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Abstract

Sub-Saharan Africa is the fastest urbanising region globally, with cities experiencing rapid
changes in infrastructure such as roads, buildings, vegetation and land use. Monitor-
ing these developments is crucial for informing measures that make urban development
sustainable and benefit city residents. Using high-resolution satellite imagery and unsu-
pervised machine learning, this thesis presents a new framework to characterise urban
environments in Accra and three other Sub-Saharan cities.

In Accra, the method identified distinct and interpretable urban phenotypes. Clusters
captured either single urban features, such as water bodies, or intricate combinations like
buildings surrounded by vegetation. With its nuanced analysis of Accra, including sen-
sitivity analyses on scale and cluster number, this approach set a strong foundation for
expanding to other cities in Sub-Saharan Africa.

In the second part, the method was extended to multiple cities, using a two-step fea-
ture learning and clustering approach. It was applied to four Sub-Saharan cities: Accra,
Dakar, Dar es Salaam and Kigali. The framework identified shared urban phenotypes
across all cities, including densely populated areas and informal settlements both within
and outside the city core. It also captured city-specific features such as patterns of urban
vegetation and urban agriculture in Dar es Salaam and Kigali.

This work revealed common growth patterns across African cities. Specifically, Accra,
Dakar, and Dar es Salaam share similar urban features, largely due to their colonial his-
tories, even though they differ in climate and historical backgrounds. Kigali differs in its
lack of a strong colonial footprint, yet shares other features, such as mixed urban-rural
landscapes. This thesis demonstrates that high-resolution satellite images, coupled with
unsupervised deep learning provide an interpretable and scalable solution for tracking ur-
ban development in near real-time, particularly in low-income countries where traditional

data are scarce.



Ghana by Air

Let the dry savannah winds
grab you by the hair

and drag you

stumbling

through tough clumps

of cow-nibbled grass.

Did you see the children streak by

on bikes - two or sometimes three on the same?
Did you see the striking garments

energised by night dances?

Now the green of the forest
will sweep you across the secret
passages of

Ashanti pride

into the rich red

depths of palm nut soup.

Did you see a woman drag her husband
home by the cuff - insulting him all the way?
Did you hear the market traders

hurling prices down the street?

The lights of Accra

will confound you as you circle
dreamily round

haphazard

houses arranged to fit
sprouting family trees.

Did you hear the blaring
horns - sometimes angry, sometimes friendly?

Did you see two lovers
heading for Labadi beach?

Follow them

lift the hem

of the sea

you have reached
the centre

of the world

Niui Ayikwei Parkes, 2020
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Chapter 1

Introduction

In the past and present, African cities are estimated and projected to experience the
highest rates of population growth globally. Over the last 50 years, the urban population
in Sub-Saharan Africa (SSA) has increased almost tenfold, rising from 51 million in 1970
to more than 450 million today [3]. And this trend is anticipated to continue. According
to United Nations (UN) projections, the population of African cities will grow by an ad-

ditional 950 million people over the next three decades [3].

However, due to their rapid urban growth and limited enforcement of urban planning
policies in SSA, cities in SSA are expanding and changing in an irregular nature [4]. This
development has led to heterogeneous land use and housing patterns, creating pockets
of informal settlements and varied neighbourhoods scattered across large city boundaries
[4]. Despite challenges related to lacking infrastructure and provisions, cities also offer
substantial opportunities for fighting poverty and propelling sustainable development [5].
The UN ‘World Cities Report 2020 underscores the necessity of developing data-driven
strategies to harness the potential of urbanisation and, in doing so, foster sustainable and
resilient urban landscapes [3]. However, the lack of data, especially in SSA, restricts the

implementation of these strategies.
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Addressing these data gaps in SSA presents a significant challenge. Much of data-driven
urban research focuses on the Global North, resulting in a lack of representation for the
unique urban development realities in SSA [6]. While recent initiatives by private com-
panies and public organisations have made strides in collecting datasets capturing urban
features such as vegetation, roads, buildings, and population, comprehensive datasets are
still lacking [7, 8, @, 10]. In addition, data accessibility issues persist, and the available
data often have varying spatial and temporal coverage and resolutions [I1, 12], [13].

High-resolution satellite images combined with deep learning have emerged as a powerful
tool to fill these data gaps and provide detailed insights into the urban form, including the
built and natural environment [I4] [15], 16]. Among these, unsupervised machine learning
algorithms, particularly clustering, can identify patterns in large datasets without signifi-
cant prior knowledge, assumptions or labels [I7,[18]. It is a data-driven process analogous
to categorising a collection of objects based solely on observed attributes [17,19]. In urban
and environmental studies, unsupervised learning can aid in unravelling the complexities
of cities and provide valuable insights on trends in urban development [20]. With the
advancements of deep learning, more nuanced and detailed studies of urban environments
have become possible [2I]. However, the application of unsupervised deep learning to

remote sensing images in urban environment analysis remains understudied [22].

1.1 Research aims and objectives

This PhD research is housed within the Pathways to Equitable Healthy Cities Study, which
is a global partnership of leading academic and policy institutions from six countries with
the main goal of improving population health, enhancing health equity, and ensuring en-

vironmental sustainability in cities.

The overall aim of my PhD thesis was to measure and analyse urban development at

different scales in Sub-Saharan Africa (SSA) with satellite images. The objectives of my



1.2. Structure of thesis 25

PhD research were as follows:

1.1.1 Objectives

1. To apply unsupervised clustering to visual features derived from high-resolution

satellite images of Accra, Ghana.

2. To evaluate how the scale of analysis changes the clusters of the unsupervised deep

learning model when applied to urban environments in Accra, Ghana.

3. To interpret the clusters in relation to external demographic and environmental

features.

4. To extend the clustering framework to additional cities in SSA and to identify
clusters, and their extent and arrangement, across cities that are similar and clusters

that are city-specific.

1.2 Structure of thesis

In Chapter 2| T give an overview of the current literature on urbanisation with a focus on
cities in SSA. Additionally, I summarise advances in Machine Learning (ML), especially
unsupervised ML applied to satellite images for studying cities. In Chapter 3], I introduce
the different data sources and formats that were used in my work, and state the intricacies
of high-resolution satellite images. In Chapter [4] I describe a combined feature extraction
and deep learning clustering framework and apply it to satellite images of Accra, Ghana.
Chapter [5] includes the sensitivity analyses of the framework, which investigates various
model choices such as the scale of analysis and the number of clusters. In Chapter
6 I describe how the deep learning clustering framework can be effectively scaled and
applied to multiple cities in SSA. In Chapter [7] I apply a combined feature extraction and

clustering approach to four cities in SSA and describe the resultant urban clusters. Lastly,
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Chapter [8] provides a comprehensive discussion of the findings, drawing final conclusions

and elucidating the broader implications stemming from the research.



Chapter 2

Background

2.1 Overview

In this chapter, I summarise the literature on the intersection of urban development,
computer vision, unsupervised machine learning and remote sensing. The chapter opens
with a summary of urbanisation trends and urban policy in Sub-Saharan Africa (SSA),
with a focus on the cities studied in this thesis. Secondly, I review the literature on how
complex urban environments are studied and how remote sensing data can be used to
aid the analysis. I further describe how computer vision and deep learning algorithms
have been applied to satellite images to study urban environments. Finally, I outline the
literature on unsupervised machine learning and clustering methods and explain how they

are used to study urban environments together with images.

2.2 Urbanisation in Sub-Saharan Africa

For most of human history, people lived in rural areas. Over the last century and es-

pecially the recent decades, this has shifted dramatically. In 2007, for the first time in
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history, more people lived in cities compared to their rural counterparts. Since then, the
urban population has been increasing steadily. Today, about 4.3 billion people live in
cities, which represents about 55% of the world’s population [3]. In Western Europe, the
Americas, Australia, Japan, and the Middle East, over 80% of the population resides in
urbanised regions. In low-income countries, especially SSA, there are still more people
living in rural areas compared to cities. However, this percentage is changing rapidly
through migration to urban areas and changing population structures [4]. The United
Nations (UN) forecasts that by 2030, the urban population of Africa will comprise ap-
proximately 50% of its total population [3]. Within this century, numerous African cities
will evolve into some of the world’s largest metropolises. By 2100, Africa is expected to
be home to a third of the global population [23].

Certain aspects of urbanisation in SSA are unique to the region. Firstly, rural-urban
migration in SSA is typically a result of ‘push’ factors such as deteriorating farming con-
ditions worsened by climate change, fluctuating agricultural prices, natural disasters, and
even violent rural conflicts [24], 25]. These forces drive people towards urban areas, despite
not necessarily corresponding to an increase in overall productivity [25, 26] 27]. Simulta-
neously, urban infrastructure has not been able to match the pace of rapid urbanisation.
As a result, less than half of the urban population in SSA has access to essential services
such as improved sanitation as outlined in Section [2.2.2] Thirdly, urbanisation in SSA
often takes the form of urban concentration, with a large portion of a country’s urban
population living in a single, rapidly growing city [28]. Today, key emerging megacities
include Dar es Salaam, Lagos, Kinshasa, Luanda, and Johannesburg. Forecasts suggest
that by 2100, Africa will house thirteen out of the world’s twenty largest urban agglom-
erations [23]. The fastest growing cities in Africa include Nairobi as well as Accra and

Dakar [29].
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2.2.1 Opportunities of growing cities in Sub-Saharan Africa

Urbanisation in Africa has brought significant advantages to city dwellers. Although there
are some negative aspects associated with such a massive transformation as mentioned in
Section [2.2.2] the benefits in terms of economic opportunities and improved living condi-
tions provided by African cities far outweigh the drawbacks [30]. The urban populations
in SSA tend to outperform rural populations on multiple aspects. First, the availability
of job opportunities makes cities attractive places to live. In comparison to rural areas,
hourly wages in cities are more than double and underemployment is less prevalent due to
urban workers working longer hours per week (about 30% more hours per week) [30, [31].
Education opportunities are also more accessible in African cities, with young residents
receiving between 2.5 to 4 years more education than their rural counterparts. This not
only generates economic and social benefits throughout their lives but also allows for the
transition to a skilled economy [30), 32]. Secondly, cities also offer better infrastructure
and services, such as access to electricity, home ownership, and banking. About 80% of
Africans living in cities are connected to the grid, compared to only 20% of rural house-
holds [33],130]. Cities serve as incubators for social and cultural change, with lower fertility
rates and more favourable dependency ratios than rural areas [30]. Thirdly, health and
life expectancy are usually higher in cities [34] 35 [36]. This is often connected to access
to health facilities and overall better sanitation [37, [38, [39], but also opportunities for
better nutrition and public safety [40].

There is a well-documented relationship between economic growth and urbanisation [41],
42]. Although urbanisation is a multifaceted phenomenon, successful urban development
can yield numerous advantages such as concentrated economic activity, shorter trade
routes, access to jobs, shared infrastructure, and division of labour [43], 44]. Nonetheless,
urbanisation alone does not guarantee economic growth; the nature of the urbanisation
process plays a critical role. It is vital that growth is paralleled by advancements in in-

frastructure, efficient public service delivery, and competent governance to ensure that
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urbanisation positively impacts broader economic development [27), 45], [41].

2.2.2 Challenges of growing cities in Sub-Saharan Africa

On average, life in the city is usually healthier and more convenient [36] as outlined in
Section [2.2.1} However, the average urban dweller rarely exists per se. This is because
high inequalities prevail in cities in SSA. Globally, SSA experiences the second-greatest
income disparity, surpassed only by Latin America, and South African cities are recog-
nised as the most unequal [46]. Even though the percentage of the urban population living
in informal settlements in SSA has decreased from 64% to 51% over the last two decades
[47], there is still a significant percentage of the population living in inadequate housing,
without access to improved water and sanitation. Additionally, these communities face
the highest environmental risks, such as floods or droughts, which are amplified due to
climate change [48], 49].

In contrast to the vertical growth observed in China and Latin America, cities across SSA
are sprawling outwards, a dynamic that is shaping both socio-economic and spatial real-
ities [50}, [5I]. These socio-economic inequalities manifest spatially, meaning many cities
in SSA, have fragmented spatial structures with pockets of slums neighbouring high-rise
business buildings and scattered fringe developments [50, 4]. The World Bank reports
that between 46% and 77% of city growth in Africa has been due to expansion, rather
than densification. A notable feature of this sprawling growth is leapfrogging, a process
where development often bypasses the city centre, leaving patches of undeveloped land
in between, further enhancing the scattered and fragmented nature of these cities [52].
This horizontal growth, however, carries considerable economic implications [51]. It is
generally costlier to provide essential services such as water, power, and transportation to
widespread cities compared to compact ones. As a result, residents often resort to alter-
native solutions, such as private water trucks and waste collectors, increasing living costs

[48]. Furthermore, the scattered structure hampers efficient labour markets. Compact
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cities and those with efficient transport systems enable easier access to job opportunities,
facilitating better matching of skills with vacancies. On the macro scale, the economic
burden is palpable. The relative cost experienced by African households in terms of their
per capita GDP is higher than their counterparts in other regions due to the scattered na-
ture of these cities [4, [51]. This further exacerbates the socio-economic inequalities within
the region. While the overall life expectancy and health are higher in cities in SSA, living
in urban environments also comes with specific health effects. Air and noise pollution,
often exacerbated by rapid urbanisation, are significant concerns, associated with various
health issues, from respiratory diseases to stress-related illnesses [53] [54], [55]. Similarly,
inadequate housing, marked by substandard sanitation and ventilation, is associated with
various health issues. These range from mental health disorders to respiratory and di-
arrhoeal diseases, to vector-borne diseases such as malaria [56] 57, 58]. The availability
of healthcare services can be a hurdle in sprawling peri-urban areas. Even with superior
facilities compared to rural areas, uneven distribution of health facilities makes access
difficult for residents of informal settlements or city fringes, negatively impacting their
health [59]. Lastly, evidence suggests that the decreasing access to urban green spaces

has a negative impact on health and liveability [60, 61].

