morphological features  

Understanding the urban fabric of deprived areas is an important step for 

developing a scalable and transferable approach. Despite its importance, only a few studies 

have been conducted on deprived areas morphology. One approach used by Sliuzas and 

colleagues was to categorize deprived areas based on their developmental stage, including 

infancy, consolidation, and matured stages (Sliuzas et al., 2008). However, this approach 

is challenging to apply globally due to the lack of historical information in many cities. 

Other researchers have used the morphology of deprived areas as seen in images. Graesser 

et al. (2012) used the density, building size, and settlement pattern to distinguish deprived 

areas from non-deprived areas. Taubenbºck et al. (2018) included building orientation, 

height, and heterogeneity of the patterns. Kohli et al. (2019) using Object-Based Image 

Analysis (OBIA) added building type, access network, density, settlement type, location, 

and neighborhood risk. However, this method only provides an aerial view and overlooks 

crucial ground-level information that is necessary to comprehend the complexity of 

deprived areas (Baud et al., 2010). For instance, upgraded deprived areas might appear 

deprived in imagery due to the physical appearance but not from ground information. 
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Ground-level data such as building materials, building height, and drainage elements can 

provide additional information that is critical for resilient planning and priority 

intervention. Although this information is typically gathered from field surveys, the 

availability and increasing coverage of Google Street View images enable large-area 

applications. 

With consultation from slum experts and a thorough literature review, an 

ontological framework was developed to ensure standardized protocol. Deprived 

characteristics were grouped into three broad categories, as outlined in Table 2.1. The 

characteristics considered both the settlement and individual building level features, which 

were observable through Google Street View and imagery. Building-specific 

characteristics included roof, building materials, building height and size. We also 

considered building types, such as detached, semi-detached, and multi-family homes. 

Access network characteristics focused on the types of networks available in the 

neighborhood, as well as their width and condition. Lastly, location-based characteristics, 

including neighborhood opportunities such as proximity to markets, industries, railways, 

and environmental risks, such as swamp and wetland areas. The protocols allow for 

consistent and unbiased inter and intra-urban characterization.  
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Table 2.1 Ontological framework  

Group Characteristics 

Building and Settlement ¶ Floor, Roof and building material. 

¶ Roof color 

¶ Building height 

¶ Size 

¶ arrangement and orientation 

¶ Building type 

¶ Percent of vegetation 

 

Access Network ¶ Type of network present 

¶ Paved or unpaved 

¶ Width 

Location-based characteristics ¶ Location characteristics such as closeness to waterbodies, 

swamp, wetlands, major roads, railways, industries, waste 

 

2.2.2. Visual image interpretation  

There are several methods for characterizing deprived areas including visual 

image interpretation, Object-Based Image Analysis (OBIA) and deep learning (Kohli et al., 

2019; Kraff et al., 2020; Wang et al., 2023). Visual image interpretation uses clues such as 

tone, texture, shape, pattern, and relationship to other objects to classify areas. While this 

can be accurate, it is labor intensive and hence difficult to scale. OBIA can extract object 

level information. However, obtaining good segmentation is complicated and rulesets 

cannot be easily transferred to other geographic areas (Kohli et al., 2013). Machine and 

deep learning can be scalable but often need good training data which is currently not 

available at the scales needed to map deprived areas. Recent advances in image processing 

have led to open geospatial data such as the buildings dataset from Google and Meta which 

can be used for urban morphology analysis (Taubenbºck et al., 2018; Wang et al., 2023). 

However, due to the complexities of deprived areas, these data sets can have high errors in 
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deprived areas. Figure 2.1 shows snippet of deprived areas in Lagos, Nigeria from the 

Google open building dataset. Examples such as this indicate that these data sets have 

errors in deprived areas and do not give a complete picture building within these areas.  

Figure 2.1 Example of Google Building footprint in Lagos, Nigeria (screenshot in February 2023). 

(Source: Google Open Building (Sirko et al., 2021)) 

 
Despite being a labor-intensive approach, visual image interpretation was used in 

characterizing deprived areas. It allows the inclusion of the cognitive perception of experts 

and the integration of local contextual knowledge, which is often missing in more advanced 

methods that rely solely on EO data. To implement this approach, slum experts utilized 

Google Earth Imagery and Google Street View images and an adopted ontological 

framework to ensure a standardized protocol. The study took advantage of the wide 

coverage of Google Street view images available on Google Earth platform, which 

included the three case study areas shown in Figure 2.2.  
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Figure 2.2 Coverage of Google Streetview of the study cities ( screenshot on February 2023) 

 

2.3. Results  

The result shows that deprived areas tend to be heterogeneous and have high inter 

and intra-urban diversity, as shown in Figures 2.3, 2.4 and 2.5. Based on the literature and 

visual image interpretation by slum experts, five broad deprived area types were identified. 

Table 2.2 gives the types and their description. While some deprived types will be easy to 

map using EO data only, others will require socioeconomic data. Structured large 

appearance like non-deprived areas, making it difficult to detect using EO data.   
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Table 2.2 Deprived area types 

Type Description  

Unstructured Large  Irregular and haphazard development with large roofs. Usually poor iron 

sheet, multi-family house type. Concrete wall material  

Structured Large  Organized development with a large roof. Usually poor iron sheet, multi-

family house type. Concrete material  

Unstructured small  Irregular and haphazard development with a small roof. Usually, poor iron 

sheets that cover detached houses. Iron sheet and wood material  

Unstructured mix Irregular and haphazard development with a mix of large and small. Usually, 

mix of multi-family, detached and semi-detached house types. Mix of 

concrete, iron sheet and wood material  

Pocket slum  Irregular and haphazard development with very small types. Often temporal 

in nature. Iron sheet and wood material.   
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Figure 2.3 Accra deprived area types. Left is Google Satellite Image, and right is imagery captured 

by Google Street View (February 2023). 
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Figure 2.4  Lagos deprived area types. Left is Google Satellite Image, and right is imagery captured 

by Google Street View (February 2023). 
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Figure 2.5 Nairobi deprived area types. Left is Google Satellite Image, and right is imagery 

captured by Google Street View (February 2023). 
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¶ Structured large: Deprived areas with planned settlement patterns. From above, 

these areas appear to be non-deprived areas, as their settlement spatial patterns are 

similar. These areas are likely to be missed by EO-based methods because their spatial 

and spectral patterns are similar. Typically, these areas are considered deprived as they 

lack basic needs and may face multiple deprivation problems such as poor water and 

sanitation, flooding, and no electricity. These types of areas may not be recognized by 

city authorities as these areas appear to be well structured. 

¶ Unstructured large types: These areas could be slums, informal settlements or in 

some cases, old towns that existed before city planning started. They are usually multi-

family houses with concrete building materials. They tend to have poor iron sheet 

roofs, and some level of social amenities such as electricity, water. They tend to be 

slightly difficult to be detected by EO methods.  

¶ Unstructured small: This is what is often described as typical slum neighborhoods. 

They have small roofs made of poor iron sheets, and detached houses with wood and 

iron sheet material. The spatial pattern is mixed and tends to have significant 

morphological differences from non-deprived areas. These types of areas are generally 

easier to detect by EO-based methods.  

¶ Unstructured mix:  These are irregular in shape with a haphazard mix of large and 

small roofs. These can be detected using EO methods, but not as well as the 

unstructured small, because these areas can look similar to industrial areas.  

¶ Pocket slum: These are small slum areas that are often only there for a short period 

of time. The short time of these areas is due to them often being evicted as they are 
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small and may be found in higher income neighborhoods or industrial areas. They are 

easy to detect by EO but require very high- spatial resolution imagery.  

Taken together, this suggests that the scalable and transferable methods for deprived 

area mapping need to integrate these dynamics to perform well.   

2.4. Conclusion  

The study provides details on the diversity of deprived areas in urban fabric by 

analyzing their physical appearance through satellite and Google Street View images. By 

developing a standardized protocol, the study was able to identify and characterize these 

areas in an objective manner, revealing that deprived areas tend to be heterogeneous and 

have high inter and intra-urban diversity. The identification of five broad types of deprived 

areas provides a valuable framework for further research and developing scalable and 

transferable methods. It can also help in policy interventions aimed at addressing the 

complex issues faced by these communities. The study also highlights the limitations of 

EO-based methods in identifying certain types of deprived areas, emphasizing the need for 

scalable and transferable methods that integrate multiple data sources and dynamics to 

effectively address urban poverty. Overall, this study provides important insights into the 

complex nature of deprived areas and the need for innovative approaches to address the 

challenges faced by these communities.  
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3. Chapter 3: Contextual Features and Machine Learning 

3.1. Introduction  

More than half of all urban residents in Sub-Saharan Africa live in deprived areas 

(Nations United, 2018). Additionally, the COVID-19 pandemic has further impacted 

poverty and inequalities across Africa (United Nations, 2020a). Deprived areas are broadly 

defined as urban spaces that lack physical and social assets, often unplanned urbanization, 

are prone to disaster, and are characterized by poverty and substandard living conditions 

(Abascal et al., 2021; Thomson, Kuffer, et al., 2020). Many countries in Sub-Saharan 

Africa have limited capacity to deal with urbanization problems and climate change risk, 

leading to increasing socioeconomic disparities and vulnerability of the poor segment of 

the population (United Nations, 2020a).  

To empower and enable development practitioners to deliver improved programs 

and services for the most vulnerable segment of the population, high-resolution maps and 

granular statistics on deprived areas are required (Asian Development Bank, 2020). These 

informational requirements are important for the United Nations, International 

Organizations, local governments, and Non-Governmental Organization (NGOs) to 

successfully conduct programs to support the poor segment of the population. They need a 

comprehensive assessment of the location and growth of vulnerable populations for 

accurate planning and management. However, most cities in Sub-Saharan Africa do not 

have reliable and timely spatial data and high-resolution maps on urban poverty.  

Monitoring and tracking the progress of poverty alleviation programs is not easy. 

Traditional methods of deprived area estimates rely on census and/or household surveys 

that are cost-prohibitive and rarely conducted in many LMICs (Burke et al., 2021). These 
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surveys cost hundreds of thousands of dollars and are less frequently collected (at most 

every five years), and censuses are even more expensive and less often. Consequently, 

surveys tend to be limited both spatially and temporally, while censuses can be quickly out 

of date in most LMICs (Georganos et al., 2022). 

Innovation in remote sensing (RS) presents a new paradigm of sourcing data for 

development purposes. RS data can provide rich insight into various development topics 

(Burke et al., 2021). They provide high spatial resolution data and high temporal 

granularity. They are less costly compared to conventional survey methods. Several 

researchers have used RS to identify deprived areas based on morphological characteristics 

of the urban environment and achieved promising results (Kuffer, Pfeffer, & Sliuzas, 2016; 

Lilford et al., 2019; Mahabir, Croitoru, et al., 2018). Morphological characteristics, 

including building density, irregular streets pattern, small building sizes, vegetation index, 

roof material, and irregular orientation which can be are extracted to map deprived areas 

(Azar et al., 2013; Sandborn & Engstrom, 2016; Wurm & Taubenbºck, 2018). 

Despite widely studied RS-based deprived area mapping, there is no established, 

universally applicable approach to date (Thomson, Kuffer, et al., 2020). Traditional pixel-

based classification approaches are not suitable for deprived area mapping due to the high 

spectral diversity and complex morphology of deprived areas. Object-based image analysis 

(OBIA) has received much attention in the last 20 years. However, rule-based OBIA has 

low transferability of rules and indicators from one geographic location to another (Kohli 

et al., 2013). Moreover, OBIA performs well on Very High Spatial Resolution Images. 

However, it is not suitable for large area mapping due to cost (Grippa et al., 2017). 

Contextual or textual features have the potential to capture the morphological variability 
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of urban environments as they can identify both spectral and spatial patterns in an urban 

environment (Chao et al., 2021). Researchers have explored various contextual features 

such as grey-level co-occurrence matrix (Kuffer, Pfeffer, Sliuzas, et al., 2016), and line 

support regions to extract spatial patterns within cities (Graesser et al., 2012). Other 

approaches, such as deep learning models, have performed well, but they are unstructured 

and abstract (black box), making them difficult to be implemented and understood by 

policymakers and often requires more training data which is often lacking (Ma et al., 2019). 

In this study, we focused on contextual features for deprived area mapping. 

Contextual features analysis is the use of mathematical techniques to exploit spatial 

variability of intensity values (Ramola et al., 2020). They are derived information related 

to the spatial patterns, orientation, structure, and irregularity from neighboring pixels 

(Graesser et al., 2012; Matarira et al., 2022). They represent the statistical quantification of 

different levels of image features such as low-level edge patterns, pixel groups, gaps, which 

form high-level image textures, and the raw spectral signatures calculated over groups of 

pixels or neighborhoods (Chao et al., 2021; Engstrom et al., 2011, 2015, 2022; Engstrom, 

Newhouse, et al., 2019; Hersh et al., 2021; Sandborn & Engstrom, 2016).  

Figure 3.1 shows examples of contextual features extracted from Sentinel-2. These 

features have been used to map deprived areas, poverty, and other features, but primarily 

on VHR data and only over small areas (Duque et al., 2015; Engstrom et al., 2015; 

Engstrom, Newhouse, et al., 2017; Kit et al., 2012; Matarira et al., 2022). However, a recent 

study has indicated that using these features as inputs, we can map variations in building, 

road, and population characteristics using machine learning models in a wide array of 

countries from Latin America, South Asia, and Africa using Sentinel 2 data (Chao et al., 
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2021). Although contextual features perform well in mapping deprived areas, only a few 

study areas have explored their performance on large area mapping. Therefore, their use 

remains uncertain regarding their scalability, ability to map over large areas, and 

transferability for universal application.  

Figure 3.1 Examples of contextual features extracted from Sentinel-2.  