2.3 Post-colonial urban inheritance and policy in Sub-

Saharan Africa

Much of the existing literature has long perpetuated the perspective of African cities
as dangerous and dysfunctional [62]. Literature on African cities after the turn of the
millennium represents a more nuanced view and emphasises the economic rationality of
numerous activities in African cities, viewing them as the fount of cultural creativity and

innovation [62], as well as places of opportunity and overall better health as outlined in

Section 2.2.11
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From a perspective of the Global North, cities in SSA are very easily classified into formal
and informal [63], often representing the dichotomy of the ‘traditional’” or ‘African’ and
‘modern’ way of living. The former is often represented by unstructured and spontaneous
forms of living and building, and the latter assumes the shape of well-built (as defined by
colonisers) city centres that often mirrored the built structures in their homelands [63].
Yet, these parts of the city deemed informal by the Global North, because housing has
been constructed without permission, often contain very similar structures compared to
formal types of living. In many cases, they share the same city structures (street network
and housing patterns) as the officially acknowledged neighbourhoods next to them [64] [63].
Throughout this thesis, I make the distinction between informal and formal settlements,
but I want to highlight that these distinctions mainly impact land governance and policy.
Informal and thus unregulated does in most cases not imply disorder, since urban settlers
of ‘informal’ settlements often follow strict rules and regulations, for example, street ven-

dors paying ‘taxes’ to specific ‘owner of a place’ [63].

Colonial urban planning patterns, such as segregated residential areas, central business
districts, and infrastructure, continue to shape the spatial organisation and development
of many cities in the region [63], [65]. In the post-colonial era, African governments have
sought to reformulate urban policies to promote more inclusive, sustainable, and equitable
urban environments. These efforts include upgrading informal settlements, investing in
public transportation systems, fostering participatory planning processes, and preserving
green spaces [66]. However, the persistence of the colonial legacy, coupled with rapid ur-
banisation, population growth, and limited resources, presents significant challenges and
vary depending on the region [66]. In addition to lack of resourcing, issues related to
governance persist, such as incentives at different scales of government, which in cases
can create social conflict for urban policy [67, [68], 69]. In the following section, I describe
regional differences in colonial urban inheritance and today’s urban policy efforts in East

and West Africa, with a focus on the cities studied in this thesis, namely Accra (Ghana),
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Dakar (Senegal), Dar es Salaam (Tanzania), and Kigali (Rwanda).

2.3.1 Colonial city planning in the study cities

The influence of colonial histories varies across cities in SSA, with their imprint on urban
development and spatial configurations being more pronounced in certain locations. In
West Africa, for instance, urban growth is significantly shaped by its colonial past [70,
65, [71]. Accra, which was under British colonial rule, epitomises this, showcasing a town
planning rooted in racial considerations, and a mixture of older towns influenced by various
ethnic groups. ‘New Town’, often the first port of call for city migrants, exemplifies these
historical influences [72]. Contrastingly, West African cities under Francophone colonial
rule, such as Dakar, bear a different colonial imprint. They tend to be more compact,
less sprawled, and display more intense development in the city centre [70]. During the
colonial era, the French government enforced greater centralisation and uniformity in the
management of urban areas, with included implementing standardised land use planning
throughout the city, and the use of an integrated road grid system (Plan hippodamien)
as seen in Dakar [70].

The colonial impact on city development extends to East Africa as well. Dar es Salaam’s
urban landscape mirrors Accra in many ways, reflecting the segregation principles of
its British and German colonial past. Elements such as waterfront areas reserved for
colonisers, architecture emulating European styles, and separate sections for ‘Indian and
Arab-style’ residences attest to this history [73] [74].

In contrast, colonial city planning is less prominent in Kigali, another East African city
studied in this thesis. Having become Rwanda’s capital only post-independence in 1962,
and having undergone extensive damage during the Rwandan genocide, Kigali’'s urban
landscape differs significantly from cities with deeper colonial imprints and is mostly

influenced by its geographic landscape.
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2.3.2 Urban development trends and policies in the study cities

Urban landscapes across SSA display both common trends in urban development as well
as unique features stemming from regional geography, historical context, and government
structures. As such, city-specific policies tailored to address each city’s unique challenges
are essential. Urbanisation in West Africa is notably characterised by the emergence of
vast ‘ribbon’ developments or urban corridors along coastal regions. These areas often
extend beyond national borders, marked by high levels of commuting and cross-border
migration [66]. As these urban stretches further expand inland relative to the coast, they
incorporate additional localities, culminating in crowded agglomerations teeming with
vibrant business districts. The increasing demand for prime real estate in these West
African cities has driven up property prices, leading to the marginalisation of low-income
communities through evictions and challenges in secure land ownership [75, [76]. This
situation has underscored the pressing need for upgrading informal settlements, with
community-led organisations lobbying for reforms in urban management and enhanced

service provision [66].

Meanwhile, East Africa, the global leader in urbanisation rates, experiences similar chal-
lenges [3]. The region grapples with critical issues such as high unemployment, growth
of densely populated informal settlements, inadequate infrastructure, and environmental
degradation [66]. For example, Dar es Salaam is one of a few capital cities globally where
infant mortality rates at birth exceed the rural averages [77]. This pattern highlights
the potential adverse outcomes associated with rapid urban growth that is not effectively
managed or properly coordinated. Similar to West Africa, challenges of urbanisation in
East Africa are often amplified by administrative inefficiencies and bureaucratic complex-
ities. Nevertheless, recognising the necessity for sustainable and equitable urbanisation,
national governments have introduced National Urban Policies (NUPs) [66]. Despite their

increasing adoption across SSA, only 17 out of 44 countries had established explicit NUPs
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as of 2015, though countries such as Ghana, Rwanda, and Tanzania have made consid-
erable strides in this direction [66]. Ghana has distinguished itself with a comprehensive
NUP framework and an action plan that translates the framework’s goals into tangible
initiatives [78]. Similarly, Rwanda has demonstrated its commitment to urban issues
through its ambitious ‘Kigali Masterplan’ and the adoption of its NUP in 2015 [79]. Tan-
zania, on the other hand, employs a national master plan and an urban planning act to
manage its urbanisation challenges, illustrating a more localised approach, as exemplified
by the ‘Dar es Salaam Masterplan’ [80, [8T], [66]. Despite expressing interest in developing
a NUP, Senegal has yet to make significant progress [66]. While considerable progress
has been made in policy formulation, the urban policy landscape in SSA remains diverse
and inconsistent, with some countries lacking an explicit NUP. Limited financial resources
continually hinder the timely achievement of urban development goals, even in nations
with established NUPs such as Ghana. Nonetheless, several countries, including Rwanda,
have displayed notable commitments, both effort-wise and financially, towards enhancing

urban planning and living conditions [66].

2.4 Data gaps in Sub-Saharan Africa

Several international frameworks and organisations have underlined the need for more
data and research on urban areas specifically, including a Sustainable Development Goal
(SDG) dedicated to making ”cities and human settlements inclusive, safe, resilient and
sustainable (Goal 11)” [82]. Despite the recognition of necessity to forge new knowledge
to answer complex urban challenges, urban sciences of today are very fragmented and
often focus on the Global North [6]. Datasets that capture information on urban features
of the built and natural environments, such as roads, buildings, and green and blue
space, especially measured on consistent spatial scales and time frequencies, are also
limited. While there has been a notable shift towards collecting and analysing this data

in recent years, driven by sustainable development initiatives and endeavours by major
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companies such as Google and Microsoft [7, 8, 0], gaps in data availability still exist.
Even when data is accessible in SSA, its spatial and temporal consistency often varies
[11, 12, [13]. Addressing these challenges is essential for fostering inclusive urban planning
and building resilient cities that can accommodate the region’s growing population [13].
Effective solutions require the integration of diverse knowledge sources, ensuring a holistic

understanding of urban complexities [83].

2.5 Studying cities

2.5.1 Complexity of cities

The city is one of the most complex cultural products that has expanded all over the globe.
Like language, it is never static, constantly evolving by being put to use and at the same
time shaping how we express ourselves through vocabulary and grammar. In the same
way, cities influence how we live. We shape them through moulding the urban spaces,
with form and function being heavily intertwined [84]. Urban morphology explains just
this form-function complexity, a term coined by the German writer Goethe and originally
used in bioscience to describe the form of biological systems and the relationship between
its constituent parts [85]. A city is therefore not just the sum of all of its parts (in form of
buildings and empty spaces), but also how humans interact with them (their function).

The spatial signatures of cities can reveal different stories of history, society, and technol-
ogy, all of which are encoded in the composition of built and natural environments [86].
Cities tend to share morphological-spatial configurations with their geographical or cul-
tural neighbours [87]. For example, European cities share a common makeup that shows
high structural (and functional) building variability with the urban density decreasing
from the city centre to the periphery. Eastern European cities have a mix of patterns
from Western capitalist urbanisation as well as from their socialist past [8§]. Cities in

the United States, share similarities in terms of connectivity and high density outside of
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the city centre and are in general highly influenced by automobile transport since they
often blossomed in the second half of the 20th century [89]. These cities also share a
resemblance with some cities in Asia and South America that have a colonial or dominion
heritage, such as Singapore and Sao Paolo [87]. Cities in East and Southeast Asia have
grown vertically, with average building height increasing over time [51], in contrast to
cities in SSA, which have a high share of compact, low-rise buildings, displaying indica-
tions of city sprawl that reflect stark contrasts, such as business developments next to
informal settlements and other indications of spatial inequalities [90, 4]. While they are
similar in these regards, they also have some region-specific intricacies discerning cities in
East Africa from cities in West or Central Africa and vice versa. East African cities tend
to have higher structural variability in building size compared to Central African cities
[87], while, both have a large share of low compact, low-rise buildings. Cities in West
Africa share some similarities with some Asian cities (especially cities with British colo-
nial history, e.g. Jaipur, Bangalore, and Baghdad), with a larger share of large low-rise
buildings compared to the other cities in SSA. Large low-rise buildings could also be an

indicator of commercial, institutional, and industrial activities occurring in a specific city.

There are multiple ways of studying the urban complexity of the built and natural en-
vironment in a temporal, spatial, visual, scaling or connectivity context [91]. All these
different quantifiable features of a city reflect and influence the well-being of its dwellers
[92, 03]. However, as described in Section , data on various features of cities’ environ-
ments, such as vegetation, roads, buildings, and population settlements, is limited and
infrequently gathered in low-income countries, or if data are available, have inconsistent
spatial and temporal coverage and resolution. Consequently, studies on urban environ-
ments often focus on individual features, such as the extent of urban areas [10] [94], land
use and land cover [95], 96| 16, 07], including green and blue spaces [98] 9], roads and
connectivity [100] 101], 102], and population density [103]. These elements are interre-

lated and display complex patterns across different scales which are relevant for policy
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implementation at different administrative levels.

2.6 Using images for studying cities

Research suggests that multidimensional factors of urban development can be measured
from images of the urban environment, which provide new opportunities for studying
cities [104], 105, 106]. The idea that images can be used as proxies that represent the
development of a city at multiple scales is based on the premise that these factors can be
either measured through direct visual signals or indirect factors that influence the urban
environment [72), 107, 108]. Recent advances in Artificial Intelligence (AI) and remote
sensing have leveraged the potential that lies in urban modelling with imagery data from
different sources and at various temporal and spatial scales [15, 16l 109, 110].

In Section 2.6.1], I provide a short summary of the literature pertaining to urban analysis
via street-level images. Subsequently, in Section I explore in greater depth the
existing body of work on the use of satellite images and computer vision for studying

cities.

2.6.1 Street-level images

The increasing availability of street-level data has opened up new possibilities for under-
standing and predicting various aspects of urban life. Recent studies have turned to the
application of modern Machine Learning (ML) methods on street-level images to discern
visual city attributes and extrapolate insights about a wide range of urban phenomena.
Arietta et al. [105] used non-linear support vector regression to identify visual city charac-
teristics in street-level images, thereby predicting non-visual city attributes such as crime
rates, housing prices, and population density. Likewise, Gebru [106] identified a correla-
tion between the make and model of cars detected in Google Street View images and the

election results in the United States. Suel et al. [I11] used street-level images to predict
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health and socioeconomic inequalities across London. These works illustrate that image
data, combined with visual heuristics extracted from these images, can be a powerful tool
to complement more labour-intensive approaches in detecting socioeconomic trends with
fine spatial and temporal resolution.

Furthermore, researchers have used street-level images to measure environmental factors
that impact health such as urban green and blue spaces in cities. These either focus on
measuring near-road greenery or blue/green spaces [112] [113] or look at specific types of
vegetation such as tree coverage [114] [115]. Additional research, focuses on urban green
in relation to walkability or physical activity [116], 117]. Further studies examine the
relationship between the natural and built environment and health [T18]. Additionally,
street-level images have been used to map environmental exposures, such as air and light
pollution [119, 120, 121]. Other researchers made use of street-level images to predict
urban appearance and perceptions of safety [122], 123] 124, [125].

Generally, most studies adopt a supervised approach, focusing on aspects such as the
built and natural environment [126], exposures [127], and perceptions [128] using images.
Beyond street-level images, researchers have also explored alternative data sources for
studying cities, such as scraped social media images of cities or GPS data such as traffic

counts [129, 127, 130, 131].

2.6.2 Satellite images

Remote sensing makes use of the electromagnetic energy that physical subjects reflect and
uses sensors to measure parts of the electromagnetic spectrum. Urban remote sensing has
been developing over the last fifty years, with the first land cover maps created from a
colour infrared film from a hand-held camera from the Apollo and Gemini mission in 1965
[132]. Later in 1972, the launch of the Landsat-1 satellite moved urban remote sensing
from airborne to satellite level. Research in urban remote sensing increases significantly

in 1999 with the advent of satellite sensors that capture images at a high spatial resolu-
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tion (5- 0.5 meters), such as IKONOS and QuickBird [132]. Today, very-high-resolution
images can capture images with a spatial resolution of < 1 meters [133], and together with
the advancements in ML have opened up new opportunities for tackling real-life problems
at larger scale [109].

Satellite images can be used to gather various layers of information about an area at dif-
ferent scales and across flexible points in time, ranging from detailed analysis of individual
buildings or objects to studies of entire continents. The use of automated methods for
data processing and image analysis makes it possible to quickly and accurately infer infor-
mation for use in supporting decision-making [134]. Remotely sensed data, collected from
a range of sources and covering a wide range of spatial, temporal, and spectral scales, can
be used to map and understand important environmental characteristics of urban areas
[135]. These include mapping neighbourhoods, urban extent or land use [136], 94 137, [72],
their indices (such as Normalised Difference Vegetation Index (NDVI) or socio-economic

status) [138], 139, [140], and model human and physical processes [135] [141] [142].

2.6.3 Computer vision for satellite images

Early efforts in computer vision for remote sensing were focused on enhancing images,
extracting features, and performing basic classification tasks, such as land cover mapping
and change detection. Traditionally, the information was derived through approaches such
as spectral indices [143] and pattern texture extraction methods [144] on a pixel level. For
instance, the NDVT is a spectral index frequently used to assess vegetation coverage by
measuring the difference between near-infrared and red light reflected by the vegetation
in a given area [94] [13§]. Similarly, texture extraction techniques, such as the Grey Level
Co-occurrence Matrix (GLCM), have been employed to analyse the spatial arrangement
and frequency of pixel brightness values, thereby providing valuable insights into land-use

patterns [145].
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The evolution of satellite imaging technology, coupled with the advent of high-resolution
satellite sensors able to capture data at less than 1 meter per pixel, has precipitated a
significant shift in image classification methodologies, transitioning from a pixel-based
approach to an emphasis on object and scene-level analysis, thus challenging the ade-
quacy of pixel-based semantics [140, [147]. In 2001, Blaschke and Strobel stated that
analysing satellite images on the object level is the way forward, and indeed object-based
analysis has been dominating the remote sensing analysis in the past 20 years [148] [146].
Furthermore, with the publications of the first large remote sensing scene classification
datasets, such as UC Merced in 2010, together with the developments in deep learning, a
new paradigm of scene-level analysis was introduced [21]. The emergence of deep learning
and Convolutional Neural Networks (CNNs) has further revolutionised the field of com-
puter vision for remote sensing, enabling the automation of complex tasks, such as object
recognition, semantic segmentation, and large-scale environmental monitoring, described
in Section [2.6.4. Today, computer vision for remote sensing plays a crucial role in vari-
ous urban applications, including urban planning, natural resource management, disaster

response, and climate change research.

2.6.4 Deep learning for satellite images

Advances in computing power have unlocked the potential of neural networks run on im-
agery data. Neural networks are algorithms that consist of connected nodes, which are
designed to recognise patterns [149]. Deep networks are wider networks that have mul-
tiple layers of nodes that are capable of arbitrarily approximating most functions [I50].
In a supervised setting, the process involves guiding the neural networks during training
by providing labelled examples, allowing the algorithms to learn and generalise patterns.
Label allocation, a crucial aspect, however, can be time and labour intensive, demand-
ing human expertise to assign predefined categories to a subset of the data. Despite this

challenge, the main advantages of deep learning algorithms in remote-sensing applications
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are the ability to process large datasets as well as to distil information to create richer
representations that allow further complex modelling [22].

The development of CNNs has aided the understanding of cities with machine eyes and
thus highly influenced urban analytics [14} [15, [16], [109,110]. For example, Zhao and Steele,
among others, analysed urban temporal and spatial change using satellite remote sens-
ing with ML and geo-spatial statistical tools to predict poverty and slum development
[T51, 152, 53] 108, 154] [72]. Additionally, several researchers applied supervised deep
learning tools to imagery datasets to map complex spatial and temporal patterns. Huang
and Zhang mapped urban land use and cover classification with deep neural networks
and satellite imagery data [16] [155]. Furthermore, Jean and Babenko combined medium
and high-resolution satellite imagery with ML tools to predict poverty in Africa and Mex-
ico respectively [140, 156]. In 2020, Yeh together with Burke [157], published a paper
that analysed economic well-being with supervised neural networks in Africa. Moreover,
satellite images together with deep learning algorithms have been used to measure environ-
mental exposures, such as noise and air pollution or wild fire smoke [158] [159] 160, 161].
Additionally, researchers measured levels of urban green across in countries and cities

[162, [163] as well as greenery relating to health [127) [164].

2.7 Unsupervised learning

Unuspervised learning refers to the exploration and interpretation of data without reliance
on external guidance or predefined categories. It is a process analogous to categorising
a collection of objects based solely on observed attributes, without prior knowledge or
labels. This approach is agnostic to any external or previous knowledge, allowing for the
identification of inherent structures and patterns within the data itself, uncoloured by

external biases or assumptions [17], [19].
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2.7.1 Clustering

Unsupervised algorithms can help to find patterns in data without tendencies in any
particular outcome, which can resemble what we may do as humans in finding visual
similarities and thus forming hypotheses about the data observed [17, [18]. While human
interpretation is possible on small scales, the increasing amount of information in the
development of ‘big data’ has shifted the focus onto machines to make inferences from
these large amounts of data. The terms unsupervised learning and clustering are often
used interchangeably, however, differ slightly. While clustering is the one main form of
unsupervised analysis, unsupervised analyses also include dimensionality reduction tech-
niques or anomaly detection methods. This thesis, however, is focused solely on clustering

as a form of data structuring, or grouping parts of the data into subcategories.

The idea of clustering is based on the premise that data points in one cluster are as
similar as possible to the data points in the same cluster, and likewise, as dissimilar to
features in other clusters [165]. Generally, clustering methods do not require labelled
data; the definition of similarity and the loss function is the main determining factors
of the algorithm. Distance (dissimilarity) and similarity are the fundamental concepts
of creating clustering algorithms. When quantitative data are clustered, distance is the
preferred method to measure its relationship. And vice versa, similarity is usually put
to use when dealing with qualitative data features [19] 166, [165]. Clustering algorithms
have previously been applied to image data, such as for low-level tasks like border detec-
tion or image segmentation by colour intensities [I67]. These early computer vision tools
detect patterns across a number of pixels, however, fail at recognising the context of pixel
groupings. Today, a CNN can successfully create visual feature representations that can

capture not only objects but their context in a picture [168, [144], as described in Section

264



44 Chapter 2. Background

2.7.2 Unsupervised image analysis for studying cities

Unsupervised learning has proven to be effective in analysing and deciphering the com-
plexity of cities, with applications ranging from measuring urbanisation to studying the
built environment or urban dynamics [20]. In urban studies, ML techniques that rely
on labelled data (supervised techniques) are most commonly used [169, 170]. Although
supervised methods have been effective in many urban studies applications and datasets,
they may not be suitable for all research questions due to the challenges of obtaining la-
belled data in real-world urban settings [I71]. Unsupervised methods can highlight trends
solely based on the features present in the dataset [172], providing further perspectives
outside the assumed outcomes in a supervised analysis. While unsupervised approaches
are very common in morphometric characterisation [I73] [I74], i.e. using clustering meth-
ods to classify the typology organically with information based on numerical features of
the urban environment, it is hardly used for remote sensing images. Yet, with the advent
of high-resolution imagery, this is predicted to change since researchers are able to capture

the complexities and variations of land cover on a very small spatial scale [175].

2.7.3 Unsupervised machine learning for satellite images

Unlike in supervised analysis where labels are present, unsupervised analysis groups the
pixels of an image without any external information. Until recently, the majority of
unsupervised analysis or clustering of satellite images is applied on a pixel level, where
pixels are grouped together that have similar pixel intensities [I76] 177, 178, 179]. The
most common pixel-level algorithms used are k-means [I80], and its variant Iterative Self-
Organising Data Analysis (ISODATA) [I81] [144], or fuzzy approaches where the pixels
can be assigned to multiple clusters [I82]. With the developments in deep learning, the
analysis has moved from pixel-level to patch level, since deep learning approaches can

learn features of different levels of abstractions [21].
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2.7.4 Unsupervised deep learning for studying cities with satel-

lite images

Little research has been conducted in the field of unsupervised deep learning in combina-
tion with remote sensing to analyse urban environments and related outcomes [22]. Most
of the deep clustering approaches in the literature either use a pre-trained network for
feature extraction or an autoencoder to learn the features of the images, which are sub-
sequently clustered [I83]. Block et al. [I84] used a CNN feature extractor together with
k-means clustering for applications in demographic analysis across six cities. Other re-
searchers used CNN feature extraction together with clustering to map schools in Liberia
as well as monitor the development of a refugee camp in Bangladesh with high-resolution
satellite images [I85, [186]. Additionally, unsupervised deep learning has been used for
change detection in longitudinal analysis of satellite images [187, [188].

Recently, self-supervised learning methods have emerged as a promising avenue to ad-
dress the limited availability of labelled remote sensing data, using ‘pretext tasks’ derived
from the inherent structure of the data for model training, such as multi-temporal im-
age ordering [189] or finding neighbourhoods in datasets [190]. Additional explorations in
this domain include unsupervised learning algorithms for clustering Synthetic-Aperture
Radar (SAR) images [191] and analysis of Light Detection and Ranging (LiDAR) data
for geo-demographic predictions [192].

Overall, unsupervised and self-supervised learning methods present compelling prospects
for advancing the analysis of remote sensing data, especially considering the challenges
associated with the lack of labelled datasets. Nonetheless, these promising approaches
warrant further investigation to affirm their robustness across diverse settings and their
compatibility with satellite images obtained from various satellite sensors. A critical as-
pect to consider is the trade-off between the explainability of unsupervised clusters and
their need. While larger datasets enhance the explainability and validation of clusters,

they might paradoxically reduce the urgency for unsupervised learning due to the data
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richness. There exists a potential sweet spot where sufficient data allows for cluster
validation, while the derived clusters offer significant insights or unveil meaningful cate-
gorisations across dimensions, as explored in this work. One feasible strategy is to develop
and refine these unsupervised methods in a data-rich environment and subsequently adapt
them to scenarios with limited data, ensuring there’s enough for cluster validation - a con-
cept that mirrors the multi-city clustering approach pursued in this thesis. Through this
thesis, I seek to evaluate the potential utility of unsupervised deep learning with satellite
images, to showcase its application in an urban development context and across multiple

cities.

2.8 Summary

Urbanisation is rapidly increasing worldwide, with SSA playing a significant role in driving
this global trend. Even though the overall living standards in cities are higher compared
to those in rural areas, cities in SSA are facing multiple challenges due to their crowded,
costly and poorly connected nature. Yet, urban growth also creates opportunities for
fighting poverty and sustaining development [5]. To create policies that unlock the po-
tential of expanding cities, it is important to understand the nature of urban growth and
how it is linked to urban development and well-being at different scales. But cities are
complex systems and data on urban environments are often fragmented and not frequently
updated. Recent developments in computer vision, together with increasingly available
high resolution satellite images have opened up possibilities for studying cities in new
ways and on larger scales. Clustering algorithms allow researchers to find patterns in
data without tendencies in any particular outcome and analyse complex combinations of
urban features and characteristics and their relationships. However, only little research
has been conducted in the field of unsupervised deep learning in combination with remote

sensing to analyse urban environments and related outcomes.
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Study areas, data sources and data

lessons

3.1 Overview and objectives

I identified, processed and collated data for clustering satellite images of four cities in
Sub-Saharan Africa (SSA). This allowed me to implement the single-city analysis of Ac-
cra described in Chapter 4] and Chapter [ as well as the multi-city clustering in Chapter
6] and Chapter [7]

In this chapter, I describe three different sets of data used for the analysis. First, I
give an overall overview of the study cities. Second, I describe the high-resolution satel-
lite data of all study cities, and data lessons learned. Finally, I outline the data used
for cluster interpretation, which includes data of the built environment and vegetation,

demographic data and land cover maps.

47
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3.2 Study areas

3.2.1 Selection of cities used for analysis

This thesis focuses on four cities in SSA, namely Accra (Ghana), Dakar (Senegal), Dar
es Salaam (Tanzania) and Kigali (Rwanda). The cities selected for analysis have shown
rapid population growth in the past and are projected to continue growing [3]. The choice
of cities is based on the estimated and projected population change in the past and spatial
location. The analysis of Accra, Dakar and Dar Es Salaam gives a perspective on cities
that are large seaports, with the former two located in West Africa and the latter in East
Africa. Kigali is land-locked Eastern African city that changed rapidly in the past century.
Additionally, the analysis captures a diverse set of landscapes and climate zones, ranging

from tropical arid (Dakar) in the West, to tropical and humid in the East (Kigali).