 
 

Approaches for large-area applications of mapping deprived areas remain 

uncertain. A 15-year review of EO methods concluded that there is no operational 

contextual knowledge on the morphology of deprived areas globally (Kuffer, Pfeffer, & 

Sliuzas, 2016). Recent studies have shown that the characteristics of deprived areas are not 

homogenous but rather complex globally and even within a single city (Kraff et al., 2020; 

Taubenbºck et al., 2018; Wang et al., 2023). For example, Leonita and colleagues revealed 

a failure to map slums in a large area mapping in Bandung, Indonesia (Leonita et al., 2018). 

Owusu et al. (2021) uncovered that slums have intra-urban variations within a single city, 

affecting model performance when not conceptualized and integrated well. Similar results 
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were pointed out by Ajami and colleagues, who showed that there is high socioeconomic 

variation in deprived areas using Very High Resolution (VHR) imagery (Ajami et al., 

2019). Therefore, a detailed understanding of both the inter and intra-urban diversity of 

deprived areas is needed to be able to develop scalable methods. 

Existing methods have often only been tested and developed for one geographic 

location, and there is limited information on how these methods work in other locations. 

In order to map deprived areas on multiple cities to potentially global scales, the models 

need to be transferable. Transferability means the capability of a method to provide generic 

functionality to map deprived areas in different geographic contexts (Kohli et al., 2013; 

Stark & Wurm, 2020). Since most previous approaches were designed to extract useful 

rulesets to differentiate between deprived and non-deprived areas in one location, 

transferability has yet to be tested (Mahabir, Croitoru, et al., 2018). One of the major 

hurdles when mapping deprived areas is that they have highly dynamic characteristics 

globally and no universally agreed-upon definition. The morphological appearance varies 

across space and the spatial resolution of the imagery used to produce these maps. These 

complexities and ambiguities may make feature rulesets that are suitable for one location 

but they may underperform in other locations. Therefore, the transferability of methods 

needs to be tested to determine if global estimates of deprived areas can be created using 

imagery. 

A major reason for limited studies on scalability and transferability has been the 

cost of imagery. More than fifty percent of deprived area mapping uses VHR imagery (30-

50cm spatial resolution) (G·mez et al., 2021). VHR images are cost-prohibitive options 

for Researchers, NGOs, and Governments of LMICs. They are also not suitable for large-
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area applications due to data and computational costs. Additionally, Wang and colleagues 

observed that VHR reduces classification accuracy due to excessive object-level 

complexities at the settlement level (Wang, Kuffer, Roy, et al., 2019). However, the 

applicability of using freely available Sentinel-2 (10m resolution) images from the 

European Space Agency (ESA), which can be an alternative, is under-researched. Images 

of the globe can be obtained every 5 days. Sentinel-2 single scene covers a large area (290 

km field of view), making it suitable for scalable applications. Finally, with the advent of 

Google Earth Engine, cloud-free mosaics covering large areas can be created for any area 

on the globe (Gorelick et al., 2017). 

This paper examines how contextual features extracted from Sentinel-2 can be 

used to map deprived areas over large areas for multiple cities. We first examine the diverse 

intra- and inter-urban landscape of deprived areas, allowing us to categorize deprived areas 

for evaluating the modelôs performance in large areas. Setup scalable machine learning 

models that integrated these deprived types. We evaluated model performance for 

individual cities, using a model trained in one city to transfer learning features to other 

cities, and a generalized model where we combine training data from all the cities. Our 

proposed approach has the goal of mapping deprived areas across cities and countries in a 

consistent manner. This allows for routine, feasible, and low-cost production of deprived 

area maps for LMICs. We specifically address the following questions: 

¶ To what extent can the diversity of deprived areas be mapped in a single city and 

across cities using contextual features extracted from Sentinel-2 and machine 

learning? 

¶ Are models from one city able to transfer to other cities? 
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¶ Can a generalized model for all cities be created? If so, how well does this work?  

3.2. Materials and methods  

The road map of the methodology used is depicted in Figure 3.2. It starts with 

preprocessing of raw images, contextual feature extraction and aggregation. Followed by 

model development, and production of high-resolution deprived area maps. Finally, the 

important features are analyzed to determine what is needed for scalable and transferable 

methods.  

Figure 3.2  Road map of methodology  

 

3.2.1. Imagery collection and processing  

This study extracted four bands from Sentinel-2 surface reflectance data: Blue, 

Green, Red, and Near Infrared (NIR) at 10m spatial resolution for each of the three study 

areas. These data were pre-processed, including radiometric and atmospheric corrections 

to surface reflectance (Gascon et al., 2017). Cloud cover is a big issue in the study area 

cities. Therefore, we carried out cloud and cloud shadow processing in Google Earth 

Engine (GEE) with its efficient code editors and APIs (Gorelick et al., 2017).  



35 

 

Clouds and cloud shadowing were accounted for in a multi-step process in GEE. 

First, the cloud filter percentage for the start date was determined, which was the threshold 

for the maximum image cloud percent allowed for the collection. Then, the Sentinel-2 

cloud probability dataset was used to detect clouds using a probability threshold. Next, 

cloud shadows were detected by defining a cloud projection intersection with low 

reflectance of NIR pixels using a shadow threshold. Meaning any value less than the 

threshold is considered a potential cloud shadow. A buffer was then added to the clouds 

and cloud shadows to dilate the edges of cloud-identified objects. Lastly, we mask the 

clouds and cloud shadows and replace them with cloud-free pixels with a defined range of 

dates (end date). Table 3.1 presents the parameters used for each city to obtain cloud-free 

images with the date ranges selected because they provided the best updated cloud-free 

image at the time of the study.  

Table 3.1 Parameter for processing cloud-free Sentinel-2 images on Google Earth Engine 

Cities Start date End date Cloud 

filter 

(%) 

Cloud 

probability 

threshold (%) 

Cloud 

shadow 

threshold 

(%) 

Buffer 

(m) 

Accra 2021-11-14 2021-12-23 30 85 0.5 90 

Lagos 2021-12-20 2022-01-23 60 65 0.8 100 

Nairobi 2022-01-03 2022-01-14 60 50 0.15 50 

 

3.2.2. Contextual feature extraction  

Contextual features were calculated using an open-source python package SpFeas on 

the cloud-free Sentinel-2 mosaics. Eleven contextual features were calculated, including: 

Fourier Transform, Gabor, Histogram of Oriented Gradients (HOG), Lacunarity, Linear 

Binary Pattern Moments (LBPM), Line Support Regions (LSR), Mean, the Normalized 
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Difference Vegetation Index (NDVI), Oriented FAST and Rotated Brief (ORB), Pantex, 

and Structural Feature Sets (SFS) described in Table 3.2. Features are extracted by 

comparing central pixels with their neighbors (windows) and reporting the value back to 

the central pixel, in this study, the 10m scale 3.3a. Varying window sizes were used to 

calculate contextual features for neighborhoods of pixels (Chao et al., 2021; Engstrom, 

Newhouse, et al., 2017; Hersh et al., 2021). Window sizes of 3, 5, and 10 pixels were used, 

thus capturing the varying morphology of the area at 30m, 50m, and 70m scales. Because 

the eleven contextual features have a range of outputs, and the three different windows 

were investigated in this study, a total of 144 metrics were calculated and used for 

classification, as shown in Figure 3.3. This methodology is similar, and a more detailed 

explanation can be found in Chao et al. 2021 (Chao et al., 2021). The 10m spatial output 

of the contextual features was aggregated to 100m using the mean, standard deviation, and 

coefficient variation for each of the 144 metrics. This produced a total of 432 features for 

modeling. We acknowledge that information on deprived areas can be political, and any 

misuse can threaten poor communities (Kuffer et al., 2018). Therefore, the choice of 100m 

was due to the privacy and ethical reason to omit pocket slums which are at high risk of 

eviction (Owusu et al., 2021). 
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Table 3.2 Description of contextual features 

Name  Description  

Fourier transform  Detect low and high frequency in lines 

Gabor A linear local filter is used for edge detection.  

Histogram of Oriented Gradient (HOG) Describes the orientation and magnitude of shapes 

Lacunarity  Define holes and gaps in texture  

Local Binary Patterns Moments (LBPM) Define contiguous regions of pixel groups 

Line Support Regions 
 

Mean The mean brightness of each band, red, green, blue and 

NIR 

Normalized Difference Vegetation Index 

(NDVI) 

NDVI is an index that describes the difference 

between visible red and near-infrared reflectance of 

vegetation cover 

Oriented FAST and Rotated Brief (ORB) Select points for image matching  

Pantex Describes built-up presence index 

Structural Feature Sets (SFS) Extracts structural features of direction lines  

Source: (Hersh et al., 2021) 

Figure 3.3 Contextual feature. A) Multiple scale and block B) Metrics extracted 

 

3.2.3. Model Development  

3.2.3.1. Collection and preparation of training and testing sample data 

Reference data were obtained from several sources, including Slum Dwellers 

International, other publicly available data from researchers, and in situ field data 
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collection. Table 3.3 presents an overview of the reference deprived area data used for 

preparing the training dataset. The sources did not share a common way to describe 

deprived areas. The ambiguity in the definition of deprived areas is common and a major 

challenge in Earth Observation Community (Kuffer et al., 2018; Lilford et al., 2019; 

Mahabir, Croitoru, et al., 2018) and slum mapping in general. Therefore, these data were 

used as a guide to create training samples for modeling. We used the developed ontological 

framework to ensure consistency in sample labeling and to guarantee that data were 

comparable. Using these concepts by visual interpretation of Google satellite imagery and 

the reference data, we created training data based on the characteristics described in Table 

2.1. 

Table 3.3 Source of reference data  

City Country Source 

Nairobi  Kenya Slum Dweller International - Explore Our Data - Slum Dwellers 

International (sdinet.org) 

Ron Mahabir, Peggy Agouris, Anthony Stefanidis, Arie Croitoru, and 

Andrew T. Crooks dataset - GitHub - jkkersey/Nairobi-Mombasa-Mapping-

Data 

Frontier Development Lab - 

https://frontierdevelopmentlab.github.io/informal-settlements/   
Lagos  Nigeria IDEAMAPS Community Survey 

Slum Dweller International -  Explore Our Data - Slum Dwellers 

International (sdinet.org) 

Frontier Development Lab - 

https://frontierdevelopmentlab.github.io/informal-settlements/ 

Accra  Ghana IDEAMAPS Community Survey 

Slum Dweller International -  Explore Our Data - Slum Dwellers 

International (sdinet.org) 

 

Non-deprived area labels were extracted from OpenStreetMap and visual 

interpretation of Google satellite basemap. Non-deprived areas include vegetation, formal 

built-up, industrial, service, and commercial areas. In general, there was a class imbalance 

in the sample datasets, especially in Lagos, as shown in Figure 3.4.  

https://sdinet.org/explore-our-data/
https://sdinet.org/explore-our-data/
https://github.com/jkkersey/Nairobi-Mombasa-Mapping-Data
https://github.com/jkkersey/Nairobi-Mombasa-Mapping-Data
https://frontierdevelopmentlab.github.io/informal-settlements/
https://sdinet.org/explore-our-data/
https://sdinet.org/explore-our-data/
https://frontierdevelopmentlab.github.io/informal-settlements/
https://sdinet.org/explore-our-data/
https://sdinet.org/explore-our-data/
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Figure 3.4 Imbalance label distribution  

 

 

3.2.3.2. Modeling   

A multistep modeling approach was performed. First, models were trained in 

individual cities, and their performance was examined. This helps to assess our ability to 

map deprived areas over these large urban areas. Second, models trained in one city were 

then run and tested with data from another city. This helps to assess our ability to transfer 

models between cities. Third, training samples from all three cities were grouped and used 

for training and then evaluated in each city. This was done to assess our ability to develop 

a generalized model that could work for all cities.  

The sample data were split into 50:50 train/test using Group K-Fold. Group K-fold 

is a cross validation technique that takes into account the group passed as a parameter 

(Ojala & Garriga, 2010). While the data is split into training and test sets, the individual 

groups appear once in the train/test set across all folds, ensuring that the same group does 

not overlap in the train/test set. This prevents data leakage and ensures the model 

generalizes well on unseen data. For training the model, the training dataset was further 
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split into 80:20 for creating training and validation sets. Preprocessing and exploratory 

analysis were conducted prior to modeling. This includes identifying and removing missing 

values, multicollinearity, and standardization of features to make them comparable.  

The study explored feature selection methods to obtain a reduced subset with the 

most discriminant and informative features. Feature selection calculates a score for each 

feature and ranks them based on their discriminant ability (Che et al., 2017). Since there 

are no agreed-upon feature selection methods for our problem, five feature selection 

algorithms ï mutual information, random forest classifiers, logistic regression, gradient 

boosting, XGBoost, and AdaBoost were investigated. A brief explanation of the algorithms 

is described in Table 3.4. The top 25 ranked features were used after several experiments. 

Table 3.4 Feature selection algorithm and description  

Methods Description 

Mutual Information Classifier A filter-based method that statistically measures mutual 

dependence between two variables to quantify the amount of 

information one variable can extract from another variable. 

Calculates entropy value for each of the independent variables 

with respect to the dependent variable and selects the ones 

which have the most information gain. Results range from 0 to 

1  (Vergara & Estévez, 2015). 

Random Forest Classifier  In an ensemble of weak decision trees, the important feature set 

is computed using the average Gini impurity decrease from all 

decision trees (Menze et al., 2009).  

Logistic Regression  Calculates the Odds Ratio (OR), i.e., the increase in the 

probability of an event happening based on the feature. Odds 

can range from 0 to +Ð (Harris, 2021). 

Gradient Boosting Classifier  Ranks the features based on the total reduction of the node 

impurity averaged over all decision trees that include the feature 

(Thomas, 2019). 

XGBoost Classifier  Calculates feature importance as the decrease in node impurity, 

which is based on average information gain across all splits 

containing the feature (Chen & Guestrin, 2016). 