3.3 City profiles

3.3.1 Accra, Ghana

Accra is the administrative, economic and political capital of Ghana, with a population
of 5 million inhabitants [3] and an area of 1,500 km?. The population of Greater Accra
Metropolitan Area (GAMA) increased by almost 90 per cent from 2000 to 2021 [193].
Foreign investment, including in natural resources such as oil, have made it an interna-
tional hub for trade, technology and education in SSA. Despite its recent development
Accra still struggles with poverty, especially in terms of housing, health and sanitation,
which persists particularly in informal communities [194].

The neighbourhoods of the city are, like most West African coastal cities, highly influ-
enced by their colonial past [72]. The urban area of Accra and its neighbourhoods reflect

features such as town planning based on race until 1923, older towns dominated by dif-
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ferent ethnic groups that merged into the city, as well as parts such as ‘New Town’ which
have been the first entry point into the city for migrants [72]. Today, the city’s diverse
population includes members from all major ethnic groups of Ghana as well as people
from neighbouring countries such as Nigeria, Togo and the Sahel region [195]. The city
is mainly following a trajectory of economic segregation as described by Agyei-Mensah
[195]. Additionally, Accra has outgrown its colonial infrastructure, and little urban plan-
ning combined with unnamed roads has increased the importance of neighbourhoods to
navigate the city [196]. Nevertheless, it is quite difficult to delineate those neighbour-
hoods from each other, especially when place, poverty and health of city dwellers are so

interlinked [197].

Pathways Workshop, 2019

In order to gain a local perspective on the issues related to inequalities in the city of Accra,
I attended a workshop hosted by the Pathways to Healthy FEquitable Clities Group at the
University of Ghana that was attended by a diverse group of local policy and civil society
stakeholders, along with members of the international research team. The workshop
was organised with the purpose of aligning Pathways’ projects’ themes to policymakers’
and decision-makers’ priorities. Participating in the workshop and being involved in the
discussions, I found that one occurring theme that was highlighted by the participants was
the problem of housing and listed land ownership. This issue has also been mentioned by
Byamugisha [198], who states that only 10 per cent of all land SSA is registered, as well as
Toulmin [199] who estimates that only 2 to 3 per cent of land in West Africa is recorded by
the government. Accra, like a lot of cities in SSA, is growing rather outward than upward,
with built areas predicted to increase by 277 per cent from 2001 to 2025 [200} 201]. These
implications of population growth also intersect with additional issues highlighted by
the participants, including lack of clean water, sanitation, effective transportation, and

inadequate formal affordable housing. Analysing urban development and its manifestation
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in the urban form will thus help to understand the spatial component of city well-being.

3.3.2 Dakar, Senegal

Senegal is ahead of the average urbanisation rate in SSA, and about half of Senegal’s
population lives in urban areas. Its capital Dakar is a city in West Africa, located on a
peninsula surrounded by 70 kilometres of coastline [202]. About 3.5 million people live
in the Dakar city region and the population is expected to grow to 5.1 million in 2035
[3]. The city is the administrative and economic capital, as 80% of firms and modern
employment opportunities, and 87% of local finances are located on the peninsula [203].
Senegal’s capital is a hub for shipping and transport and most of the economic gains are
due to fish and phosphates exports and services [204]. Like many other cities in West
Africa, Dakar has a history of colonialism by Europeans and was used as a centre for
the cross-Atlantic Slave trade but was later taken over by the French in the 19th century
[205].

The colonial past of Dakar has had a significant influence on its urban development and
architecture, with the city showcasing a blend of traditional African and European archi-
tectural styles. The historic district of Dakar, known as Plateau, bears the marks of French
colonial rule with wide boulevards, public squares, and colonial-era buildings [206], 207].
Following Senegal’s independence in 1960, several attempts at designing master plans have
largely been ineffective due to a lack of consideration for local realities and inadequate
management of disaster risks. Despite Senegal lacking a National Urban Policy (NUP)
as mentioned in Section [2.3.2] [66], a master plan has been formulated specifically for
Dakar. However, the 2035 ‘Dakar Masterplan’, although having designated investments,

falls short in terms of public engagement and policy implementation and tracking [202].
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3.3.3 Dar es Salaam, Tanzania

Dar es Salaam is the former capital and by far the largest city of Tanzania, situated at
the coastline with a natural harbour. Majid bin Sayyid, Zanzibar’s Sultan, named the
city ‘Haven of Peace’, yet the name has not kept it from forced colonial rule afterwards
[208]. The city became the administrative and commercial centre during German rule,
which was maintained after the First World War under British trusteeship. Today, the
city plays a critical role in Tanzania’s economy, serving as the country’s largest seaport
and a hub for industrial activities for industry, education, and culture. Although it is
home to just 8 per cent of Tanzania’s total population, it contributes about 70 per cent
to the country’s GDP. Population growth including rural-urban migration has doubled
the urban area in size between 1990 and 2014. The population is predicted to grow from
approximately 7 million inhabitants today to about 13.4 million by 2035, making it the
first megacity in East Africa [3].

Like in other African cities, colonial city planning has left a large imprint on the urban
fabric. The city was racially segregated with the best parts reserved for the European
colonisers, followed by the Indian diaspora. The urban space for Africans was moved
behind a green belt in densely populated and unserviced areas [81]. Today, more than
60 years after the country’s independence, the city morphology still captures a mix of
German, British and Arabic architecture, yet, the single-story, detached, six-room Swahili
houses prevail.

Unplanned urbanisation and lack of policy implementation have led to scattered city
growth and urban sprawl posing a challenge to the authority [81]. The City council has
mapped out a master plan to tackle the challenges of rapid urbanisation with a key point
of developing satellite towns within the city to reduce traffic congestion and improve
services [209]. Currently, about 40% of the urban population lives in informal settlements

[47] and less than 10% of the city is connected to the sewage system [210].
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3.3.4 Kigali, Rwanda

Kigali, the capital and largest city of Rwanda, has experienced significant population
growth in the post-genocide period perpetrated against the Tutsi in 1994. Currently, the
city has 1.6 million inhabitants, an incredible increase from about 6,000 inhabitants after
its independence in 1962 [211]. The most significant change came about due to the return
of hundreds of thousands of Tutsi refugees who had spent years away from Rwanda. Since
then, Kigali has undergone an impressive transformation and evolved into a modern and
cosmopolitan commercial centre [217].

Kigali’s economy is primarily driven by the services sector and has attracted significant
foreign investment, and the government has implemented policies that have made it easier
to start and run businesses in Kigali. The city is often used as a role model for its green city
development and is highlighted as a great example of urban development in Africa [212].
Kigali is known for its innovative urban planning and sustainable development initiatives,
as outlined by the city’s master plan [213, 211]. This includes the ‘green city’ initiative,
which aims to increase the number of green spaces, promote sustainable transport options,
and reduce carbon emissions [213]. Despite significant progress in post-conflict Rwanda
and Kigali’s portrayal as ‘model city’, challenges persist. The city’s master plan has been
criticised for its lack in public consultations and participatory planning, especially missing
integration of informal sectors (housing and employment) [212]. The implementation of
policies related to the master plan has in some cases led to displacement and increased

poverty for urban dwellers of informal settlements [214].

3.4 City boundaries

The city boundaries used for defining the study areas in this thesis are based on official
administrative boundaries released by governments in the past five years. Table lists

the official boundary source and name. All city boundaries, except for Accra, refer to the
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city region, which is equivalent to administrative level 1.

City Boundary Source
name
Accra Greater  Accra Ghana Statistical Services [215]
Metropolitan
Area (GAMA)
Dakar Région de Dakar National Agency of Statistics and Demography

of Senegal (ANSD, Agence Nationale de Statis-
tique et de la Démographie) [216]

Dar es Salaam Dar es Salaam Tanzania National Bureau of Statistics / UN
Region OCHA ROSA [217]
Kigali Kigali City National Institute of Statistics Rwanda [218)]

Table 3.1: List of boundary shapefiles used for defining the study cities.

3.5 Satellite images

There are currently more than 2,000 satellites orbiting planet Earth and most of these
satellites are capturing images [219, [176]. Generally speaking, high resolution (HR) satel-
lite imagery is defined at a spatial resolution of 1 to 16 meters and very high resolution
(VHR) imagery captures scenes < 1 meter [133]. There is a minimum amount of electro-
magnetic energy that is required for a satellite sensor to capture intensities [220]. Sensors
that capture a wider range of the electromagnetic spectrum (e.g. low spectral resolution)
have by design, a higher spatial resolution. Conversely, sensors that only capture a small
part of the electromagnetic spectrum, have a lower spatial resolution [220]. Satellite im-
ages, in contrast to the most common image datasets, share some distinctive features that
need to be taken into account when used for computer vision applications.

In this section, I first describe the Maxar dataset that was released in response to COVID-
19, which is the data used for the analysis described in Chapter 4| and Chapter [5| I also
write about the purchase of additional satellite images, which are used for the analysis

outlined in Chapter [6] and Chapter [7, and data lessons learned in the process of analysis.
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3.5.1 Maxar satellite images
Maxar basemap

The "basemap” is a satellite image product that has been prepared for analysis by Maxar
Technologies, a space technology company. This image covers a specific area of interest
and is presented at a resolution of 30 meters per pixel, featuring red, green, and blue
(RGB) color bands. The images are in a standard geographic projection (WGS84) and
typically have a viewing angle of 0-30 degrees from the vertical (off-nadir angle). These
basemaps are processed to ensure color balance, and they are formatted into orthomosaics
for ease of use. Throughout the thesis, I will refer to the processed satellite image provided
by Maxar as basemap. The basemap product can usually be purchased from satellite image
vendors such as Maxar, and a few urban basemaps were made available for free as part

of Maxar’s Open Data initiative.

Maxar Open Data initiative

In May 2020, Maxar released a VHR satellite basemap dataset in response to COVID-19
in GeoTIFF (Tiff) format [2]. The dataset includes images of 22 cities in SSA, including
Accra in Ghana. The full image list can be found in the Appendix, Table [A.1l The
satellite images capture different urban areas at a point in time between 2017 to 2020.
The spatial resolution of the images is 0.3 meters per pixel and capture three different
bands (RGB). The commercial pre-processing of the images included colour-balancing and
orthorectification. The satellite basemap of Accra (Figure covers an area of 1,312km?
and encompasses most of the GAMA, with only parts of the northwest and northeast not

covered.

Even though Maxar’s Open Data database contained additional cities of SSA, it turned

out that some of the images were not suitable for unsupervised analysis. Unlike the Accra
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Figure 3.1: The basemap was acquired from Maxar through the Open Data initiative [2].
The blue border represents the Greater Accra Metropolitan Area (GAMA).

images, the images of other cities, such as Dakar, were stitched together from images
captured by different satellite sensors. These image variations that were not visible to the
human eye were picked up by subsequent unsupervised analysis. Figure |3.2| shows how
the satellite image (right) was stitched together from multiple sensors. The cluster map
on the bottom left of the image shows that the algorithm captures these variations and
assigns certain parts of the image to separate clusters. Additionally, other cities included
parts with lots of cloud coverage and could therefore not be used for the unsupervised
analysis. Figure |3.3 shows the example of a cloudy basemap image of Dar es Salaam in
Tanzania. A large part of the image is either covered in thick clouds or haze, which was

also picked up by the unsupervised analysis.
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Figure 3.2: Open data satellite image of Dakar acquired from Maxar through the Open
Data initiative[2)].

Figure 3.3: Open data satellite image of Dar es Salaam acquired from Maxar through the
Open Data initiative[2].

Satellite image purchase

When developing the clustering approach for Accra, I found that the clustering was picking
up image variations created by the image stitching as outlined in Section [3.5.1} In order
to avoid such issues in the multi-city analysis, I defined the criteria for ordering additional

satellite images as follows:
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e Very high-resolution (ideally 0.3m/px)
e Low cloud coverage (<3%)

e Satellite images of each city should be captured by the same satellite sensor (ideally

also the same sensor /satellite used across all cities)
e 3 bands: RGB (red, blue, green colour channels)
o GeoTiff format

e Orthorectification (pre-processed using a digital elevation model (DEM)), pre-processing

level 3
e Recent; from 2019, 2020 or 2021

To make sure the images match the quality of the Accra images obtained through Maxar’s
Open Data initiative (as described in Section , and in consideration of the criteria
outlined above, I decided to procure the images directly from Maxar. I found that Maxar
was the only company that offered full coverage of cities in SSA in very high spatial and
temporal resolution. Additionally, Maxar provided leading image processing technology

such that the bought images are processed to an analysis-ready level.

Purchased images

I acquired three satellite basemaps from Maxar that matched the criteria outlined in
the previous section. The basemaps (Figure Figure and Figure are further
described in Table 3.2l and were made available under the internal use license attached in

the Appendix Section

City Year Coverage
Dakar 2021/2 570 km?
Dar es Salaam 2021 1,465 km?
Kigali 2020 750 km?

Table 3.2: Satellite image basemaps purchased from Maxar.

The available satellite image for Dar es Salaam (Figure did not cover the full city

boundary as provided to the vendor. The basemap, however, covers all of the city centre
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and most populated areas. Some parts of the south (especially the southeast) are not
included in the image dataset. The other city basemaps cover all areas within the city

boundary as shown in Figure [3.4] and Figure 3.6

Figure 3.4: Purchased satellite basemap of Dakar, captured in 2021/2. The blue border
represents the Dakar city boundary. Dynamic mosaic (€)2022 Maxar Technologies.

City coverage

The images acquired through the Open Data initiative as well as the purchased images,
while not fully covering the whole city region boundary, cover all of the metropolitan
parts of the city. Accra’s city region boundary (Greater Accra Region) covers 3,245km?,
which is a very large area compared to the city region of Kigali and Dakar, which cover
750km? and 570km? respectively. The metropolitan area of the city (GAMA) has an area
of 1,431km?, which is already substantially larger than Kigali and Dakar. The parts of
the Greater Accra Region that are not included in the image dataset are the rural parts

in the east of the city. Similarly, the satellite images of Dar es Salaam cover all of the
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Figure 3.5: Purchased satellite basemap of Dar es Salaam, captured in 2021. The blue
border represents the Dar es Salaam city boundary. Dynamic mosaic (€)2021 Maxar
Technologies.

metropolitan areas of the city, and only some rural parts in the south of the city are not

included in the image dataset.

3.6 Data for cluster interpretation

3.6.1 Overview

I used various datasets on urban development for evaluating the analysis described in
Chapter [4] to Chapter [7] All of these data are either directly visible in a satellite image

or closely related to the visible built environment, such as population density. In the
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Figure 3.6: Purchased satellite basemap of Kigali, captured in 2020. The blue border
represents the Kigali city boundary. Dynamic mosaic (€)2020 Maxar Technologies.

following section, I introduce the different datasets used and how they are pre-processed

for the analyses.

Table [3.3] gives an overview of all external data sources used for the external cluster

interpretation.

3.6.2 Data on the built and natural environment

In order to describe and analyse the results of the clustering analysis of the satellite
images described in Chapters [4 to[7] I used environmental data capturing the built and
natural environment. The environmental data allows for a detailed analysis of every
study city on a small spatial scale. In the following section, I describe each environmental
urban characteristic and finally summarise the main patterns of each city. Each urban
characteristic is a feature of the urban environment that is either visible or directly related

to visible features within the satellite images.
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Urban characteristic Unit Data type Source
Building area m? vector Maxar  and
Microsoft
[8, 1]
Building count integer vector Maxar  and
Microsoft
[8, 1]
Mean building size m? vector Maxar  and
Microsoft
8, 19]
Mean building orientation  degrees (°) vector Maxar  and
Microsoft
[8, 1]
Sum of major roads m vector OSM [221]
Sum of all roads m vector OSM [221]
Minimum distance from m vector OSM [221]
major road
Minimum distance from any m vector OSM [221]
road
Mean population density estimated total raster WorldPop
number of peo- (~100m/px)  [222]
ple per grid-cell
Mean NDVI index (-1 to +1) raster Landsat [223]

(~30m/px)

Table 3.3: Data on population, built and natural environment. NDVI: Normalised Dif-
ference vegetation index

Building data

As part of the built environment, buildings play an important role in the health, se-
curity and well-being of people. Adequate housing is a fundamental human right, yet
major inequalities prevail in all study cities as described in Section [2.2.2] Information on
building count and building area are indicators for building quality and living space. For
example, informal settlements tend to have a high number of buildings within a small
neighbourhood, whereas large buildings surrounded by gardens might be more indicative
of an affluent area.

I used two different high-resolution spatial datasets of building footprints of cities in SSA

to extract building area and count. I acquired building shapes of Accra that were from
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2019 and 2020 and were derived from satellite images by Maxar/Ecopia [§]. For the other
study cities, I downloaded building information from Open Street Map (OSM), which is a
collaborative dataset that is free and openly available [221]. These files include buildings
mapped by Microsoft and Bing in the year 2021 with high-resolution satellite images by
Maxar and Machine Learning (ML) techniques [221, O]. The building information was
published in vector format. I computed the building area and building count per index
cell grid defined for the cluster analysis. Figure shows the building area (m?) and
building count per index grid (~ 75 x 75 meters) plotted on the maps of Accra, Dakar,

Dar es Salaam and Kigali.

All cities showed a high density of buildings within their metropolitan area. For the
cities that are located at the ocean, Accra, Dakar and Dar es Salaam, there was a higher
density of buildings along the coast, especially around the harbour areas. In all study
cities, there are pockets of high building density that are scattered across the city bound-
ary. In Kigali, the building footprints show the hilly nature of the city and the buildings
are more likely to be built on the hillsides and the valleys. All cities also have neighbour-
hoods and areas with relatively low building area and count, which are usually located

inland and at the city boundary.

I further calculated the mean building size and building orientation per building. The
orientation of buildings holds significant implications for urban planning, notably influ-
encing factors crucial to building functionality, including lighting and ventilation [224]
225, [226], 227]. Tt is noteworthy that building orientation can serve as a valuable indicator
of historical artefacts and indigenous knowledge, impacting considerations such as vector
reduction and solar control. Moreover, building orientation can extend beyond individual
structures to encompass broader aspects of urban planning, including the orientation of
roads. It is essential to highlight the intricate interplay between building orientation, road
orientation and local context. This complexity underscores the potential impact on vari-

ous facets, ranging from indoor lighting and ventilation to considerations for local wildlife
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Figure 3.7: Building area (m?) and building count in all study cities. From top to bottom:
Accra, Dakar, Dar es Salaam and Kigali.

[228), 229] 230}, 231]. Recognising these inter-dependencies is crucial in comprehending the
multifaceted influence of building and road orientation on urban environments.

I calculated the building orientation from the building shapefiles for all cities with the
momepy package [232]. Building orientation was computed as the deviation of orientation
from cardinal directions and defined as an orientation of the longest axis of the bounding

rectangle in the range 0-45 degrees.
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Figure |3.8| shows the building shapes plotted on top of the satellite image. The build-
ings are shaded by building orientation deviation from cardinal directions. Black colours

indicate high building orientation and white buildings indicate low building orientation.

I
degrees

40 - 45
degrees

Figure 3.8: Difference in building orientation in degrees (°) plotted on top of a satellite
image of the neighbourhoods Nima and Mamobi in Accra, Ghana.

Figure 3.9 shows the average building area (m?) and building orientation (0-45 degrees)
per index grid (~ 75 x 75 meters) plotted on the maps of Accra, Dakar, Dar es Salaam
and Kigali.

The average building size reflected the land use types across all cities. In all study cities,
the parts that exhibit large average buildings are mainly located in industrial and com-
mercial parts of the city. These are often also connected to harbours or main roads, such
as Tema in Accra. In Dakar and Dar es Salaam the industrial and commercial neigh-
bourhoods are both located around the harbour or an arterial road to one of the ports.
In Kigali, this is the southern part of Masoro that is located next to the trans-African

highway and the airport.

The building orientation varied largely between the study cities. Cities with histories

of colonial city planning showed distinct patterns, such as in Accra and Dakar. As shown
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in Figure 3.9, Dar es Salaam showed a few pockets of neighbourhoods with specific build-
ing orientations, however, not as distinct as in Accra and Dakar. The building orientation
of buildings in Kigali, however, seemed to be mostly influenced by geography rather than
specific city planning. The building orientation across buildings in Kigali looked therefore

less structured.

Average building size (m?) Mean building orientation (°)

Accra

SV EGBRE YRS

Dakar
SV ELRBNRERES

Dar es Salaam

Kigali
eV EEBRE RS

Figure 3.9: Average building size (m?) and building orientation (°) in all study cities.
From top to bottom: Accra, Dakar, Dar es Salaam and Kigali.
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Road data

Roads and access to roads are vital factors for determining connectivity within a city.
The horizontal growth of cities in SSA has left a lot of peri-urban settlers disconnected
from services and jobs in the city centre [4]. Additionally, urban spaces and how they are
connected can further be indicators of informal settlements or slum areas, which exhibit
distinct topological characteristics related to their distance to roads [233]. In order to
analyse the clusters in regards to roads and distance to roads, I acquired data on roads
and road networks. I downloaded road shapefiles from OSM, as vector shapefiles and at
the closest date to image capture. I further classified the roads that were of the OSM
category motorway, primary, secondary and tertiary as ‘major roads’. I also removed
roads labelled as pedestrian, cycleway, and path from the dataset. Finally, I computed
the road length, major road length, distance to all roads and distance to major roads per
index cell grid defined for the cluster analysis. Figure [3.10| shows the length of all roads
(m) and length of major roads (m) per index grid (~ 75 x 75 meters) plotted on the maps
of Accra, Dakar, Dar es Salaam and Kigali.

I found varying road network patterns across the study cities as shown in Figure [3.10] and
Figure[3.11, The road networks were largely influenced by geography, leaving gaps where
there are bodies of water, national parks, or, in Kigali’s case, mountains.

In addition, the major road networks across all cities showed expected patterns, where all
the roads converge at the central metropolitan area and then spread out can be compared
to a spider web or a radial network. The layout is such that it forms a pattern reminiscent
of spokes on a wheel, with the hub being the central city area. The roads represent the
spokes, spanning from the hub to the city’s outskirts and beyond. The peri-urban areas

along the city boundaries were furthest away from the main roads as depicted in Figure

B.11l

Figure shows the distance to all roads and major roads per index grid (~ 75 x 75
meters) plotted on the maps of Accra, Dakar, Dar es Salaam and Kigali. Figure
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Figure 3.10: Length of roads and major roads in all study cities. From top to bottom:
Accra, Dakar, Dar es Salaam and Kigali.

shows similar patterns to Figure The metropolitan areas in the city centre and next
to industrial areas are closer to roads and especially major roads. The peri-urban areas,
which are close to the city boundary, are furthest away from major roads and in general

not well connected to jobs and services.
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Figure 3.11: Distance to all roads (m) and major roads (m) in all study cities. From top
to bottom: Accra, Dakar, Dar es Salaam and Kigali.
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Population density

Population density is not directly visible on satellite images, however, has a multitude
of visual indicators on remote sensing images, such as buildings, and other features of
the built environment. I, therefore, included data on population density to datasets for
describing the cities and interpreting the analysis described in Chapters[dto[7} T acquired
the population density raster files through WorldPop at a spatial resolution of 100 meters
per pixel and are available for all four countries [222]. I chose the population rasters for
the closest date to satellite image capture. As part of the data pre-processing, I converted
the raster files into vector shapefiles. I finally computed the mean population density per
index cell grid defined for the analysis.

The population density patterns across the study cities show, as expected, the highest
population density in the metropolitan centre of the city. Accra and Dakar both have
relatively large areas with high population density. The city area of Accra and Dakar is
also a lot smaller in terms of area compared to the other study cities. Dar es Salaam and
Kigali both have large peri-urban areas with patches of agriculture and sparsely populated

neighbourhoods.

Normalised Difference Vegetation Index (NDVI)

The NDVI is a widely used index to estimate vegetation levels in remote sensing contexts.
As described in Section [2.2.1} blue/green space impact health in multiple ways. Living
in the vicinity of green/blue spaces affects the local noise and air pollution as well as the

physical and mental health of city dwellers.

The NDVI values range from -1 to 1 and can give a good intuition for whether water,

built environment, or vegetation is present. It is defined as follows.

NIR — RED
NDVI = rRED (1)
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where NIR represents the reflectance in the near-infrared part of the spectrum, and RED
represents the reflectance in the red part of the spectrum captured by a satellite sensor.
The NDVI of water is usually below zero, and the index, as its name suggests, is very

good at picking up vegetation (NDVI > 0.3), but also the built environment (NDVI ~ 0.1).

I computed the NDVI for cluster interpretation from Landsat 8 images, which can be
downloaded from the USGS Earth Explorer [223]. The Landsat images used for calculat-
ing the NDVI were downloaded based on the date closest to satellite image capture and
a cloud cover of under 5%. As part of the pre-processing, I converted the NDVI raster
files into vector shapefiles and overlayed them with the index grid used for cutting the

satellite image into smaller tiles to obtain the NDVI per index grid.

Figure shows the NDVI across the study cities. Kigali and Dar es Salaam have
the highest levels of vegetation. In contrast to Dakar and Accra, which have proportion-
ally larger parts with impervious surfaces and built-up areas. The NDVT further clearly
highlights water bodies, such as the Weija reservoir in Accra or the Retba Lake in Dakar.
Additionally, the climate across the study cities varies widely which also influenced the
NDVI values. Kigali and Dar es Salaam are located in tropical and humid climate zones,
meaning they are naturally a lot greener compared to Accra and especially Dakar. Dakar’s

climate can be described as tropical arid with lots of sandy and dry land.

Figures to show the correlation between all urban characteristics. The figures
show that for all cities building information is mainly positively correlated with other
building information as well as lengths of roads and population density. NDVTI is nega-

tively correlated with building area, building count and population density.
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Figure 3.12: Population density and NDVI of all study cities. From top to bottom: Accra,

Dakar, Dar es Salaam and Kigali.
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Figure 3.13: Correlation of environmental and demographic variables of Accra. Red
colours indicate a positive correlation and blue colours indicate a negative correlation.
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Figure 3.14: Correlation of environmental and demographic variables of Dakar. Red
colours indicate a positive correlation and blue colours indicate a negative correlation.
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Figure 3.15: Correlation of environmental and demographic variables of Dar es Salaam.
Red colours indicate a positive correlation and blue colours indicate a negative correlation.
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Figure 3.16: Correlation of environmental and demographic variables of Kigali. Red
colours indicate a positive correlation and blue colours indicate a negative correlation.
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European Space Agency (ESA) land cover data

Before 2020, global land use/land cover maps usually were captured at rather low resolu-
tions (30m - 1000 m). In 2022, ESA released land use/land cover maps at 10 m resolution
for 2020 and 2021 [234]. The overall accuracy of the 2021 maps is higher, for that reason,
I only use the 2021 land cover maps for the interpretation of the clusters.