AdaBsoot Classifier  Computes feature importance as the (normalized) total 

reduction of the criterion brought by that feature. It is also 

known as the Gini importance (Hastie et al., 2009). 
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For machine learning modeling, we tested Multilayer Perceptron Neural Network, 

Random Forest, Gradient Boosting, Logistics Regression, and XGBoost. These algorithms 

are known for providing high quality results on many classification tasks (Duque et al., 

2017). Table 3.5 describes the algorithms used. It was worth noting that modeling was an 

iterative process. Hyperparameter tuning using óGridSearchCVô was used to optimize the 

parameters for the model. 
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Table 3.5. Modeling algorithms and description  

Modeling Algorithms Description 

Multi -Layer  

Perceptron (MLP) 

In a feedforward neural network, the data is transmitted from the input 

layer to the output layer in the forward direction. The connections 

between the layers are assigned weights. The weight of a connection 

specifies its importance. Backpropagation technique is applied for 

sending errors back through the network, to readjust the weights 

automatically so that, eventually, the error between the actual and 

expected output is minimized (Vergara & Estévez, 2015). 

Random Forest Builds an ensemble of decision trees, usually trained with the ñbaggingò 

method. The general idea of the bagging method is that a combination of 

learning models increases the overall result. Random forest builds 

multiple decision trees and merges them together to get a more accurate 

and stable prediction (Thomas, 2019). 

Gradient Boosting  A boosting algorithm that combines weak learners to convert into a strong 

learner in an iterative way. It relies on the intuition that the best possible 

next model, when combined with previous models, minimizes the overall 

prediction error. Each successive model attempts to correct for the 

shortcomings of the combined boosted ensemble of all previous models. 

Logistic Regression  A predictive analytic technique that is based on the concept of probability. 

Logistic Regression is used to predict the likelihood of a categorical 

dependent variable. It utilizes a cost function, which is known as the 

ñSigmoid functionò or ñlogistic functionò to discover a link between 

features and the likelihood of a specific outcome (Harris, 2021). 

XGBoost A decision-tree-based ensemble machine learning algorithm that uses a 

gradient boosting framework. It works in a parallelized form and is an 

optimized version of the gradient boosting algorithm. Parallelizing the 

whole boosting process hugely improves the training time. Instead of 

training the best possible model on the data (like in traditional methods), 

it trains multiple models on various subsets of the training dataset and 

then votes for the best-performing model (Chen & Guestrin, 2016). 

 

3.2.3.3. Error analysis  

Both quantitative and qualitative error analyses were conducted. Quantitative 

includes precision, recall, F1-score, and macro F1-score. It assesses model performance on 

how accurately the classifier performs on the test set (unseen data). These metrics were 

used due to the skewness of our training data, and using the overall accuracy can be 

misleading. 

https://builtin.com/data-science/tour-top-10-algorithms-machine-learning-newbies
https://en.wikipedia.org/wiki/Gradient_boosting
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Precision measures the reliability of deprived areas that are detected. Recall 

measures how efficiently the ML model retrieves classes defined as deprived areas. F1-

score is the harmonic mean between precision and recall. Macro F1 score is the arithmetic 

mean (aka unweighted mean) of F1 scores calculated per class. The F1 score reflects true 

model performance when classes are highly imbalanced.  F1 deprived score focused on the 

harmonic mean of only the deprived class.  

Qualitative error analysis includes a visual inspection of model performance on 

the ROI by the team. Generated maps were overlaid on Google Satellite basemap and 

visually inspected to assess model performance. This was done to assess if the model 

appears to generally reflect what is on the ground over the majority of the area where we 

do not have validation data. It also provides insights into if the model tends to over or under 

predict and what areas the model predicts as deprived in areas without validation data.  

3.3. Results  

3.3.1. Individual city classification 

To answer the research question, the ability to map deprived areas over large areas, 

we tested several models as a function of the type and number of selected features for each 

city. The results of the best-performing models using all features and the top 25 features 

from the feature selection are presented in Table 3.6. Detailed results of all models are in 

Appendix 3.1 - 3.4. Hyperparameters for the optimized performance of each model are 

presented in Appendix 3.5. In general, using all features achieves the highest F1 scores 

compared to the top 25 features. The top 25 features results are very close to all features 

except for Lagos, which has a wide gap in terms of F1 scores. The XGBoost classifier using 
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all features provided the best results for Accra and Nairobi with an F1 score of over 90%. 

MLP was the best-performing model with an F1 score of 63% for Lagos using all features.  

The feature selection methods show the variability of the F1 score based on the 

ranking of the features suggested for the machine learning classifier. We observed different 

results with respect to the feature selection of most important features and machine learning 

classifier, as shown in Table 3.6. Similar to Georganos and colleagues Georganos, Grippa, 

Vanhuysse, Lennert, Shimoni, Kalogirou, et al., (2018), the input features can impact the 

performance of machine learning classification.  

While Accra and Nairobi achieved relatively high F1 scores, both the all feature 

and top 25 subset features struggled in Lagos. The poor performance of models in Lagos 

may be due to the increased complexities of mapping deprived areas within the city with 

its high intra-urban dynamics and many deprived parts being built over open water areas.  

Table 3.6 Best performing models on individual cities. 

Model 

City 

Model Features set/ Feature 

selection method 

Precision Recall  F1 

Deprived 

F1 

Macro 

Accra XGBoost All  0.91 0.94 0.93 0.95 

 XGBoost 25 (XGBoost) 0.93 0.93 0.93 0.95 

Lagos MLP All  0.79 0.53 0.63 0.78 

 MLP 25 (Logistics 

regression) 
0.67 0.42 0.51 0.72 

Nairobi XGBoost All  0.94 0.91 0.92 0.93 

 Gradient 

Boosting 

25 (Mutual 

information) 
0.90 0.91 0.90 0.90 

3.3.2. City to city transfer learning  

The next step was to take the models trained from one city and test them on the other 

two cities to determine the transferability of predictive abilities to other cities. Table 3.7 

shows the results of all features and top 25 features. Models trained on Accra data were 
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able to obtain a high deprived F1 score 81% and 74% for Nairobi for all features and top 

25 features, respectively. However, the model performed poorly in Lagos, with a deprived 

F1 score of 33% and 35% for all feature and the top 25 features, respectively.  

Surprisingly, the model trained on Nairobi data performed poorly in Accra with a 

deprived F1 score of 67%and 59% for all and top 25 features, respectively. This indicates 

that models are sensitive to geographical morphology and input features. The model trained 

with Lagos data did not perform well in both Accra and Nairobi for all features and the top 

25 features.   

Table 3.7 Model performance on city transfer learning 

Model City Test City Model Feature Set Precision Recall F1  

Deprived 

F1 

 Macro 

Accra Lagos XGBoost All  0.25  0.50 0.33  0.57 

 Nairobi XGBoost All  0.91 0.74 0.81 0.84 

 Lagos XGBoost 25 (XGBoost) 0.26 0.52 0.35 0.58 

 Nairobi XGBoost 25 (XGBoost) 0.90 0.62 0.74 0.78 

Lagos Accra MLP All  0.31 0.08 0.13 0. 49 

 Nairobi MLP All  0.86 0.08 0.14 0.42 

 Accra MLP 25 (Logistics  

regression) 
0.22 0.03 0.06 0.45 

 Nairobi MLP 25 (Logistics r 

egression) 
0.94 0.09 0.17 0.43 

Nairobi Accra XGBoost All  0.50 0.99 0.67 0.73 

 Lagos XGBoost All  0.27 0.73 0.39 0.56 

 Accra XGBoost 25 (Mutual  

information) 
0.42 0.97 0.59 0.65 

 Lagos XGBoost 25 (Mutual  

information) 
0.25 0.68 0.37 0.54 
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3.3.3. Generalized model  

Finally, a generalized model which took training data from all three cities was tested. 

This was done to determine if training the model using information from all the cities can 

facilitate the model to learn from a variety of variables to depict deprived areas in different 

geographic regions. We observed that model accuracy reduced compared to the individual 

city models. The best-performing model was the MLP classifier for both all features and 

the top 25 features. Hyperparameters for optimized performance in this model are 

presented in appendix 3.6. The top 25 features achieved the best results for Accra, with F1 

deprived of 86% but not for Nairobi (F1 of 57%) and Lagos (F1 of 35%). The deprived F1 

score for Lagos actually improved from 63% (using only Lagos training data) to 68%, as 

shown in Table 3.8. However, the F1 scores achieved for Accra and Nairobi using all 

features were still relatively strong, with values of 78% and 74%, respectively. The 

deprived F1 score was low for Lagos and Nairobi using the top 25 features.  This indicates 

that more features tend to perform well for the generalized model. 

Table 3.8 Generalized model performance 

City  Model Feature Set Precision Recall F1 Deprived  F1 Macro  

Accra MLP All  
0.95 0.66 0.78 0.86 

 

 MLP 25 (Logistic 

regression) 0.92 0.80 0.86 0.91 
 

Lagos MLP All  
0.60 0.79 0.68  0.80 

 

 MLP 25 (Logistic 

regression) 0.33 0.38 0.35 0.61 
 

Nairobi MLP All  
0.98  0.60 0.74 0.79 

 

 MLP 25 (Logistic 

regression) 0.96 0.41 0.57 0.67 
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3.4. Qualitative assessment  

The qualitative assessment focused on the individual city models because they 

achieved the best results. Using the Google Satellite Basemap, we visually interpreted the 

predicted maps to assess their quality as shown in Figure 3.5. In general, the models for all 

three cities missed pocket slums. Pocket slums are often newly created slums, characterized 

by temporal structures with a high risk of eviction and are typically small in spatial size 

(Owusu et al., 2021). Models were able to detect structured large, deprived type slums 

except for Lagos. However, we observed overprediction in highly dense formal residential 

areas in most parts of the inner city of Accra and Nairobi. Models for Accra and Nairobi 

were able to detect unstructured large and small deprived types, the Lagos model 

overpredicted the inner city as deprived. Moreover, dense markets, which are tightly 

packed, were confused as deprived in all the cities. Generally, markets have similar 

morphological characteristics as the unstructured small type.  

We also observed specific issues in each city. In Lagos, the model performed well 

in identifying well established deprived areas such as Makoko slums. However, there was 

confusion between deprived and highly dense built-up areas. In Nairobi, the model detected 

evicted slum areas as non-deprived. This is helpful to monitor changes in deprived areas. 

Nevertheless, there was a confusion between industrial and deprived areas. We assumed 

that the large roofs of industrial areas, which are homogenous, tend to confuse the model. 

In Ghana, there was general overprediction of deprived areas in the inner city.  
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Figure 3.5 Prediction outcome of the deprived areas. The red color represents detected deprived 

area 

 

3.4.1. Importance of Each of the Contextual Features  

Figure 3.6 presents the top 25 features derived from the best performing model for each 

city. The results indicate that each city is significantly different in features used for 

classification. Fourier in Accra, SFS in Lagos and NDVI in Nairobi. The importance of 

contextual features for each city varies considerably. For Nairobi, the dominant contextual 

features are NDVI and Gabor. This indicates that vegetation and edge patterns were 

important for mapping deprived areas in this city. Meanwhile, Accra has a wide range of 

different features that were in the top 25 including Fourier, LSR, SFS, Gabor, lacunarity, 

orb, and NDVI. Lagos also has a large range of features including SFS, IBPM, NDVI, 

Fourier, Gabor and HOG. This indicates that there is no one set of features that can capture 

information required to map the deprived areas for all cities. This outcome stresses the 
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unique variability of deprived areas across cities and countries. However, since our 

approach incorporates a range of different features it appears that we can use this approach 

even in a range of cities. 

Moreover, we observed that the scale of the contextual features was different for 

all three cities. Accra and Nairobi have low scales of 30m while Lagos has a large scale of 

70m for most of their important features from the best models. This shows that the choice 

of scale can impact model performance.  
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Figure 3.6 Top 25 contextual features of each city with the best performing model 
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3.5. Discussion 

In this study, we have presented an approach to map deprived areas using 

contextual features extracted from freely available Sentinel-2 images. Our proposed 

approach utilizes contextual features and assesses their capability to map deprived areas in 

multiple cities and over large areas at a 100m grid scale using machine learning algorithms. 

We first trained models using individual data for each city and assessed their performance. 

Secondly, we used the model trained in one city to predict deprived areas for other cities. 

Lastly, we developed a generalized model using combined training data from all three cities 

and examined for scalability and transferability. 

The morphology of deprived areas tends to be heterogeneous and have high inter 

and intra urban diversity. Models were able to detect unstructured large and small deprived 

types in all cities. The inclusion structured large deprived type in the training set makes 

models overpredict most high dense residential areas as deprived. This is because they have 

similar morphological characteristics. Inclusion of socioeconomic features may help 

reduce this confusion. On the other hand, small deprived types also tend to be confused 

with dense market areas. One way to help remove this type of error is to use 

OpenStreetMap data on markets to remove these areas from the final predictions, allowing 

for greater accuracy and relevant results.  

In the individual cities, models performed well in Accra and Nairobi. This 

indicates that deprived areas can be mapped at 100m resolution which allows us to map 

deprived areas over large areas using freely available satellite data with acceptable 

accuracy. The advantage of the 100m resolution is that it provides detailed enough 

information to capture deprived areas at a settlement scale. When we used all features (over 
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400) and just the top 25 features from best-performing feature selection, both were able to 

map deprived areas with relatively good accuracy. The results of the top 25 features are 

very close to all features, indicating the possibility of using fewer features to achieve 

comparable results. Similar conclusions were made by Georganos and colleagues 

(Georganos, Grippa, Vanhuysse, Lennert, Shimoni, Kalogirou, et al., 2018). The possibility 

of using fewer features reduces computational cost and processing time. This allows 

models to be trained on low-cost computers with low specifications. This is essential for 

most LMICs that have resource constraints and frequent monitoring.   

The model performance in Lagos was not as strong relative to the other two cities. 