The land use/land cover maps are provided free of charge, without the restriction of use,
and can be downloaded as raster files through Google Earth Engine App or ESA’s own
WorldCover viewer [235]. The dataset includes 11 different classes, which include: tree
cover, shrubland, grassland, cropland, built-up, bare/sparse vegetation, snow and ice,
permanent water bodies, herbaceous wetland, mangroves, moss and lichen. As part of the
pre-processing, I converted the land cover raster files into vector shapefiles and overlayed
them with the index grid used for cutting the satellite image into smaller tiles to obtain

the land cover classes per index grid.

3.6.3 Summary

Four cities in SSA and respective city boundaries were chosen for analysis, namely Accra,
Dakar, Dar es Salaam and Kigali. All cities were introduced with short city profiles. Fur-
thermore, satellite images were acquired through an Open Data initiative as well as bought
from Maxar Technologies. Data lessons learned about satellite image pre-processing are
further outlined in this chapter. Finally, data capturing the built and natural environ-
ment, as well as population data and land cover maps were collated for all cities. This data
included information on buildings and roads as shapefiles, and information on vegetation

through NDVI measures.
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Figure 3.17: ESA land cover map of Accra, Dakar, Dar es Salaam and Kigali. 10m
resolution.



Chapter 4

Clustering one city: Accra

This chapter is based on the peer-reviewed publication titled ”Phenotyping urban built
and natural environments with high-resolution satellite images and unsupervised deep
learning” [1], published in The Science of the Total Environment (STOTEN) journal, for
which I was first author (DOI: https://doi.org/10.1016/j.scitotenv.2023.164794).

I hereby give credit to this work without citing the work in every instance in the text.

4.1 Overview and objectives

In this chapter, I describe a combined feature extraction and clustering framework applied
to high-resolution satellite images of Accra, Ghana. First, I state the objectives, describe
the method and explain how the cluster results are evaluated internally and externally
with data on the built and natural environment. Finally, I discuss cluster results in the

current policy and health context of the city.

The main objectives of this chapter is to apply unsupervised clustering to high-resolution
satellite images of Accra, Ghana and analysing the detected clusters with external demo-

graphic and environmental variables. Secondly, it aims to deepen our understanding by

76
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exploring the relationship between these clusters and the external variables introduced
in [3] This is achieved through the application of a machine learning classifier, predicting
cluster membership and enhancing interpretability with SHapley Additive exPlanations
(SHAP) values. Additionally, the chapter contributes by evaluating the clusters inter-
nally, analysing cluster assignments in the feature space, and visualising filters and Class

Activation Maps (CAMs).

4.2 Methods

4.2.1 Data sources and pre-processing

I used high-resolution satellite image of Accra that covers most of the GAMA area as
pictured in Figure|3.1] The spatial resolution of the satellite image amounts to 0.3 meters
per pixel and captures three different bands (RGB). The basemap image was captured in
2019 by the WorldView 2 satellite and acquired in 2020 from Maxar Technologies. The
pre-processing of the image included colour-balancing and orthorectification as described
in Section[3.5.1] Additionally, I used data of the built and natural environment to interpret

the clusters. The data and data pre-processing are outlined in Section 3.6

Tile size

The analysis of high-resolution satellite images has undergone a significant shift in recent
years, as mentioned in Section Previously, the analysis was primarily conducted at
the pixel level, considering individual pixels as the basic unit of analysis. However, recent
approaches moved towards object or patch-oriented analysis. The grouping of multiple
pixels into relatively homogeneous image objects or tiles has become a common practice
[176]. This involves identifying and delineating distinct features within the images, such

as houses or roads, through object-targeted analysis. By identifying these features, it
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becomes possible to study and understand specific objects or regions of interest within
the satellite images. Another approach to grouping pixels is by dividing the large satellite
images into smaller image tiles or patches. Given the typically large size of satellite images,
which can be on the order of 10,000 x 10,000 pixels, tiling or patching is a practical method
for further analysis or potential annotation [236]. By breaking down the full scene images
into smaller tiles, it becomes easier to process by a CNN and analyse specific sections of
the image individually.

There are a number of factors that have to be considered when choosing an appropriate
tile size. Dumitru et al. [237] suggest to not only regard typical land cover characteristics
of the area but also the capturing device and the resulting pixel size and radiometric
image quality. The objective of identifying an appropriate tile size (or range of sizes)
is therefore influenced by the definition this research takes of a ‘relatively homogeneous’

image grouping. I defined the following benchmarks to choose a suitable tile size:

e A tile should group an amount of pixels together such that it is able to capture
(parts of ) common urban features such as buildings and roads.

e A tile should be suitable for CNN analysis with existing network architectures or
pre-trained networks on common datasets, such as the ImageNet dataset [23§].

e A tile should have a square shape to facilitate subsequent image and deep learning

analyses [239] 240].

Furthermore, the authors of the software library GDAL recommend using common image
sizes such as 128, 256, 512, or 1024 pixels in width and height [241].

For the main analysis described in this Chapter (Chapter , I thus chose the tile size of
256 x 256 pixels, which is commonly used in remotely sensed data with similar resolution.
It grants effortless processing and summarises tile information at a neighbourhood level.
Chapter 5| further discusses alternative tile sizes and how the varying tile size impacts the

analysis.
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As shown by Figure [4.1] T clipped the study area into tiles that measure 256 x 256 pix-
els which represents about 75 x 75 meters on the ground after removing the part of the

satellite image that was not covering the geographical city boundary.

Figure 4.1: The figure shows a fragment of the satellite basemap demonstrating the
heterogeneity of the city, with informal settlements to the left of the road and large
houses to the right (Nima bordering the Cantonments). The red squares represent the
tile size of 256 x 256 pixels. The sensitivity analysis that led to the selection of this tile
size is presented in Chapter

I further removed cloudy or black image tiles. The tiles that captured clouds were iden-
tified by computing the median tile colour. Any tiles that had median Red, Green, Blue
(RGB) tile colour values above (210, 210, 210) and below (15,15,15) were removed from
the dataset, with examples shown in Figure The empty and therefore black tiles were
all located at the border of the image where the basemap could not be cut into perfect
squares. Additional image normalisation was not required as it is part of the satellite
basemap processing by Maxar. The 85.4 GB satellite basemap created 321,820 tiles, with

222,240 tiles remaining after the cleaning and pre-processing steps.



80 Chapter 4. Clustering one city: Accra

Figure 4.2: Examples of tiles that were excluded from the dataset. Cloudy white tile
(left) and empty/black tile (right).

Additionally, T used data on the natural and built environment to interpret the clusters,
which is described in detail in the Data Chapter [3 Section [3.6.2] Table gives an
overview of all external data sources used for the external cluster interpretation. To
calculate the per tile statistics, I intersected each vector and raster dataset with the 256

x 256 index grid of the satellite image tiles.

4.2.2 Analysis framework

The analysis plan, depicted in Figure [4.3] includes data pre-processing and analysis steps.
The image and environmental data are described in Chapter [3] Combined feature ex-
traction and clustering was performed using a method discussed in Section followed
by internal and external analysis of the resulting clusters. External analysis interprets
clusters using data not used for clustering. This includes fitting an ensemble-based clas-
sifier to predict cluster membership and conducting SHAP analysis to identify defining
environmental and demographic characteristics (Section . Internal analysis focuses
on feature space analysis (Section , examining relationships among the image rep-
resentations used in clustering.

Overall, the analysis plan integrates various steps, including data pre-processing, clus-
tering, external analysis for cluster interpretation, ensemble-based classification, SHAP
analysis, and internal feature space analysis. These steps collectively provide a compre-

hensive understanding of the clusters and the factors influencing their formation.
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4.2.3 DeepCluster: Combined feature extraction and clustering

I used DeepCluster [242], an end-to-end feature extraction and clustering framework to
assign each image tile to a cluster. In the method, a CNN is used as a feature extractor.
Each tile is fed into the CNN to create image representations. Here, the tile size does not
only relate to the spatial level of analysis (index), but also directly impacts the network’s
ability to capture intricate patterns and spatial dependencies within the input data, thus
influencing the overall effectiveness of the model. The extracted image representations of
each 256 x 256 pixel satellite tile are reduced from 4096 to 256 dimensions using principal
component analysis and normalised using the Euclidean norm (¢o-normalisation). The
transformed features are then passed to a k-means clustering algorithm (as defined by
Equation . After clustering, each image representation is assigned a cluster member-
ship which is then used as a pseudo-label to update the weights of the CNN classifier
(see Equation . The algorithm iteratively minimises clustering and classification loss,
creating new pseudo-labels after each training epoch. The method combines feature ex-
traction and clustering in an end-to-end approach, meaning the cluster formation relies
entirely on the data and is not influenced by the availability versus sparsity of labelled
data.

In Caron’s [242] notation, fy is the convolutional network mapping, where 6 is the set of
corresponding parameters. The vector resulting from applying this mapping to an image
is referred to as a feature or image representation. Given a training set X =z, 9, ..., xn
comprising N images, the aim is to find an optimal parameter 6 such that the mapping
fo generates effective, general-purpose features. Conventionally, these parameters are
learned with supervision. That is, each image z, is paired with a label v, from 0,1%.
This label signifies the image’s affiliation with one of the k£ possible pre-defined classes. A
parameterised classifier gy, predicts the appropriate labels based on the features fy(x,,).

The parameters W of the classifier and the parameter 6 of the mapping are learned jointly.
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min - Zf (g (fo(n)): y). (4.1)

n=1

where / is the multinomial logistic loss, also called negative log-softmax function. The op-
timisation of this cost function is achieved through the utilisation of mini-batch stochastic
gradient descent [243], with the gradient computation being performed via backpropaga-

tion [244].

The k-means algorithm takes a set of vectors as input. In this case, it is the features
fo(z,,) generated by the CNN. These features are grouped into k distinct clusters based
on a geometric criterion. In more specific terms, the model concurrently determines
a centroid matrix C' of dimensions d x k and assigns clusters y, to each image n by

addressing the subsequent optimisation problem:

min min x C such that yZ1, = 1. 4.2
min Zyne{o L olan) = Ol i (4:2)
Solving this problem provides a set of optimal assignments {y },<y and a centroid matrix
C*. These assignments are then used as pseudo-labels; the centroid matrix is not made

use of [242].

I used the common CNN architecture VGG-16 [240] with batch-normalisation and initial-
isation with pre-trained ImageNet weights for feature extraction. CNNs trained on the
ImageNet dataset are suitable feature extractors that can recognise low-level and mid-
level features such as corners and edges which are salient for identifying many features of
interest within images and have been shown in a variety of cases to generalise well to other
tasks [245], 246]. The images are, therefore, normalised using the mean and standard devi-
ation of the ImageNet dataset before feeding them into the CNN. Most hyperparameters

were kept at the same values as in the original DeepCluster paper, except for the number
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of clusters (which is discussed in Chapter |5|in more detail), learning rate and the number
of epochs, which were set to 0.0001 and 20 respectively based on an initial set of experi-
ments. The algorithm formed the most intuitive and interpretable clusters at a learning
rate of 0.0001, compared to a set of alternative learning rates (0.1, 0.01, 0.001, 0.00001
and 0.000001). Learning rates >0.0001 picked up structure in the city-wide satellite image
that resulted from how the city-wide image was stitched together (from multiple satellite
images) as part of the commercial pre-processing and was unrelated to the content of
the image. The training time for around 20 epochs is about 24 hours and training it
for another 24 hours (~ 50 epochs) did not change the clusters and their interpretation

substantially.

Many cities in the SSA, including Accra, have fragmented spatial structures with pockets
of slums neighbouring high-rise business buildings and scattered fringe developments [50].
To avoid smoothing over heterogeneities that can result in missing the full complexity
of an urban system, I analysed the tiles independent of their proximity to neighbouring
image tiles, i.e. the tiles fed into the neural network thus contain no information about

neighbouring tiles or geographic information, e.g., latitude and longitude.

Network weights

As described in Section [£.2.3] T used ImageNet weights to initialise the training of the
DeepCluster algorithm. I considered using weights trained specifically on satellite image,
however, initial transfer learning approaches did not yield satisfactory results. There is
a wide range of satellite images available, however, most of the openly available datasets
did not match the high resolution of the images used in this thesis or did not transfer well

to urban areas on the African continent. A table listing the openly available and labelled

datasets I considered can be found in the Appendix (Table [A.3]).
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Figure 4.3: In the pre-processing step, the city-wide satellite image was cropped into tiles.
Tiles, which were not within the Greater Accra Metropolitan Area (GAMA) or contained
clouds were removed. The image tiles were then fed into the end-to-end DeepCluster
algorithm which is described in Section The resultant clusters were described and
analysed with external data on buildings, roads, population density, water, and vegeta-
tion. After clustering, I fitted a classifier to predict cluster membership to understand
which environmental variables were most important for cluster formation, measured by
their corresponding SHAP values. To understand how the model learns the image repre-
sentations, I analysed the clusters in the low-dimensional feature space.

Clustering algorithm

DeepCluster consists of combined feature learning with a CNN and a clustering algorithm.
K-means is the baseline clustering algorithm used by Caron et al. [242], and is a popular
choice because of its simplicity and scalability. It is an iterative algorithm that uses
vector quantisation to partition a dataset into a defined number of clusters [247]. An
alternative clustering algorithm, which I have considered using is the Power Iteration
Clustering (PIC) algorithm. The PIC is a very scalable graph clustering approach, which
finds a low dimensional representation of the dataset and uses truncated power iteration

on a pair-wise similarity matrix of the data [248]. The final clusters are then extracted



4.2. Methods 85

from the 1D representation. The clustering method is very suitable for large datasets, as
it can be parallelised, and also does not require the selection of the number of clusters.
However, image representations extracted from CNNs are usually clustered very densely
in the feature space and density-based or spectral clustering algorithms tend to either
choose very high cluster numbers or a very low number. The PIC algorithm picked over
3,000 clusters when run with DeepCluster and I therefore continued the analysis with the

K-means algorithm, which allowed me to choose a cluster number.

4.2.4 Cluster interpretation

Clustering, a machine learning algorithm that does not require any training labels, inher-
ently lacks an absolute ground truth against which to validate its results. The assessment
of clustering effectiveness generally falls into two categories: internal and external in-
dices. Internal evaluation indices are based on the intrinsic information in the data and
look at the clustering without external information. In a deep neural network context,
this includes inspecting the model by looking at its training behaviour and/or creating
visualisations to understand how the network is functioning (e.g. deep visualisations or
class activation maps (CAMs)) as described in Section [1.2.6] Additionally, external in-
dices allow for the comparison of clusters with independent information and can be used

to test hypotheses created based on the clusters identified, as outlined in Section

4.2.5 External cluster analysis

To interpret the clusters, I used data capturing information on urban form, population
density and vegetation described in Chapter [3] T fit an ensemble tree classifier to pre-
dict cluster membership and obtain SHAP analysis values, and I further sought input
from research colleagues from the Pathways to FEquitable Healthy Cities Group at Ghana

University to add a local perspective to cluster interpretation.
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Built and natural environment and demographic characteristics of clusters

I used the data on the built environment, water, vegetation, and population to quantify
the characteristics of the image-based clusters and report the median values of each mea-
sure for all the tiles that fall in each cluster and visualise them in form of radar charts
(Figure . Each environmental and demographic variable was scaled with a quantile
transformer, a non-parametric transformation to map the data to a uniform distribution
with values between 0 and 1 (0.5 indicates the median value of a variable across all tiles in
the entire image). Tiles with no buildings were included (as zeros) in summary statistics
for building count and building area but excluded from the calculation of summary statis-
tics for average building size and orientation so that zero is not used in the denominator.
The length of major roads was zero in 93% of all tiles, hence the median of all tiles was

zero as was the mean in most clusters.

Built and natural environment and demographic characteristics and predictors

of clusters

I used the data on built environment, water, vegetation, and population to quantify the
characteristics of the clusters that were formed based on image data alone. I report the
median values of each measure for all the tiles that fall in each cluster. Additionally,
I used the machine learning classifier XGBoost [249] to quantify which environmental
and demographic characteristics, individually and collectively, characterise the image-
based clusters. This decision-tree-based method identifies which environmental and de-
mographic variables predict cluster membership. It has the practical advantage of being
able to accommodate missing values [250], such as for tiles that have no buildings and
therefore no average building size and orientation. To measure which environmental and
demographic variables are important for predicting image tiles” membership to different
clusters, I used the fitted classifier to generate SHAP values [251]. The SHAP values are

summary measures of the importance of each environmental and demographic variable



4.2. Methods 87

for each cluster as well as across all clusters, in an additive manner.

I split the dataset (tiles) into 80 per cent training and 20 per cent testing data. I used a
stratified approach for splitting the tiles to ensure that all clusters were equally present
in the evaluation. The gradient boosting classifier, XGBoost, was fine-tuned with a 5-fold
cross-validation method with accuracy as a score. I used the Hyperopt [252] library, which
uses Bayesian optimisation for parameter tuning to find the optimal hyperparameters.
The hyperparameters selected by the optimisation are listed in the Appendix Section [A.4]
The final accuracy of the classifier was 0.66, scoring 54% higher than random assignment of
a given image tile to a cluster. This classification accuracy score, which is only moderate,
reflects that the environmental and demographic variables that were used in the SHAP
analysis are only a subset of those that have visual signals. Other visual signals, on which
I did not have geocoded data, may include vehicles, building type and material, specific

vegetation categories, and types of terrain [253].

Input from researchers with deep knowledge of Accra

In addition to the quantitative analysis, I sought input from research colleagues from
the Pathways to Equitable Healthy Cities Group at Ghana University for cluster interpre-
tation. To facilitate feedback collection, I created a webpage, where participants could
reply directly to a set of specific questions. I was especially interested in gaining insight
into a set of questions regarding cluster emergence. These questions were mainly related
to geography, human action (e.g. areas of trade), or the history of the city, as well as
implications for urban citizens living in a certain area. The website can be accessed under

the following link: https://barbarametzler.github.io/Clusters-of-Accra/

Figure 4.4] shows a section of the webpage create to get feedback and input from local
researchers at Ghana University. The page includes an interactive visualisation of clusters

on top of Google Maps to help visualise clusters and their location. I used the replies of
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Figure 4.4: Screenshot of a section of the webpage with cluster map and questions.
Wepage is accessible via https://barbarametzler.github.io/Clusters-of-Accra/

the researchers to add context to the quantitative interpretation of the clusters with data

on built and natural environment. Their input added to the interpretation of the clusters

and their implications for tracking and enhancing sustainable urban development, which

is described in Section [4.4.1]
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4.2.6 Internal evaluation of clusters

External evaluation of clustering necessitates additional data to interpret the clusters,
whereas internal evaluation, uses the inherent data properties, assesses the clusters in-
dependently of any external context. The internal analysis in this chapter, includes the
examination of filter visualisations and class activation maps, which illuminates the pro-
cess by which the network learns image representations. This approach enables a more

comprehensive understanding of the data’s inherent structure and clustering performance.

Filter visualisations and class activation maps

To understand if the network is behaving as expected, I visualised some of the filter weights
of the convolutional layers. Visualising these filters can help to understand if the network
has been trained well. Smooth filters, without noisy patterns, usually indicate that the
network has been trained properly. Moreover, visualising the weights of the first filter
also reveals whether the network is simply capturing colour information or also direction
(e.g. edges). Yosinski et al. [254], created a network-based model that synthesises images
to maximise the activation of a given filter. Thereby, I was able to interpret the filters
of convolutional layers of the network trained on the satellite image dataset by exploring
what low-level features might be important for the classification. I used this method, in
which I apply a cross-entropy function between the target filter and the other filters in

the same layer, to create filter visualisations [242].

Class Activation Maps (CAMs) are a visualisation technique that enables the interpre-
tation of the decision-making process of CNNs. They allow the researchers to see which
regions in the input image have activated certain classes or predictions, thus providing
insight into what the network might be ”seeing” or ”focusing on” when making its deci-
sion. CAMs generated by performing a weighted sum of the feature maps from the last

convolutional layer, where the weights correspond to the importance of each feature for a
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specific class output from the final fully-connected layer. This results in a heatmap that
highlights the influential regions for the predicted class. Through this, CAMs provide a
way to understand the spatial distribution of importance within the input and can be in-
strumental in explaining the predictions of complex models in computer vision [255, 256].
I used two implementations the CAM and CAM++ to visualise the CAMs of the trained

network [255] 256].

Feature space analysis

To understand to what extent DeepCluster learns the intermediate image representations
that distinguish clusters, I inspected the cluster membership in the lower-dimensional
feature space. For this purpose, I obtained the 256 principal components of the image
representations extracted by the second last fully connected layer of the CNN. These 256
principal components together accounted for 99.5% of the variance of the 4096 extracted
features which the CNN uses to represent each image. I measured the degree of uniformity
of tiles in the feature space that fall within each cluster with the average distance to the
cluster centroid (intra-cluster distance).

The average distance to the cluster centroid (intra-cluster distance) for a cluster C' is
given by:

Dung(C) = 17 > d(x,c) (4.3)

where |C| is the number of points in the cluster, d(z, ¢) is the distance between a point

and the cluster centroid c.

The degree of uniformity of tiles that fall within each cluster is calculated with the av-
erage Euclidean distance to the cluster centroid (intra-cluster distance) in the feature
space. This is calculated as within-cluster sum of squares, averaged by the number of

observations such that clusters of different sizes can be compared.
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Additionally, I measured the inter-cluster similarity as the average Euclidean distance be-
tween each pair of cluster centroids in the feature space. Essentially, the between-cluster
sum of squares measures the variation between all clusters and is averaged by the number
of clusters. Larger inter-cluster distances generally imply better separation and hence
potentially better clustering results, while small values can indicate that clusters are close

to each other in the feature space.

The average Fuclidean distance between cluster centroids (inter-cluster distance) in the

feature space for a cluster C' is given by:

(4.4)

where |C] is the number of points in the cluster, x; represents the i-th dimension of point
x, and ¢; represents the i-th dimension of the cluster centroid c.

I report the results and corresponding visualisation of the feature space in Section 4.3.2

4.3 Results

4.3.1 External cluster analysis

Clusters of the urban environment

As part of the primary analysis described in this Chapter, I divided GAMA into eight
clusters and named each cluster as shown in Figure [£.5] Cluster development over varying
cluster numbers is reported in Chapter . I further report built (buildings and roads), and
natural (vegetation and water) environment and demographic characteristics of the clus-

ters which are shown in Figure [4.6] Some clusters contained a single dominant character-
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istic with a strong visual representation. These include tiles with water, dense vegetation,
and densely populated areas, especially those with distinctly visible building orientation
between 36 and 45 degrees with respect to cardinal directions (as defined and calculated
with data described in Section [3.6). The tiles that fell in these clusters had distinct
distributions throughout the city, driven both by the regional environment and how the
city has developed over time. The Dark dense vegetation cluster, which captures forest
areas, is mainly located in the periphery of the city although some few patches were also
present in the more urban Accra Metropolitan Area (AMA), for example at the Univer-
sity of Ghana campus. The Water cluster captures bodies of inland Water and is often
surrounded by a cluster consisting of vegetation that is less dense and lighter in colour
(Light vegetation). The two clusters that capture very densely populated areas (Densely
populated areas, >36 degree building orientation and Densely populated areas, <36 degree
building orientation) are mostly located in the AMA, and in adjacent metropolises, cov-
ering over one quarter of GAMA. Building-related metrics (building count, area, mean
size) and population density were high in both clusters, with their distinguishing feature
being building orientation with respect to cardinal directions (as defined in Section

and shown in Figure

The Light vegetation cluster and Empty land cluster captured natural environments that
were more heterogeneous than the clusters described above. Tiles falling into the Light
vegetation cluster varied more in their NDVI than the Dark dense vegetation cluster that
solely captures dense vegetation in a higher NDVI range (~ 0.3 to 0.5). Tiles in the
Empty land cluster typically had low population density and were often located next to
the vegetation clusters in the northeast and northwest of the study area. Based on vi-

sual inspection, these were areas of dry soil, such as gravel, unpaved roads or sandy terrain.

Other clusters were more complex and contained multi-dimensional environmental char-

acteristics rather than any single dominant characteristic. These include the Buildings
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. Water (2%)

Dark dense vegetation
(5%)

. Light vegetation (6%)

. Empty land (10%)

Densely populated areas,
. >36° building orientation
(7%)

. Densely populated areas,
<36° building orientation
(21%)

Buildings surrounded by
vegetation (13%)

Roads and sparse-
moderately populated
areas (36%)

Figure 4.5: The figure shows 222,420 image tiles each assigned to eight clusters. Each
cluster is shown in a different colour — the same colour is used for each cluster in subsequent
figures. The boxes show examples of the tiles that were assigned to each cluster. The
numbers next to each cluster name show the percentage of tiles grouped into the cluster.

surrounded by vegetation and Roads and sparse-moderately populated areas clusters, which
together covered one half of the GAMA. The Roads and sparse-moderately populated ar-
eas cluster was spread throughout the city, surrounding and moving out radially from
the densely populated areas in the city centre. The Buildings surrounded by vegetation
cluster consisted of tiles that include buildings with low average building size and that

were mostly located in the peri-urban areas.

Prediction of cluster assignment with external variables

To quantitatively evaluate what features of urban form, environment and population are
most represented in the visually identified clusters, I trained a machine learning classifier
(XGBoost) to predict cluster membership using environmental and demographic vari-
ables not used in clustering, as described in Section [£.2.5] Figure [4.8] shows the SHAP
values, which are a measure of variable importance for describing cluster assignment. A
higher SHAP score indicates larger relevance of a certain variable on predicting cluster

assignment. The SHAP values show that NDVI was an important external predictor for
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Figure 4.6: Caption next page.



4.3. Results 95

Figure 4.6: The radar charts depict the built and natural environment and demographic
characteristics of each cluster. Each environmental and demographic variable is scaled
with a quantile transformer, a non-parametric transformation to map the data to a uni-
form distribution with values between 0 and 1 (0.5 indicates the median value of a variable
across all tiles in the entire image). The colours of each chart correspond to the cluster
map in Figure . Tiles with no buildings were included (as zeros) in summary statistics
for building count and building area but excluded from the calculation of summary statis-
tics for average building size and orientation so that zero is not used in the denominator.
The length of major roads was zero in 93% of all tiles, hence the median of all tiles was
zero as was the mean in most clusters.