This may be due to the limited reference data (less than 1% of the region of interest) for 

the city, the difficulty in modeling such a complex city, and the uniqueness of the city 

(slums built over water). There are many mixed parts and socioeconomic transformation 

making it hard to classify deprived areas using only contextual features. Future work to 

improve models in Lagos should focus on acquiring additional training data, testing other 

geospatial data as inputs, and improving our understanding of what is driving slum 

development within the city. For example, we assume that nighttime lights may have a 

strong correlation with deprived areas due to electricity access issues in Lagos (Jean et al., 

2016). Also, proximity to waterways and wetlands should be considered, as many deprived 

areas tend to be located in close proximity to these features. 

We investigated the ability to transfer models from one city to other cities. In 

general, the models did not do well except for the Accra-Nairobi model where the deprived 

F1 score was 81% and 74%, respectively. The other models either underfit or overfit when 

tested between other cities. For example, the Nairobi- Accra model achieved a very low 
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precision of 28% and a high recall of 70%, implying overfitting of deprived areas. These 

findings indicate that for some cities there may be similar spatial patterns between cities 

that may be related to urban morphology. However, there does not appear to be spatial 

patterns of deprived areas that are transferable between all cities.  

 The results of the generalized model in terms of accuracy were lower 

compared to the individual city models. Similar to Duque and colleaguesô findings in 

Buenos Aires, Medellin, and Recife, the difference intra-and inter-cities morphologies 

affected the generalized models (Duque et al., 2017). This was also observed in the feature 

selection results where each city has a unique set of variables that led to the best 

classification. For example, NDVI was an important variable in Nairobi but not in Lagos 

and Accra. Regardless, it is worth noting that our results with the free, 10-meter spatial 

resolution, Sentinel 2 data are among the best results for transfer learning in deprived areas 

mapping that have been noted in the literature (Stark et al., 2020; Verma et al., 2019; Xie 

et al., 2016). 

Another focus the study tackled was the implementation of feature selection to 

provide a ranking of the important features. By experimenting with several feature 

selection methods as a function of machine learning algorithms, we were able to obtain 

important features that provide the best accuracy. The feature selection demonstrates that 

the selection of an appropriate method is crucial for the performance of machine learning 

models in terms of accuracy. While the results of the top 25 features did not outperform all 

features, they are very promising. Not only did we observe that each city has a unique set 

of features but also the spatial scales of the features was distinctive. For example, most of 
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the important features in Accra were in scale 30m whiles scale 70m for Lagos. We conclude 

that no one method and spatial scale fits all.  

One thing that went across the modelsô performances on both from individual cities 

(Lagos in particular) and the city-to-city transfer learning was the impact of imbalanced 

and insufficient training and validation data. In future studies, additional training data 

should be incorporated for deprived areas to develop more accurate and transferrable 

classification models. Using augmented and improved training data would help determine 

the feature sets for each city and can also be further reduced to examine its performance on 

overfitting and prediction accuracy on unseen data. Future work should examine if adding 

other geospatial data, extracting different spatial scales or window size, or data 

augmentation can improve model results. Other geospatial datasets could include building 

footprint data, OpenStreetMap (OSM), nightlights, and Sentinel-1. In this study, we 

focused on using relatively small spatial windows for contextual features and other, larger 

windows may improve results. Data augmentation is a procedure used in machine learning 

to enlarge training datasets and make models more robust to training datasets with different 

statistical properties. This includes horizontal or vertical flips of image and changing the 

contrast and brightness (Yi et al., 2019). Finally, neural networks and other deep learning 

models should explore deep learning algorithms to extract geographical features from the 

satellite images. This would facilitate establishing a stronger relationship between deprived 

and non-deprived areas with their relevant geographical characteristics.  

3.6. Conclusions 

The results presented in this study indicate that our approach has promising results 

for identifying deprived areas at large areas and transferring models to other cities. The 
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proposed approach relies on freely available Sentinel-2 images making it possible to map 

over large spatial areas and globally. This makes it possible for other researchers to utilize 

this freely available data to experiment with building an effective model. The proposed 

approach considers the diversity of deprived areas in modeling and several practical issues 

such as multi-source training data and sensitivity of spatial structures of deprived types. 

While our models performed well in individual cities achieving a high F1 score of over 

90%, they underperformed on the generalized model due to the sensitive spatial structure 

in each city. Results indicate that we will miss some deprived areas, especially pocket slums 

and structured large deprived types. It is worth noting that these missing deprived areas are 

highly vulnerable to eviction (pocket slums) and wrongly putting other areas into deprived 

areas can lead to unwanted stigmatization. Even though the model results from this study 

are not perfect, the results are promising and the inclusion of additional geospatial data and 

improving the training data, and the models, this approach may be feasible. If this is the 

case, then up-to-date, global and comparable models of deprived areas could be created. 
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4. Chapter 4: Open Geospatial Data And Machine Learning 

4.1. Introduction  

Cities worldwide are facing inter-related challenges of high population growth, 

localized impact on climate change, and economic crisis (United Nations, 2020c). Most 

cities in Low-and middle-income countries have limited capacity to deal with these 

problems leading to increasing socio-economic disparities. The World Bank estimates that 

nearly 574 million people will still be living below the poverty line ($2.15 a day) if no 

action is taken by 2030 (World Bank, 2022). These people often live in deprived areas that 

lack basic services, and household assets, located in environmental high-risk areas such as 

flood zones and vulnerable to climate change (Bird et al., 2017).  

The overall goal of the United Nations Sustainable Development Goals is to leave 

no one behind. Therefore, international organizations, Non-Governmental Organizations, 

and Local Governments require adequate information about the growth and conditions of 

the most vulnerable segments of the population. Such information includes their growth, 

socioeconomic characteristics such as access to social services, and physical characteristics 

such as durability of building materials. These information on deprived areas can empower 

development practitioners to identify and plan geo-targeted social assistance programs and 

interventions to reduce poverty (Dodman et al., 2018).  They also help to monitor and 

assess the living condition of the poor segment of the human population. 

Information on deprived areas is generally difficult to find in many Low- and 

Middle-Income economies. Existing data are often outdated or aggregated at District or 

National level which makes it less useful to plan geo-targeted interventions (Aiken et al., 

2022; Kuffer et al., 2018). Three broad sources of data on deprived areas are census and/or 
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household surveys, field-based mapping, and remote sensing (Lilford et al., 2019). Census 

and/or household surveys provide socioeconomic indicators to characterize deprived areas. 

They are expensive to produce at a regular frequency. They can cost $2 million per survey 

making it cost-prohibitive in most Low-and middle-income economies (Burke et al., 2021). 

They are often available at an aggregated scale such as district or regional level making it 

difficult to identify the geographic location of deprived areas. Field-based mapping is 

primarily conducted in a participatory manner working with local communities to map their 

settlement (Yeboah et al., 2021). An example is the map Kibera project (Map Kibera, n.d.). 

It provides detailed local context information and area-level socio-physical characteristics 

of the area. Similar to census and/or household data, they are expensive, not scalable, and 

have low temporal granularity.  Remote sensing can provide information about the physical 

characteristics of deprived areas (Engstrom et al., 2015; Kuffer, Pfeffer, & Sliuzas, 2016). 

They are cost-efficient compared to the above-mentioned methods. Remote sensingôs 

major pitfall is that it ignores socioeconomic indicators (Mahabir et al., 2016a).  

The advent of open geospatial data presents new opportunities to address deprived 

area mapping and account for the limitation of existing approaches (Mahabir et al., 2016a, 

2020). Open geospatial data is public or private digital data with an open license that 

guarantees free access to data without limitation or few restrictions (Jean-Louis & 

Sedkaoui, 2016). These sources of data are increasingly becoming available globally due 

to open data initiatives by Governments, NGOs, and private companies. For example, Meta 

and WorldPop provide high-resolution geospatial data on population and demographics 

globally (Stevens et al., 2015; Thomson, Rhoda, et al., 2020). Other geospatial data 

includes urban heat islands, OpenStreetMap, and Malaria atlas (Kuffer et al., 2022; Leyk 
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et al., 2019; Thomson, Rhoda, et al., 2020). Point-of-interest data from OpenStreetMap can 

be used for creating accessibility features. The advantage of open geospatial dataset are 

that they guarantee free access allowing for reuse and reproducibility of methods. They 

offer an alternative or complementary source of data to map and characterize deprived 

areas both physically and socially. They can potentially provide new insight into deprived 

area conditions by adding equally important socioeconomic features often missing in 

remote sensing-based methods (Kuffer, Pfeffer, & Sliuzas, 2016; Mahabir, Croitoru, et al., 

2018; Mahabir et al., 2016a).  

The use of geospatial data for deprived area mapping is yet to be fully exploited 

(Chakraborty et al., 2015). Major reasons relate to data quality, data completeness, and 

varying spatial and temporal resolution (Herfort et al., 2021; Mahabir et al., 2016a, 2020).  

For example, a recent study shows that the Global Human Settlement population dataset 

tends to underestimate slum areas (Kuffer et al., 2022). Consequently, very few studies 

have combined multiple socioeconomic indicators to map deprived areas. Most studies 

mainly use satellite images (see  (Kuffer, Pfeffer, & Sliuzas, 2016; Mahabir, Croitoru, et 

al., 2018) for a more detailed review). One notable work that uses geospatial data is from 

Mahabir and colleagues. They combined multiple socioeconomic indicators to map 

deprived areas in Kenya  (Mahabir, Agouris, et al., 2018). Other researchers have combined 

remote sensing and census data (Engstrom, Newhouse, et al., 2019; Engstrom, Pavelesku, 

et al., 2017; Weeks et al., 2012). However, these approaches are difficult to replicate in 

areas where spatial census data are not available. Additionally, feature or indicator-creation 

methods for consistently preparing geospatial data are missing in the literature. 
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In this work, we proposed an approach to mapping deprived areas using open 

geospatial data and machine learning. We proposed an innovative feature creation method 

including systematic ways to collect and process diverse data in a consistent manner. We 

fed these features into a machine learning model to detect deprived areas in multiple cities 

and over large areas, and identify the relative importance of indicators.  The study focuses 

on three cities, Accra, Ghana, Lagos, Nigeria and Nairobi, Kenya. All three cities are 

experiencing rapid urban growth with a large number of residents living in deprived areas. 

They were selected as part of an ongoing IDEAMAPs project and existing local networks 

that are providing us with local context knowledge and ground truth data. Details of study 

areas are described in section 1.5. The main contributions of this work are as follows.  

¶ We conceptualized deprived areas that allow modeling with open geospatial data.  

¶ We developed an innovative and consistent feature creation method for processing 

open geospatial data with varying spatial and temporal resolution and making them 

ready for machine learning modeling.  

¶ We assess the performance of the model by testing on new geographic regions with 

unique morphological characteristics. This testing method allows measuring more 

realistically how models performed on unseen data.  

¶ We investigate the importance of features used in the model. This allows us to know 

which features are needed as we aim to map deprived areas globally.  

4.2. Material and methods  

The study consists of four main steps (see Figure 4.1). First, we conceptualized 

deprived areas by establishing the operational definition and mapping scale. Second, we 
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develop consistent and systematic feature-creation methods for processing open geospatial 

data from different sources with varying spatial and temporal resolution. This allows us to 

get datasets of features ready for modeling. Third, we built and tested a machine learning 

model to predict deprived areas, and lastly, we investigated and interpreted the importance 

of features used in the model.  

Figure 4.1 Study main steps 

 

4.2.1. Conceptualizing deprived areas and mapping scale 

The challenge of global mapping of deprived areas starts with defining operational 

definitions and related conceptualization. The often-used terminology is ñslumò or 

ñinformal settlementsò. These terms are conceptually ambiguous. They have different 

definitions and are known by different local names for several reasons such as cultural 

context, building materials, and infrastructure available (Merodio et al., 2021). For 

example, Zongo in Ghana, Favelas in Rio De Janeiro, Kachi Abadi in Karachi, and Vijiji 

in Nairobi. The UN Habitat defines slums as any household which lacks one of the 

following - access to water, improved sanitation, durable housing, sufficient living space, 

and tenure security (UN-Habitat, 2010).  The slum household definition ignores area-based 

risks such as crime, flood risks, and lack of social amenities that residents face from 

neighborhood effects. Other associated problems are that slums are conceptually relative 
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as every country has its own definition of slums (Lilford et al., 2019), and it is widely 

criticized as it can denote bad connotation for stigmatization and forced eviction (Friesen 

et al., 2020; Thomson, Kuffer, et al., 2020). 

Due to the conceptual complexities of slums, we based this study on the concept 

of ódeprived areaô. For this study, we adopted the deprived area definition by Thomson and 

colleagues based on an area-based mapping approach (Thomson, Kuffer, et al., 2020). 

Deprived areas are defined as an urban space that lacks physical and social assets, often 

unplanned urbanization, is prone to disaster, and is characterized by poverty and 

substandard living conditions. This concept integrates physical characteristics such as 

building size, shape, access networks and flood zones and socioeconomic characteristics 

such as crime level, coverage of solid waste, energy access to schools, health, and public 

infrastructure. It is more straightforward, and unambiguous and ensures consistency, and 

comparison across cities. The use of deprived areas provides a distinct conceptual 

framework and creates baseline information for modeling.  

Urban environments consist of hierarchical patterns and discrete objects in a 

spatial and temporal continuum. The choice of mapping scale potentially affects results. 

Additional, deprived area mapping is a sociotechnical problem with risk of unintentional 

consequences (Owusu et al., 2021). The socio-cultural dimension needs to be considered 

as the mapping product are used in a real-world decision that directly impacts society. 

Information on deprived areas can be political and any misuse can threaten poor 

communities (Kuffer et al., 2018). Considering ethics, we decided to use 100m spatial 

resolution as our mapping scale. 100m mapping scale is detailed enough to capture most 

deprived areas while omitting pocket slums which are at high risk of eviction (Kuffer et 
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al., 2018; Owusu et al., 2021). This is important as we aim to make our results publicly 

available. 

4.2.2. Data Sources and Feature creation  

4.2.2.1. Data 

Data were collected from various sources. Appendix 4.1 provides details on data 

sources used for this study. Briefly, we included data that serves as proxy for both physical 

and socioeconomic indicators. Physical data includes global risk and hazard datasets, 

building density, land surface temperature, topographic slope, Normalized Difference 

Vegetation Index (NDVI), land use/cover, groundwater score, and nighttime lights.  

Socioeconomic data includes population and demographic data, malaria atlas, point of 

interest data such as markets, education, and health.  

4.2.2.2. Feature creation 

Feature creation is processing indicators so that they are ready for use in a machine 

learning model. It involves data collection, collation, and processing. The following criteria 

were used to select geospatial data to be included in the model.  

1. Must cover the region of interest 

2. Must be spatial data either vector or raster 

3. Must be as fine a spatial resolution as possible, usually 100m or finer 

4. Temporal resolution must be as close as possible.  

5. Must be available for all three cities.  

Geospatial data were obtained from different sources. These data have varying 

spatial and temporal resolutions which increase complexities for modeling. To ensure 
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consistency and integration of data, we processed it into a standardized 100m grid raster 

format used by WorldPop. WorldPop 100m grid is globally available for all countries and 

allows data integration. Raster datasets were resampled to 100m spatial resolution. 

For vector data, we used aggregation (e.g., density or count) and accessibility 

methods (e.g., distance measure) to process vector data. Euclidean distance, count, and 

density measurements were used for data processing. Euclidean distance measures the 

distance to the point, line, or polygon. Count measure counts points per 100 gid cells and 

density measure divides the counts by the area of the cell. Figure 4.2 shows the vector data 

and their corresponding measure. In total, we processed 54 features. 

Figure 4.2 Feature creation method for vector data 
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4.2.3. Machine learning model development  

4.2.3.1. Train ing data preparation 

Reference data was prepared prior to modeling. Reference data were obtained 

from several sources. The sources do not share the same definition, so they were used as a 

guide to create samples for the modeling. We used a visual interpretation approach and 

local expert knowledge to manually digitize deprived areas. Visual assessment was carried 

out by experts to ensure agreement. The visual assessment step was key to ensuring 

consistency in temporal changes of input features. Table 4.1 shows the sample distribution 

for each city.  

Table 4.1 Reference data distribution 

Cities Accra Lagos Nairobi 

Deprived 1739 481 1311 

Non deprived 5085 599 2657 

Total  6824 1080 3968 

4.2.3.2. Machine learning modeling  

Most deprived area mapping has been model-centric (Duque et al., 2017; Leonita 

et al., 2018). Meaning several algorithms are tested on a constant training dataset. However, 

new developments have shown that machine learning tasks not only rely on algorithms but 

also on training data, input features, and configuration/parameters that control the model 

(Georganos, Grippa, Vanhuysse, Lennert, Shimoni, & Wolff, 2018). Considering that, we 

opted for data-centric approach. A data-centric approach is where the focus is given to 

optimizing training data and input features to improve model performance. This aim was 

to ensure quality input data rather than fiddling models.  
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We experimented with several input feature combinations as well as improving the 

training sample in an iterative process. Two input feature sets were finally settled on and 

used for the subsequent modeling. The first input feature set used all the 53 features 

processed and the second set are features that were manually selected after detailed 

exploratory analysis by experts hence called user defined features. Total user defined 

features were 11. Appendix 4.2 provides an overview of user defined features.  

Three machine learning algorithms were used for the classification task ï Random 

Forest (Breiman & Pavlov, 2019), Multi-Layer Perceptron (Popescu, Balas, et al., 2009) 

and Extreme Gradient Boosting (XGBoost) (Chen & Guestrin, 2016). Random forest 

requires the definition of number of trees (ntree) and number of input features (mtry) to be 

considered at each node split. Random forest is relatively user-friendly and tends to achieve 

high accuracy in classification tasks (Belgiu & DrŁguŞ, 2016). It can handle large data 

dimensionality and deal with overfitting. Multi-layer Perceptron is a feedforward neural 

network that transmits from input layer to output layer in a forward direction (Vergara & 

Est®vez, 2015). It is relatively simple to use with fewer parameters and can work on large 

data sets. XGBoost is a greedy function approximation thus minimizing errors and able to 

capture complex patterns in data (Friedman, 2001). It has proven to provide state-of-the-

art results on many classification tasks and is suitable for handling sparse data (Georganos, 

Grippa, Vanhuysse, Lennert, Shimoni, & Wolff, 2018). Traditional boosting algorithms are 

computationally slow and often not suitable for large-area mapping. XGBoost has bridged 

the gap. They are efficient and flexible for processing large datasets (Chen & Guestrin, 

2016). They are relatively user-friendly, require few parameters, are easy to obtain features 

of importance, and have high prediction accuracy. Moreover, they are open-source and 
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computationally fast, making is suitable for large-area mapping. Model parameters were 

optimized using Bayesian optimization. 

The study used a patch-based modeling approach. This is where modeling samples 

are created in image tiles. This approach is believed to better reflect the performance of the 

model, especially when dealing with small samples for testing. Another reason for this 

approach is that the use of a random train test split can lead to the model being tested in 

close proximity to where it was trained (Fisher et al., 2022). Consequently, not reflecting 

the true performance of the model on unseen data. To do this, training data were created in 

patches.  

A multistep modeling approach was used. First, models were trained and tested in 

individual cities. Second was a city to city modeling thus a model is trained in one city and 

tests its predictability on another city. This helps in assessing modelôs ability to predict 

other cities. Lastly, a generalized model where training samples from each of the three 

cities were combined and used for training and evaluation. This allows us to assess our 

ability to map across the city if we have training samples from each city.  Table 4.2 shows 

the training, validation and testing split for all the modeling approaches. 

Table 4.2 Train, validation, and test split 

Model  Training (%)  Validation (%)  Testing (%) 

Individual city  60 10 30 

City to city City A 

80 

City A 

20 

City B or C 

100 

Generalized 

model  

Combine city A, B and 

C 

60 

Combine city A, B and 

C 

10 

Separate City A, B, and 

C 

 

30 
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4.2.4. Model interpretation and important features  

The study investigated which features are important and how much they contribute 

to the model. This will help determine which features to continue collecting to support 

global deprived area mapping. The study used Gini impurity for computing important 

features and analyzing their relative contributions. Gini impurity measures the degree of 

how often a randomly chosen sample from the target class would be incorrectly classified 

if it were randomly labeled according to the distribution of the labels in the subset (Breiman 

& Pavlov, 2019). It has been used in several machine learning urban classification tasks 

(Georganos, Grippa, Vanhuysse, Lennert, Shimoni, Kalogirou, et al., 2018). It provides 

better precise estimations with low model assessments. 

4.3. Results  

In the results section, we first present the quantitative error metrics on the testing 

patch set, then a visual assessment of best performing models is described, and lastly, 

analyze the important features and how they affect the model using Shapley values. 

4.3.1. Quantitative model performance  

4.3.1.1. Individual city   

The study first trains a model for each city due to the unique urban fabric. Table 

4.3 provides the precision, recall, F1-deprived and F1-Macro for each city, model and input 

feature set on the test dataset. RF achieved the best classification score for all the cities 

except for Lagos in the all features model.  F1-deprived is generally high in Accra and 

Nairobi with over 72%. Lagos achieved the lowest F1 deprived score of 65%. The poor 

performance of Lagos may be due to the widespread socioeconomic deprivation throughout 
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the city. Most part of the city of Lagos is built on wetlands and lacks one or more 

infrastructure. It worth noting that the overall performance of using All features and user-

defined features has little difference in terms of accuracy. This implies that using a small 

input feature can also achieve a considerable F1 score compared to using a more features.  
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Table 4.3 Metrics for Individual model  

City  

 

Input feature 

set  

Model  Precision Recall F1 Deprived  F1 

Macro 

Accra All  RF 0.68 0.88 0.77 0.74 

  MLP 0.64 0.92 0.75 0.70 

  XGBoost 0.79 0.47 0.59 0.73 

 User-defined  RF 0.71 0.84 0.77 0.78 

  MLP 0.67 0.76 0.71 0.78 

  XGBoost 0.78 0.59 0.67 0.62 

Lagos  All  RF 0.80 0.51 0.62 0.72 

  MLP 0.84 0.53 0.65 0.72 

  XGBoost 0.81 0.33 0.47 0.62 

 User-defined RF 0.45 0.80 0.86 0.71 

  MLP 0.57 0.80 0.67 0.72 

  XGBoost 1 0.53 0.70 0.78 

Nairobi All  RF 0.81 0.64 0.72 0.78 

  MLP 0.56 0.36 0.44 0.73 

  XGBoost 0.79 0.46 0.58 0.68 

 User-defined RF 0.78 0.76 0.77 0.78 

  MLP 0.74 0.73 0.73 0.73 

  XGBoost 0.77 0.73 0.74 0.74 

4.3.1.2. City to city model 

In this step, we examined how a model trained in one city can detect deprived 

areas in other cities. This allows us to determine the spatial transferability of models to 

other cities. Table 4.4 provides the results of the input feature set and each classifier. Except 

for Nairobi to Lagos, models train in one city were able to predict deprived areas in another 

city with a F1- deprived score of over 60%.  We observed that user-defined features 

achieved the highest FI deprived in all the cities. This indicates that using good input 

features dataset can help in large area mapping. The model trained in Lagos was able to 

predict deprived areas in Nairobi but not the reverse. The model trained in Nairobi achieved 

the lowest F1 deprived score (57%) when tested on Lagos. This indicates that models are 

sensitive to physical and socioeconomic features of each city and requires detailed 

understating of these features to improve models results.   
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Table 4.4 City to city model  

City  Test city Input 

feature set   

Model  Precision Recall F1-

Deprived  

F1 

Macro 

Accra  Lagos  All  RF 0.89 0.37 0.52 0.66 

   MLP 0.39 0.40 0.40 0.47 

   XGBoost 0.82 0.38 0.52 0.65 

 Lagos User-define RF 0.78 0.56 0.65 0.73 

   MLP 0.95 0.01 0.02 0.38 

   XGBoost 0.81 0.39 0.52 0.70 

 Nairobi All  RF 0.80 0.48 0.60 0.76 

   MLP 0.81 0.01 0.02 0.40 

   XGBoost 0.69 0.58 0.63 0.72 

 Nairobi  User-define  RF 0.78 0.54 0.64 0.73 

   MLP 0.31 0.02 0.04 0.38 

   XGBoost 0.84 0.24 0.37 0.59 

Lagos  Accra All  RF 0.52 0.53 0.52 0.69 

   MLP 0.40 0.64 0.50 0.64 

   XGBoost 0.46 0.87 0.61 0.70 

 Accra User-define  RF 0.50 0.92 0.64 0.73 

   MLP 0.43 0.55 0.48 0.65 

   XGBoost 0.48 0.85 0.62 0.71 

 Nairobi  All  RF 0.78 0.48 0.59 0.71 

   MLP 0.39 0.62 0.48 0.62 

   XGBoost 0.73 0.63 0.68 0.75 

 Nairobi User-define  RF 0.68 0.70 0.69 0.75 

   MLP 0.95 0.02 0.04 0.40 

   XGBoost 0.66 0.70 0.68 0.74 

Nairobi  Accra All  RF 0.64 0.61 0.63 0.76 

   MLP 0.31 0.34 0.32 0.55 

   XGBoost 0.27 0.49 0.35 0.51 

 Accra User-define  RF 0.44 0.87 0.59 0.68 

   MLP 0.30 0.61 0.40 0.53 

   XGBoost 0.36 0.17 0.23 0.53 

 Lagos  All  RF 0.73 0.07 0.13 0.43 

   MLP 0.34 0.02 0.09 0.37 

   XGBoost 0.50 0.24 0.33 0.51 

 Lagos User-define  RF 0.60 0.25 0.35 0.54 

   MLP 0.43 0.87 0.57 0.42 

   XGBoost 0.52 0.07 0.13 0.43 

4.3.1.3. Generalize model  

For the generalized model, we used samples from each of the three cities for 

modeling. This was done to experiment how models perform when we incorporate samples 
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from the different geographic regions. Table 4.5 provides the recall, precision, F1-dperived 

and F1-Macro scores for each classifier and input feature set on the test datset. We observed 

that the generalized model has higher F1 deprived for Accra and Nairobi compared to the 

individual city models for both user and all feature set. The generalized model was low for 

Lagos with the highest F1 deprived score of 63% (all features). This can be associated to 

the limited training samples for Lagos city. The low score of F1 macro compared to F1 

deprived indicates overprediction and vice versa.  

Table 4.5 Metrics of Generalized model on test dataset 

 Input feature model Precision Recall F1-deprived F1 Macro 

Accra All  RF 0.77 0.84 0.80 0.89 

  MLP 0.50 0.58 0.54 0.74 

  XGBoost 0.84 0.24 0.37 0.59 

 User-define  RF 0.81 0.86 0.84 0.91 

  MLP 0.67 0.70 0.69 0.82 

  XGBoost 0.78 0.48 0.59 0.71 

Lagos All  RF 0.42 0.99 0.59 0.63 

  MLP 0.47 0.65 0.54 0.67 

  XGBoost 0.49 0.88 0.63 0.72 

 User-define  RF 0.43 0.96 0.59 0.64 

  MLP 0.47 0.88 0.61 0.71 

  XGBoost 0.42 0.91 0.58 0.64 

Nairobi  All  RF 0.68 0.92 0.78 0.73 

  MLP 0.72 0.69 0.70 0.71 

  XGBoost 0.76 0.85 0.82 0.79 

 User-define  RF 0.71 0.88 0.79 0.76 

  MLP 0.69 0.87 0.77 0.74 

  XGBoost 0.75 0.78 0.77 0.76 

4.3.2. Qualitative Assessment using visual inspection  

The qualitative assessment focused on the generalized models because they 

achieve the best results, and we aim for a scalable and transferable approach. The choosing 

machine learning algorithms are capable of predicting the probability of class membership.  

Probability of the measure of level of certainty of the prediction (Murphy, 2012). To obtain 
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a hard classification of deprived and non-deprived, we fine tuned the best threshold value 

to use. Fine tuning threshold was important for classification problems that have class 

imbalance as the default 0.5 split can result in poor performance. Therefore, we defined the 

threshold for a city using the predicted probability values. As shown in table 4.6, each city 

has a different threshold that better captures more deprived areas. We observed that a high 

threshold of over 0.7 was used for Accra and Lagos while a low threshold was used for 

Nairobi. This could indicate that the model was less certain on deprived class in Nairobi 

compared to Accra and Lagos.  

In general, deprived areas tend to be over-predicted for all cities for both the all 

and user-defined using random forest model (see Figure 4.3-4.6). This overprediction is 

more pronounced in Nairobi due to the less certainty of predictions. The confusion between 

high dense residential and deprived areas contributed to the majority of the overprediction. 

To assess model performance on intra-urban diversity, we visually interpreted modelôs 

performance on the deprived types (see chapter 2). Except for Lagos, structured large 

deprived types were detected in Accra and Nairobi. Unexpectedly, models were detecting 

pocket slums in all the three cities. Lagos model missed unstructured mix deprived due to 

a mix of temporal structure,  permanent structure and vegetation.  

The model was able to differentiate between deprived areas from dense markets. 

This is an interesting finding as most studies using only satellite images fail to distinguish 

them since they have similar physical appearances (Engstrom et al., 2015; Engstrom, 

Pavelesku, et al., 2019; Owusu et al., 2021). Moreover, the model was able to map deprived 

areas in the suburbs. However, these areas will need field investigation since they have a 

unique morphological appearance compared to those in the center city.  



73 

 

Table 4.6 Classification threshold 

City Input feature set Threshold 

Accra All  0.67 

 User-defined 0.75 

Lagos All  0.69 

 User-defined 0.85 

Nairobi All  0.57 

 User-defined 0.55 

 

 

 

 

 

 

 

 

 

 

  



74 

 

Figure 4.3 classification result of Accra. Top: All features Down: user-define features. 
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Figure 4.4 classification result of Lagos. Top: All features Down: user-defined features. 
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Figure 4.5 classification result of Nairobi. Top: All features Down: user-defined features. 

 
 



77 

 

Figure 4.6 Prediction on derived types  

 

4.3.3. Important features and interpretability  

We calculated the Gini impurity to examine the important features and their 

contributions to the model, providing insights into how the model attributes different 

features to outputs. Figures 4.7 and 4.8 display the top 11 ranked features from the best-

performing models. The feature importance score ranges from 0 to 1, with a high score 

indicating a strong impact on the model's predictions and a low score indicating little 

impact. Figures 4.7 and 4.8 show the individual city models and generalized model, 

respectively. Building density and count, NDVI, and population were the best features 

across all cities for both individual and generalized models. However, each city tended to 

give different scores for every other feature. This suggests that there may be some common 

characteristics of deprived areas across cities, but each city also has different socio-

economic problems. 
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The features of importance provided further insight into model feature 

transferability. We observed that the model underperformed when applied across different 

cities due to the uniqueness of each city. For example, NIDVI had a high score for Nairobi 

but a low score for Lagos, possibly explaining why the model struggled to predict deprived 

areas in Lagos. 

Figure 4.7 Individual city model features of importance  

Accra  

  
Lagos  

  
Nairobi   
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Figure 4.8 Generalized model features of importance  

  

4.4. Discussion  

In this study, we presented an approach to map deprived areas using open 

geospatial data and machine learning. The results reveal that open geospatial data can 

potentially complement existing methods. The combination of physical and social 

characteristics provides a complete view of deprived areas which has been a major critic 

of existing earth observation methods. To the best of our knowledge, our study is the first 

to extend deprived area mapping to suburbs using open geospatial data. These suburbs are 

experiencing rapid urban growth and will be the future growth areas of these cities.  

The proposed operational definition and mapping scale allows the mapping of 

deprived areas in a consistent way. The use of 100m spatial resolution not only allows easy 

data integration but also provides detailed high-resolution maps of deprived areas. The 

proposed approach for creating features allows easy data fusion. However, data 

incompleteness, especially in the vector data sets, does affect the modelôs ability to map 

over large areas. From the visual assessments, we observed over-prediction of deprived 

areas in the main city of both Accra and Nairobi. The over-prediction can be associated 
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with inherent errors in open geospatial data. For example, one of the important features 

was population datasets. A recent study has shown the gridded population dataset tends to 

underestimate population in deprived areas and overestimate in non-deprived areas (Kuffer 

et al., 2022).  

Regarding the individual city models, the performance of All and user-defined 

features were close in terms of the F1 derived score. Also, the visual assessment indicated 

that the results were not much different either.  Therefore, we can use fewer features and 

achieve comparable results making the approach more efficient. Although the city to city 

model did not achieve high results, it shows the possibility for the transferability of our 

approach in mapping unseen geographic locations. The user-defined features achieved the 

highest F1 deprived score for all cities, indicating the relevance of them for modeling. 

Models were sensitive to the physical and socioeconomic features of each feature. 

Therefore, a detailed sensitivity analysis is needed to understand features and improve 

modeling. Also, inform us on which features we should continue to gather.  

Using training samples from all the cities improved the overall performance of 

models. This is a new finding as studies using only physical features often conclude that 

the large diversity of deprived areas in each city complicates modeling leading to reduced 

accuracy. This was observed using contextual features in chapter 3 and also in (Duque et 

al., 2017) work. Therefore, the combination of physical and socioeconomic features has 

reduced the complications and promises large areas and possibly global mapping.  

Although the proposed approach achieved encouraging results, there are several 

perspectives that need more development. Most of the reference data was from the inner 

city. It was difficult to judge if the detected deprived areas in the model in the suburbs were 
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actually reflective of what is happening on the ground. Future work will visit the ground 

to investigate these areas and gather more data for training. The unique intra-urban 

diversity of deprived areas will require more training data that covers all the dynamics, 

both in the center city and in the suburbs.  

Suburbs have unique morphological and socio-cultural characteristics that require 

detailed investigation. We observed in the study that deprived areas in the inner city are 

very dense with less than 1% of vegetated areas. Suburbs tend to have more vegetation mix 

(between 10-20% vegetation). Future works will investigate these unique characteristics 

and develop more robust models. 

The study assumes that our features were representative of temporal resolution 

because urban areas do not change rapidly. The time interval of the data ranges from 1-3 

years. While this is reasonable, we acknowledge that the temporal differences might impact 

the modelôs performance. For example, evicted slums were not accounted for. It is worth 

noting that inherent errors in open geospatial data will propagate into the model. This 

increases the complexities of modeling. 

4.5. Conclusion 

The study has demonstrated that open geospatial data has the potential for mapping 

deprived areas. Open geospatial data, by definition, is free and open which allows other 

people to reproduce the results. The combination of physical and social characteristics 

provides a broad view of deprived areas. From the quantitative results, we observed that 

the generalized models provided the best results. While open geospatial data proves to be 

capable of mapping deprived areas, inherent errors in the dataset potentially affect the 
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modelôs performance. The study serves as an initial point to develop machine learning-

based methods that combine physical and social characteristics of deprived areas beyond 

proof-of-concept.  
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5. Chapter 5: Combination of Contextual Features and Open Geospatial Data 

5.1. Introduction  

The UN estimates that around three billion people will live in deprived living 

conditions if no action is taken by 2030. Deprived areas often known as slums or informal 

settlement or precarious settlement lack adequate basic services, household assets, durable 

housing and often located in hazardous areas with multiple deprivation. Most cities in 

LMICs have limited capacity to deal with urbanization problems, which have led to 

increasing socioeconomic disparities and the vulnerability of an unprecedented number of 

people (United Nations, 2020a). Slum-dwellers are often characterized by multiple 

deprivations: (1) high poverty levels and poor housing conditions, (2) usually located in 

high environmental risk areas such as flood zones, and (3) political and institutional 

marginalization ï e.g., slum areas are often not recognized and considered for urban 

planning or disaster preparedness programs (Dodman et al., 2018). 

Accurate and comprehensive measurements of deprived areas are fundamental 

inputs for both research and policy. For example, good measures are required to monitor 

the progress of sustainable development goals (SDGS) and evaluate interventions designed 

to alleviate poverty and climate vulnerabilities (e.g., natural hazards, health, climate change 

risks). Unfortunately, many Low- and Middle-Income Countries (LMICs) do not have up-

to-date detailed information on deprived areas. This data gap hampers efforts by local 

Government and International Organization to identify and develop targeted interventions. 

Traditionally, measurement methods of deprivation rely on census or household surveys 

that are prohibitively costly and rarely conducted in many LMICs (Burke et al., 2021). 

They cost hundreds of thousands of dollars and are less frequently collected (at most every 
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five years). They are not scalable and have low spatial resolution often aggregated at 

District or National level.  

The rapid growth of digital technology and big data such as satellite images, 

mobile phones and social media have provided innovative sources of data for 

developmental purposes (Jean et al., 2016). Big data is used for more responsive and 

accurate policy making. Earth observation (EO) data has proven to be useful and efficient 

in deriving timely spatial information and bridging data gaps (Kuffer et al., 2020; Kuffer, 

Pfeffer, & Sliuzas, 2016). Satellite images serve as a reliable source of information to 

identify slum communities based upon morphological characteristics of the urban structure 

(Ć. Abascal et al., 2021; Lilford et al., 2019; Mahabir, Croitoru, et al., 2018). However, 

existing EO methods (see (Leonita et al., 2018; Stark et al., 2020)) mainly reflect slum 

locations and are less useful in characterizing urban deprivation levels. In practice, most 

EO-based studies represent the physical characteristics such as building morphology, slope, 

flood zones (Kuffer, Pfeffer, & Sliuzas, 2016), missing equally important social 

components (Mahabir et al., 2016a, 2020).  Additionally, most existing frameworks mainly 

focus on the physical characteristics (Kohli et al., 2012; Lilford et al., 2019; Mahabir, 

Croitoru, et al., 2018), limiting our capacity to understand deprivation levels fully (e.g., in 

terms of health, natural hazards, environmental risk, and climate change risks). 

Understanding deprivation levels allows researchers and policymakers to identify existing 

inequalities in urban communities, thus enabling targeted approaches to solve urban 

poverty.  

Open-source geospatial data such as building density, population, air pollution, 

and point of interest data can provide socioeconomic proxies of urban deprivation. As 
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shown in chapter 4, it has a potential to map deprived areas, however, their quality and 

completeness is often a limitation for large area mapping.  

Motivated by these challenges and opportunities, this project aims to unravel urban 

deprivation characteristics in multiple city and at large area by combining contextual 

features extracted from freely available Sentinel-2 and geospatial data using machine 

learning techniques. Contextual features have consistent large area coverage and can 

mitigate some of the limitations of open geospatial data (low quality over large areas). The 

aim of using a multi-dimensional approach is to reduce the shortcomings of individual data 

sources. 

EO data only captures the morphological characteristics, missing equally 

important socioeconomic data. VGI can provide socioeconomic data but is limited by 

temporal granularity and completeness. Each data source provides a partial view of urban 

deprivation, which is further intensified in data-poor regions. Therefore, combining the 

data from these two data sources will provide a new methodology and better reflect 

deprivation characteristics needed for science-based policymaking. The main research 

question is (i) does a combination of Contextual features and open geospatial improve 

model performance? and (ii) which features are consistent in importance in multiple 

cities?  

The main contribution of this study includes. 

¶ Identify which features are important for deprived area mapping in multiple cities. 

¶ Providing insight into urban deprivation in multiple cities to assist in building 

resilient communities.   
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5.2. Methodology 

The methodology consists of three steps. (i) we developed a systematic data fusion 

of contextual features and open-source geospatial data, (ii) modeling and evaluating 

deprived areas in multiple cities and over large areas, and (iii) analyzing input features to 

assess which indicators are consistently important in all the cities.  

5.2.1. Image processing and Contextual features  

Freely available Sentinel-2 images were downloaded and processed using Google 

Earth Engine. Details of image processing including cloud and cloud shadow processing 

are in chapter 3. The Sentinel-2 image was then used for contextual feature extraction.  

Contextual features are image features that derive information related to spatial 

patterns, orientation, structure, and irregularity from neighboring pixels. They used filters 

designed to take into account spatial structures. Studies have shown that contextual features 

relate strongly to the urban landscape and often perform much better than spectral patterns. 

Eleven contextual features were computed at 10m resolution including Fourier Transform, 

Gabor, Histogram of Oriented Gradients (HOG), Lacunarity, Linear Binary Pattern 

Moments (LBPM), Line Support Regions (LSR), Mean, the Normalized Difference 

Vegetation Index (NDVI), Oriented FAST and Rotated Brief (ORB), Pantex, and Structural 

Feature Sets (SFS). See Chao et al., 2021 for more detailed explanation of features. 

Contextual features were computed at varying scales of 30m, 50m and 70m to account for 

the spatial variability of the urban fabric. A total of 144 features were extracted. The 10m 

resolution features were then resampled to 100m using a bilinear resampling technique. 

Detailed information on contextual features is found in chapter 3. 
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5.2.2. Open Geospatial data 

Geospatial features are mainly physical data including global risk and hazard 

datasets, building density, land surface temperature, topographic slope, Normalized 

Difference Vegetation Index (NDVI), land use/cover, groundwater score, and nighttime 

lights and socioeconomic spatial data including population and demographic data, malaria 

atlas, point of interest data such as market, education, and health. processed at 100m 

resolution. Detailed information on the processing of these data sets is found in chapter 4.  

5.2.3. Input features for modeling  

Using exploratory data analysis and expert knowledge, 11 geospatial (appendix 

4.1) and 45 contextual features were used for user-defined modeling (Appendix 5.1). These 

features were used as they performed well on previous studies (chapter 3 and 4). We also 

tested the performance of including all features (total of 197 features) in modeling.  

5.2.4. Machine learning development  

The study used a patch-based modeling approach. This means that training areas 

are divided into patches (blocks). Training patches contain samples of deprived types 

identified in chapter 2. This allows us to integrate all the identified deprive types (chapter 

2) in training.  

A multistep modeling approach was used. Models were first trained in individual 

cities, followed by city to city modeling to assess the spatial transferability in other cities 

and lastly, a generalized model where samples from all the cities were used for training. 

Table 5.1 shows the training, validation and testing split for all the modeling approaches.  

Table 5.1 Train, validation and test split  
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Model  Training (%)  Validation (%)  Testing (%) 

Individual city  60 10 30 

City to city City A 

80 

City A 

20 

City B or C 

100 

Generalized 

model  

Combine city A, B and 

C 

60 

Combine city A, B and 

C 

10 

Separate City A, B, and C 

30 

 

Modeling was done using three machine learning classifiers, namely, Random 

Forest (RF), Multilayer Perceptron (MLP) and Extreme Gradient Boosting (XGBoost). We 

tuned the parameters by grid search to improve the classifiers. The validation set was used 

to inspect the best combination of modelôs hyper parameters.  

5.2.5. Modeling and evaluation  

Both quantitative and qualitative evaluation was performed on the test patch set. 

For quantitative assessment, we used the precision, recall, F1 deprived and F1 macro. F1 

deprived focuses on the harmonic mean of precision and recall of only the deprived class 

and F1 macro assesses the harmonic mean of both the deprived and non-deprived class. 

For qualitative assessment, we used visual assessment using Google Basemap Imagery and 

compared the prediction to the deprived types identified in chapter 2. 

5.3. Results 

5.3.1. Quantitative assessment  

5.3.1.1. Individual city model   

Table 5.2 presents detailed results of the qualitative assessment on the test patch 

set. Results indicate that all features and user defined features were not much different for 

all the cities. The best results were obtained with the Nairobi model with an F1 deprived 
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score 83% and 79% for all and user-defined features, respectively. The Accra and Lagos 

model struggled to perform with model F1 deprived scores of 58% for Accra and 67% for 

Lagos. Again, models achieved low precision for Accra and Lagos indicating the likelihood 

of over predicting deprived class.  

We also observed a wide difference between F1-deprived and F1-marco for Accra 

and Lagos. This is because models tended to perform well on detecting non-deprived 

classes. Each city has different best performing classifiers depending on the input features 

set, indicating that machine learning classifiers are sensitive to input features. 

Table 5.2 individual city model  

City  

 

Input 

feature set  

Model  Precision Recall F1-

Deprived  

F1-Macro 

Accra All  RF 0.48 0.58 0.52 0.73 

  MLP 0.42 0.70 0.52 0.72 

  XGBoost 0.64 0.41 0.50 0.73 

 User-defined  RF 0.49 0.92 0.58 0.76 

  MLP 0.43 0.64 0.51 0.72 

  XGBoost 0.68 0.42 0.52 0.74 

Lagos  All  RF 0.42 0.99 0.59 0.67 

  MLP 0.55 0.66 0.60 0.74 

  XGBoost 0.51 0.97 0.67 0.75 

 User-defined RF 0.45 0.99 0.62 0.71 

  MLP 0.41 0.97 0.58 0.67 

  XGBoost 0.43 0.99 0.60 0.68 

Nairobi All  RF 0.71 0.84 0.77 0.75 

  MLP 0.77 0.89 0.83 0.81 

  XGBoost 0.77 0.83 0.80 0.79 

 User-defined RF 0.71 0.78 0.74 0.73 

  MLP 0.73 0.82 0.77 0.76 

  XGBoost 0.78 0.79 0.79 0.79 

 



90 

 

5.3.1.2. City to city model 

Table 5.3 shows the result of models built using data from one city and tested on 

other cities. Results show that the best F1 deprived score for city to city model ranges 

between 51% to 72%. This indicates modelsô ability to predict deprived areas on unseen 

geographic locations with unique characteristics. Assessing the individual city model in 

detail, we found out that the Accra model performed decently when tested in Lagos with 

best F1 deprived score of 63% and 57% for all and use-defined features, respectively. 

Similarly, the Lagos models obtained decent F1 deprived score of 66% and 67% for All 

and user-defined features. The Lagos model tends to have slightly higher score than Accra 

model.  

The Accra model performed poorly when tested on Nairobi with F1 deprived score 

of 42% and 51% for All and user-defined features. Correspondingly, the Nairobi model 

performed relatively poorly when tested on Accra with an F1 deprived score 54% and 63% 

for all and user-defined features.  

The Lagos model performed acceptably when tested in Nairobi with an F1 

deprived score of 72% and 68% for all and user-defined features. Conversely, the Nairobi 

model struggled to predict deprived areas for Lagos for all features (42% F1 deprived) and 

moderately for user-defined (67% F1 deprived).  

It can generally be said that the Lagos model is able to capture enough 

complexities to allow it to better predict deprived areas in Accra and Lagos.  
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Table 5.3 city to city model  

City  Test city Input 

feature set   

Model  Precision Recall F1 

Deprived  

F1 

Macro 

Accra  Lagos  All  RF 0.82 0.43 0.56 0.66 

   MLP 0.64 0.29 0.40 0.55 

   XGBoost 0.79 0.52 0.63 0.70 

 Lagos User-define RF 0.91 0.37 0.53 0.65 

   MLP - - - - 

   XGBoost 0.89 0.42 0.57 0.67 

 Nairobi All  RF 0.87 0.28 0.42 0.61 

   MLP 0.29 0.05 0.08 0.41 

   XGBoost 0.81 0.21 0.34 0.56 

 Nairobi  User-define  RF 0.91 0.36 0.51 0.67 

   MLP - - - - 

   XGBoost 0.91 0.18 0.31 0.55 

Lagos  Accra All  RF 0.67 0.37 0.48 0.68 

   MLP 0.25 0.84 0.39 0.35 

   XGBoost 0.55 0.82 0.66 0.76 

 Accra User-define  RF 0.61 0.74 0.67 0.77 

   MLP - - - - 

   XGBoost 0.51 0.88 0.65 0.74 

 Nairobi  All  RF 0.62 0.1 0.1 0.39 

   MLP 0.38 0.77 0.51 0.42 

   XGBoost 0.73 0.70 0.72 0.77 

 Nairobi User-define  RF 0.70 0.54 0.61 0.70 

   MLP 0.41 0.92 0.57 0.43 

   XGBoost 0.70 0.65 0.68 0.74 

Nairobi  Accra All  RF 0.55 0.05 0.08 0.47 

   MLP 0.11 0.01 0.01 0.43 

   XGBoost 0.49 0.58 0.54 0.68 

 Accra User-define  RF 0.72 0.56 0.63 0.77 

   MLP 0.40 0.62 0.48 0.63 

   XGBoost 0.92 0.07 0.14 0.50 

 Lagos  All  RF 0.40 0.02 0.03 0.36 

   MLP 0.25 0.01 0.02 0.35 

   XGBoost 0.82 0.28 0.42 0.58 

 Lagos User-define  RF 0.81 0.58 0.67 0.73 

   MLP 0.74 0.51 0.60 0.67 

   XGBoost 0.80 0.24 0.37 0.55 
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5.3.1.3. Generalized model  

Using training data from all the cities, we experimented with modelsô ability to 

learn variety of variables from different cities to improve prediction. Table 5.4 shows the 

results of the generalized model when tested on each of the cities.  Results indicate that it 

improved the results for Accra and slightly decreased for Lagos and Nairobi.  

Similar to the individual city models, we observed a large difference between F1 

deprived and F1 macro for Accra and Lagos, indicating that itôs performing well on the 

non-deprived class. For Nairobi, F1 deprived was slightly higher than F1 macro. This 

implies that the model is performing well in the deprived class relative to the non-deprived 

class. Also, it could also mean that the generalized model is able to capture the dynamics 

of the cities in a single model. 

In general, XGBoost performed best in most cases indicating the importance of 

more training data for such classifiers. This may mean that XGboost requires more training 

data to make good predictions. 
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Table 5.4 Generalized model  

 Input 

feature 

Model Precision Recall F1 deprived F1 Macro 

Accra All  RF 0.53 0.56 0.55 0.75 

  MLP 0.50 0.46 0.48 0.71 

  XGBoost 0.69 0.49 0.57 0.77 

 User-define  RF 0.51 0.71 0.59 0.77 

  MLP 0.45 0.73 0.56 0.75 

  XGBoost 0.62 0.53 0.57 0.76 

Lagos All  RF 0.42 0.91 0.57 0.67 

  MLP 0.44 0.88 0.58 0.69 

  XGBoost 0.49 0.97 0.65 0.74 

 User-define  RF 0.43 0.91 0.58 0.68 

  MLP 0.44 0.99 0.61 0.69 

  XGBoost 0.48 0.94 0.63 0.73 

Nairobi  All  RF 0.69 0.88 0.77 0.74 

  MLP 0.72 0.82 0.76 0.75 

  XGBoost 0.77 0.85 0.81 0.80 

 User-define  RF 0.70 0.87 0.78 0.75 

  MLP 0.75 0.75 0.75 0.75 

  XGBoost 0.76 0.87 0.82 0.80 

5.3.2. Qualitative assessment 

The generalized model was used for mapping predictions to the whole region of 

interest. Afterwards, we visually assessed its performance by overlaying it on Google 

Basemap imagery. In general, deprived areas tend to be overpredicted in all cities (see 

figure 5.1 ï 5.3). Although the quantitative metrics for Nairobi were high, the visual 

assessment was the poorest with several misclassification of formal areas as deprived. As 

shown in Figure 5.4, the model did not perform well on the deprived types compared to 

other using features separately. There may be confusion between features that may have 

affected the modelôs performance.  
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Figure 5.1 classification result of Accra. user-defined features. 
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Figure 5.2 classification result of Lagos. user-defined features. 

 
 

 

 

 

 

 

 

 



96 

 

Figure 5.3 classification result of Nairobi. user-defined features. 
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Figure 5.4 Prediction on derived types  

 

5.3.3. Important features 

Figures 5.5 and 5.6 show the top 20 features ranked in order of importance for the 

individual and generalized models, respectively. The features score ranges from 0 to 1 with 

close to 1 indicating high impact and vice versa. Results indicate that building count, 

building density and NDVI were ranked high and consistent in all cities for both all and 

user-defined features and all models. This implies that these features are consistent and can 

contribute to the transferability of models. Apart from that, each city tends to have different 

features. We observed that the main contributors for Lagos city were the socioeconomic 

features with few contextual features. This shows that deprived areas in Lagos are more of 

a socioeconomic problem and the use of physical features allows models to underperform 

(see chapter 3 results). Accra and Nairobi tend to have a mix of the two feature sets. This 



98 

 

could explain why the Lagos model was able to better predict deprived areas in Accra and 

Lagos while the reverse struggled to perform. 
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Figure 5.5 Important features for individual city model 
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Figure 5.6 Importance features for generalized model  

 

5.4. Discussion and conclusion 

In this research, we experimented with a combination of contextual features 

extracted from Sentinel-2 and open geospatial datasets to map deprived areas. The 

combined features allow us to address the shortcoming of both datasets for scalable and 

transferable mapping. Although the quantitative assessment was not significantly different 

compared to using the features separately, the results revealed that the combined set can 

potentially complement each other to improve model performance in a large area where 

data quality and completeness is a challenge.  

There was no significant difference between All and user-defined features F1 

scores. This means that fewer features can achieve comparable results reducing 

computational time. The transfer learning experiment shows promising results indicating 

the ability to map unseen geographic locations. The Lagos model was able to predict 

deprived areas with better accuracy in Accra and Nairobi compared to other models. Both 

the Accra and Nairobi models underperformed in Lagos due to the complex deprived 

characteristics in Lagos. The top 20 features show that Lagos cityôs major contributors were 
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the socioeconomic features while the results from Accra and Nairobi had a complex mix 

of the two-feature datasets. This might explain why the other cities struggled to perform in 

Lagos.  

The generalized model improved model performance of Nairobi and led to a slight 

decrease for Accra and Lagos compared to the individual models. The difference between 

the generalized and individual model is not significant. The findings show the added 

advantage of the combined feature set as other studies using only the physical 

characteristics achieved poor accuracy (Duque et al., 2017) and chapter 3 using contextual 

features. The results show the possibility of global mapping. However, tests in more cities 

are required. 

A major limitation of the approach is the computational cost. The combined feature 

set increases computational time. However, with the availability of free/low-cost cloud 

computing platforms such as Google Earth Engine, and Google Collaboratory and free 

sandbox (e.g., Digital Earth Africa), there are still prospects.  

The use of difference scales for the same features might have affected modelsô 

performance. Future work will use one feature to reduce redundancy and dimensionality to 

improve modeling.  

The user-defined features are based on expert knowledge and subject to 

uncertainty. Experts might have missed other important features. Future works will explore 

a detailed and robust quantitative features selection approach to determine the most 

discriminant features as well as the number of features needed to achieve the best results.  
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The study acknowledges the temporal differences in the dataset that might have 

introduced uncertainties in the models. Additionally, inherrent errors such as data quality, 

and completeness in the open geospatial data might have affected modelsô performance.  
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6. Chapter 6: Conclusion 

6.1. Main conclusion per research objective  

 The main objective of this thesis is to develop and assess scalable and transferable 

methods for mapping deprived areas across multiple cities and over large areas, utilizing 

machine learning models applied on freely available geospatial data and Sentinel-2. To 

achieve these objectives and answer the research questions, efficient approaches were 

developed and leveraged into a semi-automated workflow to map deprived areas using free 

and open-source data and tools.  This chapter summarizes the key findings, discusses the 

limitations of the experiments, and provides an open perspective for future research. 

6.1.1. Conclusion of sub objective 1 (chapter 2) ï Morphology of Deprived Areas 

In this sub objective, we presented a simple approach of analyzing the 

morphological characteristics of deprived areas. The findings support the understanding of 

deprived areas through aerial view and ground level information. The study revealed that 

deprived areas are heterogeneous in nature and have high diversity across cities and even 

within a single city. Despite the complex nature of deprived areas, we were able to identify 

five broad types and discuss the likely challenges to mapping them. This allows for the 

conceptualization in terms of mapping scales, input features and practical approaches to 

evaluate modelsô performance at a large area and multiple cities. Overall, the study shed 

more light on the complexity of deprived areas in multiple cities and provides a basis for 

the later chapters. 
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6.1.2. Conclusion of sub objective 2 (chapter 3) ï Contextual features 

In this sub objective, the study proposed a scalable and transferable method for 

mapping deprived areas over large areas and in multiple cities using contextual features 

extracted from freely available Sentinel-2 data. The study revealed that there is not one 

best machine learning classifier for all cities. MLP tended to perform well in Lagos and 

XGboost for Nairobi and Accra. In addition, models performed well in the individual cities 

but underperformed using the generalized model due to the differences in the spatial 

structure of each city. The sensitivity of the spatial structure increases modeling 

complexities causing the generalized models to underperform. Models struggle to perform 

in Lagos as deprivation is more of a socioeconomic than physical feature in the city. We 

conclude that contextual features have a potential for mapping deprived areas over large 

areas and the inclusion of additional geospatial data and improved training data may allow 

for global mapping. 

6.1.3. Conclusion of sub objective 3 (chapter 4) ï Covariate features 

In this sub objective, the study demonstrated the ability of using open geospatial 

data to map deprived areas over large areas in multiple cities. The study revealed that the 

most important features needed for scalable and transfer learning are building count, 

building density, NDVI and population. The generalized model combining training 

samples from all the cities produced the most accurate model compared to the individual 

city models. These findings show the ability of open geospatial data to overcome existing 

limitations using only the EO features. Despite open geospatial features promising results, 

they are limited in their temporal granularity, data completeness, low spatial coverage, and 

data quality that limits continental and global mapping. 
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6.1.4. Conclusion of sub objective 4 (chapter 5) ï Combined Contextual and Covariate features 

This objective combined contextual feature (chapter 3) and open geospatial 

(chapter 4) to map deprived areas considering the shortcomings of both datasets. The 

results reveal that the combined set can potentially complement each other to improve 

model performance in a large area mapping where data quality and completeness is a 

challenge. Although the quantitative assessment of F1 deprived score was not significantly 

different compared to using the features separately, the F1 macro score was higher. The 

combined features improve model estimates of the non-deprived class. The best features 

are building count, building density, and NDVI (varying scale from contextual features). 

Except for Lagos where most of the important features were from the socioeconomic 

features, Accra and Nairobi tend to have a near perfect mix of contextual and open 

geospatial features. We conclude that the combined features offer the best advantage for 

global mapping.  

6.2. Reflections  

This section reflects the main findings of the research and provides areas for 

further research.  

6.2.1. Main contribution  

The thesis allows us to map deprived areas in a systematic manner over large areas 

and in multiple cities. The thesis contributed to three main aspects - the conceptualization 

and characterization of deprived areas, producing a scalable and transferable methodology 

and providing the potential to do global mapping. 
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Conceptualization and characterization of deprived areas 

The thesis shows that deprived areas shared broad categorization in terms of 

density, patterns, and environmental indicators. This broad categorization allows us to map 

deprived areas using satellite images and geospatial data. Therefore, a clear operational 

definition and systematic conceptualization is essential for successful large area and 

transfer modeling. Similar conclusions were drawn by (Engstrom et al., 2015; Graesser et 

al., 2012; Kohli et al., 2016). Contrarywise, deprived areas are highly diverse with unique 

morphological and socioeconomic characteristics across cities and even in a single city. 

Therefore, the notion of homogenous category is oversimplifying the ground realities. The 

categorization of deprived areas into types allows us to prepare, train and test patches that 

capture this diversity at a large scale. It allows for consistency, comparisons across cities, 

and a defined mapping scale that considers ethics and protects the, at risk deprived types 

(pocket slums) as argued by Owusu et al. (2021). However, more studies on other cities are 

needed for global mapping.  

 

Scalable and transferable methodology  

The thesis showed that each input feature datasets have their strengths and 

weaknesses. Contextual features provide consistent global coverage and ensure data 

completeness, but they miss equally and sometimes (Lagos) important socioeconomic 

features. Open geospatial data allow for the integration of physical and socioeconomic 

features but have low temporal granularity, poor data quality and completeness for large 
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areas. Some socioeconomic features are not available in most LMICs. The combination of 

contextual and geospatial features shows a much better scalable and transferable approach 

but at a high computational cost.  Feature selection is relevant to reduce processing time if 

this type of research was done at a global scale. Within this thesis, user-defined features 

based on expert knowledge and top ranked features from ML models were used to select 

significant features. The choice of 100m regular grid cells allows for easy data integration 

of various data sources. The mapping scale unit also allows excluding at risk to eviction 

slums as argued by Owusu et al. (2021). The use of patch based for training and testing 

makes the proposed approach synoptic and provides low-cost evaluation at large areas and 

comparable across cities. Moreover, the use of OpenStreetMap, High resolution Google 

Satellite Imagery and Google Street View data combined with standardized visual 

interpretation in small patches allows us to develop rich training data for modeling and 

testing.  

Application to global mapping 

The thesis proposed an approach that has a potential for global mapping of 

deprived areas. To the best of our knowledge, it is the first large area mapping for multiple 

Sub-Saharan African Cities with the potential of support urban planning and policy 

making. The proposed approach relies on free available data sources and open-source 

geospatial tools that allow reproducibility of results. The entire processing chain codes are 

available on a dedicated GitHub repository (https://github.com/maxwellowusu/IdeaMaps). 

The proposed machine learning approach has proved to be efficient in handling large 

datasets. This approach is relevant for most LMICs which have limited funds and their 

https://github.com/maxwellowusu/IdeaMaps
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rapid pace of urbanization requires frequent updates. The developed processing chain can 

be reused, or improved for other cities, allowing other researchers to build upon it.  

6.2.2. Limitation of the research  

Even though the proposed approach provides a highly valuable contribution to 

deprived area mapping, there are some limitations. Training samples mainly came from the 

inner city. We have little information on the Suburbs. Therefore, we couldnôt do a detailed 

assessment of the modelôs performance in those areas. Regarding the geospatial data, the 

poor data quality and incompleteness (e.g., OSM data) especially at the Suburbs introduced 

affected modelsô performance on the large scale. Using all features increased computational 

time and storage.  

6.2.3. Recommendation for further research  

The following topics may be considered for future research: 

¶ Further studies are required to understand deprived characteristics outside the city 

centers, in the Suburbs. This will allow a holistic understanding of the 

phenomenon and better judge modelsô outcomes in the suburbs. More studies in 

secondary cities which are often in a transitional zone is needed.  

¶ Detailed feature selection and sensitivity analysis of features will be essential. 

Future studies should investigate the number of features needed to achieve the best 

results and feature sensitivity to the model's outcome.  

¶ Future works should discuss model output with low slum experts and use their 

feedback to improve them. This will allow inclusion of local context knowledge 

in the model, addressing some of the complexities.  



109 

 

¶ Future studies can explore modern deep learning techniques and data 

augmentation to improve model outcomes.  

¶ Prediction on the final map suffers with data skewness. Future studies should 

explore small tiles prediction to reduce this effect.   
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8. Appendix 

Appendix 3.1 Accra Model 
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Appendix 3.2: Lagos Model 
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Appendix 3.3: Nairobi Model 
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Appendix 3.4: Generalized Model 

 

Appendix 3.5 Optimized parameters  

Best Models Hyperparameters 

Multi -Layer 

Perceptron 

(MLP) 

'activation': 'relu', 'alpha': 0.0001, 'hidden_layer_sizes': (100, 100, 100), 

'learning_rate': 'invscaling', 'solver': 'adam' 

XGBoost {'learning_rate': 0.05, 'max_depth': 5, 'min_child_weight': 1, 'n_estimators': 180} 

 

Appendix 3.6 Optimized parameters  

Best Model  Hyperparameters  

Multi -Layer 

Perceptron 

(MLP) 

'activation': 'relu', 'alpha': 0.0001, 'hidden_layer_sizes': (100, 100, 100), 

'learning_rate': 'invscaling', 'solver': 'adam'  

Appendix 4.1: All geospatial features  

All features can be found in this link.   

https://docs.google.com/spreadsheets/d/1eZLTofb7vU_CQ0DhxB6bxvvO9bXNq_Mz1ZPQYW_-ims/edit?usp=sharing
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Appendix 4.2: user-defined open geospatial features  

Data variable 

name Data description 

Data 

year prod_name* prod_website 

uu_bld_count_

2020 

Counts of buildings that fall within a 

grid cell. Extracted from national-

level dataset 2020 

Worldpop 

Open 

Repository 

https://wopr.worldpop.or

g/ 

uu_bld_den_20

20 

Measure of the number of buildings 

per grid cell area. Extracted from 

national-level dataset. 2020 

Worldpop 

Open 

Repository 

https://wopr.worldpop.or

g/ 

ph_climate_ris

k_2020 

Average of monthly climate risk: 

CHIRPS - Rainfall Estimates from 

Rain Gauge and Satellite 

Observations resampled to the 

IDEAMAPS 100x100m grid using 

cubic convolution and clipped to the 

IDEAMAPS Accra urban extent. 

1981-

2020 CHIRPS 

https://chc.ucsb.edu/data/

chpclim 

ho_impr_housi

ng_2015 

Derived from global 5x5km dataset. 

Resampled the raster to the 

IDEAMAPS 100x100m grid using 

cubic convolution and clipped the 

resampled raster to the IDEAMAPS 

Accra urban extent. 2015 

The Malaria 

Atlas Project https://malariaatlas.org/ 

ph_ndvi_2019 

Accra Max NDVI value of 2019 at 

30m resolution (retrived from 

Climate Engine), and then resampled 

into 100m grid. 2019 

Desert 

Research 

Center, 

University of 

Idaho 

http://climateengine.org/ 

ph_max_tem_2

019 

Accra maximum ground temperature 

of 2019 2019 

Climatology 

Lab 

http://www.climatologyla

b.org/ 

po_hrsl_2018 

Accra Estimated Population Count 

2018 (HRSL-Facebook) resampled 

from 30m original resoultion to 

100m grid 2018 

Facebook & 

CIESIN 

https://dataforgood.fb.co

m/tools/population-

density-maps/ 

po_wp_2020 

Accra Estimated Population Count 

2020 in 100m grid (WorldPop-

UNadj-constrained) 2020 Worldpop 

https://www.worldpop.or

g/ 

ph_slope_2000 

The value of each grid cell represents 

its topographic slope (in degree). 

Extracted from the SRTM-based 

slope (2000) national-level dataset. 

We then resampled the raster to the 

IDEAMAPS 100x100m grid using 

cubic 2000 Worldpop 

https://www.worldpop.or

g/ 

uu_urb_bldg_2

018 

Urban/rural classification based on 

building patterns in that area. 1 

indicates urban, 0 indicates rural. 

Extracted from national-level 

dataset. 2020 

Worldpop 

Open 

Repository 

https://wopr.worldpop.or

g/ 

in_night_light_

2016 

VIIRS night-time lights resampled to 

the IDEAMAPS 100x100m grid 

using cubic convolution and clipped 

to the Accra urban extent. 2016 Worldpop 

https://www.worldpop.or

g/geodata/summary?id=

18619 

 

https://wopr.worldpop.org/
https://wopr.worldpop.org/
https://wopr.worldpop.org/
https://wopr.worldpop.org/
https://chc.ucsb.edu/data/chpclim
https://chc.ucsb.edu/data/chpclim
https://malariaatlas.org/
http://climateengine.org/
http://www.climatologylab.org/
http://www.climatologylab.org/
https://dataforgood.fb.com/tools/population-density-maps/
https://dataforgood.fb.com/tools/population-density-maps/
https://dataforgood.fb.com/tools/population-density-maps/
https://www.worldpop.org/
https://www.worldpop.org/
https://www.worldpop.org/
https://www.worldpop.org/
https://wopr.worldpop.org/
https://wopr.worldpop.org/
https://www.worldpop.org/geodata/summary?id=18619
https://www.worldpop.org/geodata/summary?id=18619
https://www.worldpop.org/geodata/summary?id=18619
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Appendix 5.1 User-defined contextual features  

List of 45 user-defined contextual features are the following  

'gabor_sc3_filter_1', 'gabor_sc3_filter_11', 'gabor_sc3_filter_13', 'gabor_sc3_filter_3', 

'gabor_sc3_filter_5', 'gabor_sc3_filter_7', 'gabor_sc3_filter_9', 'gabor_sc3_mean', 

'gabor_sc5_filter_1', 'gabor_sc5_filter_11', 'gabor_sc5_filter_13', 'gabor_sc5_filter_3', 

'gabor_sc5_filter_5', 'gabor_sc5_filter_7', 'gabor_sc5_filter_9', 'gabor_sc5_mean', 

'gabor_sc7_filter_1', 'gabor_sc7_filter_11', 'gabor_sc7_filter_13', 'gabor_sc7_filter_3', 

'gabor_sc7_filter_5', 'gabor_sc7_filter_7', 'gabor_sc7_filter_9', 'gabor_sc7_mean', 

'lbpm_sc7_kurtosis', 'lbpm_sc7_max', 'lbpm_sc7_skew', 'mean_sc3_mean', 

'mean_sc5_mean', 'mean_sc7_mean', 'ndvi_sc3_mean', 'ndvi_sc5_mean', 

'ndvi_sc7_mean', 'sfs_sc31_max_line_length', 

'sfs_sc31_max_ratio_of_orthogonal_angles', 'sfs_sc31_mean', 'sfs_sc31_std', 

'sfs_sc51_max_line_length', 'sfs_sc51_max_ratio_of_orthogonal_angles', 

'sfs_sc51_mean', 'sfs_sc51_std', 'sfs_sc71_max_line_length', 

'sfs_sc71_max_ratio_of_orthogonal_angles', 'sfs_sc71_mean', 'sfs_sc71_std' 

 

 

 