NDVI: Normalised Difference Vegetation Index.

Building orientation (degrees)

0-9°

[ 9-36°

Assigned cluster

- Densely populated areas,

>36° building crientation

Densely populated areas,
<36° building orientation

Figure 4.7: The figure shows a section of the satellite image that captures the Nima and
Mamobi neighbourhoods in the centre of Accra. The building shapes are plotted on top of
the satellite image and are shaded by building orientation from cardinal directions. The
two clusters that capture densely populated areas are shaded in orange and blue. The
clusters capture a visible distinction between how the buildings are arranged within the
neighbourhood.

image-driven cluster membership, especially through its substantial role for identifying
the Water (which had very low NDVI) and Dark dense vegetation (very high NDVI)
clusters. At the same time, other variables helped predict cluster assignment beyond the

role played by NDVI. Specifically, NDVI was followed by mean building area, whose most
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salient role was in predicting Empty land and the two vegetation clusters (which all had
very low building area), and building orientation, whose importance was driven most by
its ability to predict Densely populated areas, >36 degree building orientation. Tiles be-
longing to the heterogeneous clusters of Roads and sparse-moderately populated areas and
Buildings surrounded by vegetation were not predicted by any single environmental vari-
able but rather had contributions from multiple ones. Distance and length of major roads
were the least relevant variables in predicting cluster memberships, likely because their
role was already captured in the same metrics for all roads. Population density and mean
building size were ranked comparatively low as well, possibly because the information on
building size was already captured by building area and count, and population density
was moderately correlated with building-related metrics (Appendix Figure . This
happens because the SHAP importance score is partitioned such that correlated features

will not rank as highly as when their impacts were considered in isolation.
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Figure 4.8: The figure shows SHapley Additive exPlanations (SHAP) [251] values, ob-
tained by fitting XGBoost [249] classifier to predict cluster membership by environmental
and demographic variables. The SHAP value for each variable indicates its predictive
power for assignment to various clusters, and hence identify the measures of urban form
(buildings and roads), environment (water and vegetation), and population that exter-
nally differentiate clusters that were generated based on images alone. The mean SHAP
values from the XGBoost classifier were calculated for each environmental and demo-
graphic variable as described in Methods. The total length of each bar, which is the mean
absolute SHAP value, represents the overall importance of each variable for predicting
cluster membership, and the different colours represent the importance for assignment to
each cluster.

Input from researchers with deep knowledge of Accra

The responses from researchers at Ghana University and the Pathways to FEquitable
Healthy Cities collaboration revealed that the city’s urban clusters and natural envi-
ronments are largely influenced by human activities and historical planning. The densely
populated regions, such as those with a >36 building orientation, were associated with
high levels of informal business activities, increased access to transportation, and a height-
ened sense of social cohesion by the researchers. Further replies implied that the areas,

indicative of urban sprawl, were heavily influenced by trade, transport, and affordable
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housing stocks. Historical planning, particularly remnants of colonial city planning, also
plays a significant role, with cities like Accra maintaining their original radial road net-
work from the colonial period. For residents, these settings offer economic opportunities
but also face challenges related to noise, pollution, and petty crime, as per another re-
searcher. Natural environments, such as the Achimota Forest and community parks, have
been preserved due to planning efforts. While there are no mining activities in GAMA,
sand-winning and quarry activities do occur. Further responses indicated that the natural
vegetation in these areas provides critical protection against run-offs during the rainy sea-
son, although recent encroachments for development have led to flooding issues in some

areas.

4.3.2 Internal evaluation of clusters

To understand to what extent the CNN learned meaningful image representations used
for clustering, I visualised network filters and CAMs, as well as plotted cluster assignment

and the image tiles for each cluster in the feature space as described in Section |4.2.6|

Filter visualisations and class activation maps

Figure 4.9 shows examples of the filter weights of the first layer, which usually pick up
information on different colours and directions. These direction and colour filters then get
combined into a basic grid and spot textures deeper into the network. Finally, these tex-
tures gradually get incorporated into increasingly complex patterns taking more spatial
information into account. Top activated filters refer to the filters that produce the highest
activation values when applied to the satellite images. In other words, these are the filters
that recognise patterns which are most present or most strongly expressed in the input
data. These activated filters provide a good intuition about what features or patterns

the CNN is "looking at” or ”picking up on” when processing a given input. Therefore,
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analysing the top activated filters can give us insights about how the CNN is making its

predictions or classifications, helping us understand and interpret its internal workings.

The analysis of the top activated filters revealed expected patterns, such as parallel lines
and edges and combinations of such, so that I could conclude that the CNN did not
only pick up colour values but also patterns and contexts. For example, one filter of the
fifth convolutional layer (Convb) was really good at picking up the waves of water as
depicted by Figure [£.9] Similarly, another filter highlighted lots of parked cars or trucks
that formed a specific pattern. Figure illustrates which parts of certain satellite tiles
(on the far left) contributed the most to cluster assignment. Here, two main patterns
emerged. First, the built environment such as roads and buildings was important for
learning features as shown by the images. Furthermore, objects such as cars also highly
impacted feature learning. For tiles that capture homogeneous landscapes, such as water

or dense vegetation, the CAMs revealed activation across the whole image.

Convs top activated images

Figure 4.9: Top 9 activated images and filter extracted from the 5th convolutional layer

(Convb).
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GradCAM GradCAM++ GradCAM GradCAM++
heatmap heatmap result result

Input

Figure 4.10: Class activation maps (GradCAM and GradCAM++) of DeepCluster trained
on satellite images of Accra.

Cluster formation and variability in the feature space

To understand to what extent the network learns meaningful image representations used
for clustering, I visualised cluster assignment and the image tiles for each cluster in the fea-
ture space (Figure and measured the intra-cluster and inter-cluster distance (Figure
, as described in Section m Tiles that fell into Water and Dark dense vegetation
had small intra-cluster distance which indicates they were very homogeneous, and those
in Densely populated areas, >36 degree building orientation and Buildings surrounded by
vegetation cluster were highly variable (Figure ; other clusters fell between the two
groups in terms of their intra-cluster similarity versus variability. I also measured the
inter-cluster similarity by calculating the average distance between each pair of cluster
centroids in the feature space. The clusters that captured the natural environment ( Water,
Dark dense vegetation, Light vegetation, and Empty land) were close to one another in the
feature space. The Densely populated areas, >36 degree building orientation and Densely
populated areas, <36 degree building orientation clusters were furthest apart from the
water and vegetation clusters, and the Buildings surrounded by vegetation and Roads and

sparse-moderately populated areas clusters were intermediate distance to these groups.
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The clusters that contained multi-dimensional environmental characteristics, Buildings
surrounded by vegetation and Roads and sparse-moderately populated areas, were also

close to each other in the feature space.

Densely populated areas, >36° building orientation
Densely populated areas, <36° building orientation
Roads and sparse-moderately populated areas
Light vegetation

Buildings surrounded by vegetation

Empty land

Water

Dark dense vegetation

PC1

Figure 4.11: The figure shows the 222,420 image tiles plotted on the first and second
principal components (PCs) of 4,096 features extracted from the second to last fully
connected layer (of the CNN; these PCs account for 40% and 17% of the overall variance,
respectively). Each tile is placed at the corresponding value of its features’” PC1 and
PC2. Each tile is also shown as a point, coloured in the same colours the cluster map in
Figure [4.5] This presentation allows visualising image tiles, and their cluster assignment,
in relation to extracted features, and can provide an intuition for how the network learns
image representations in the process of cluster assignment.
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Figure 4.12: The figure shows average two measures of intra- and inter-cluster similarity.
The intra-cluster similarity is calculated as average distance of tiles to cluster centroid and
is a measure of within cluster uniformity (smaller distances) versus heterogeneity), and
(larger distances). The distance between centroids (of clusters is a measure of similarity
across clusters). The smaller the distance between the clusters, the more similar they are,
and vice versa. For computational efficiency, within- and between-cluster distances were
calculated using the first two PCs.

4.4 Discussion

Cities are complex dynamic systems whose built and natural environments, including
buildings, roads and vegetation, are shaped through an interplay of local geography and

human activity. These environments in turn affect where people live and conduct their
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activities, how they commute among these places, and their impacts on health and well-
being. My analysis showed that the application of unsupervised clustering can capture
single- and multi-feature urban environments and hence offer a novel way of coherently
and comprehensively characterising and tracking urban environmental change, especially

in settings where labelled data are limited.

4.4.1 Implications for tracking and enhancing sustainable urban

development

My results show that the image-based clusters present interpretable insights into neigh-
bourhoods. The proposed framework can be used to track changes in the built and natural
environment at a fine spatial scale and in near-real-time to inform urban planning and
services. The clusters capturing vegetation and water, which have distinct visual features,
are influenced by regional geography and whether and how it is preserved or modified. The
Dark dense vegetation cluster captures the hills and valleys in the north of the GAMA,
where human activities have so far been relatively minimal. These forests used to cover
even larger parts of north and northwest regions of the GAMA, but land clearing for urban
growth and agriculture, charcoal making and firewood collection has substantially reduced
the extent of trees [257, 258]. The Water cluster covers waterways and other water bodies
and is surrounded by Light vegetation cluster, which lies closer to human settlements than
the Dark dense vegetation cluster. In addition to riverine vegetation, the Light vegetation
cluster captures a wetland that separates the AMA from the adjacent metropolis of Tema
in the east, as well as protected areas around a reservoir. These areas face threats of ur-
ban encroachment, and their conservation is necessary for the preservation of the region’s
biodiversity and to protect the city from flooding [201], 259, 260, 261, 262]. In particular,
large parts of Accra’s informal settlements (which fall in the two densely populated clus-
ters) are located next to riparian areas and are exposed to a risk of flooding [263] 264],

which is predicted to increase due to global climate change [260]. The Empty land cluster



104 Chapter 4. Clustering one city: Accra

captures open unvegetated land, such as sandy or bare soil with a few shrubs or unfinished
buildings and unpaved paths. Empty land that has recently lost vegetation cover may be
a setting for imminent road and building construction and could indicate the beginning
of city sprawl [265]. These changes, and how they change the city’s environment, can be

readily monitored with sequential satellite images and my clustering approach.

The two densely populated areas (Densely populated, >36 and <36 degree building orien-
tation) are mostly located in the dense core of the city and adjacent metropolis, a feature
that is seen in many cities in Africa [266]. These densely populated areas tend to be
poorer than other parts of the city but are well-connected to urban transport and trade
hubs, which makes them a setting for informal and formal business and trade activities.
The dense population and the commercial activities create more social cohesion but also
make these areas noisier and more polluted [267, 53, 268]. Despite currently having no
vertical layering, both clusters are dense in terms of building footprint, as is the case in
informal settlements in other cities in the developing world [51], 269]. There is a trend by
private and public-private developers towards larger and higher buildings in these highly
accessible locations, which contrasts with earlier urban sprawl in Accra and other major
African cities [4, 270]. Vertical densification can increase economic productivity, while
also displacing their current residents unless accompanied with appropriate housing in
the same or nearby locations as a part of redevelopment. It will also likely change the
visual characteristics of these areas and hence can be measured and monitored through
the approach that I presented. The main difference between the two densely populated
clusters is the visually distinct building orientation, which impacts thermal comfort. This
feature which will be increasingly relevant as extreme weather events, especially high tem-

peratures, become more frequent with changing climate [224] 225, 227 226].

The remaining clusters capture a more complex and heterogeneous mix of land cover

and land use. The areas captured by the Buildings surrounded by vegetation cluster are
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either farmland at the fringe of the metropolitan area or wealthier neighbourhoods with
freestanding houses surrounded by gardens, often as part of gated communities. These
areas have lower pollution [267, [53], 268] and benefit from proximity to green space. The
parts of the cluster that are at the fringe of the city are expected to grow further into the
surrounding natural environments [271], driven by population growth, cheaper housing
stock compared to the city centre, and poorly controlled private land development due
to weak enforcement of urban planning and development rules [201, 272]. Limiting this
sprawl requires a combination of land tenure reforms, and introduction/enforcement of
urban planning and zoning regulations, so that outward growth and sprawl are balanced
with (vertical) densification of already-built areas as described earlier [201], 273]. Finally,
the Roads and sparse-moderately populated areas cluster represents the combination of the
city’s low-medium density residential and commercial settlements and its road network.
Road capacity in GAMA is inadequate for the increasing number of vehicles, and the
peri-urban areas are underserved [274], as evidenced by the relative underrepresentation
of Roads and sparse-moderately populated areas cluster in the peri-urban areas, especially
in the northeast of GAMA. The combination of this cluster, the two densely populated
clusters and the Buildings surrounded by vegetation cluster, captures most of the paved
and unpaved roads, and provides a good representation of the connectivity and accessi-
bility of the city. The arrangement of these clusters can help to identify areas that are
poorly connected, and reveal options for improving their connectivity including walkable
and bikeable areas, those that can be connected to central Accra with radial rapid rail or

bus transport systems, and those that may require additional roads [50], 275] 276].

Application and extension to other cities and multiple time points

The unsupervised approach can be applied to multiple cities to reveal similarities and
differences in the character of natural and built environments. I discuss specifics and

approaches to how the analysis can be moved from one city to multiple cities in Chapter
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6] and Chapter[7] Similarly, the framework can be used for longitudinal analysis of satellite
images taken at different points in time in order to track urban change based on how each

phenotype expands or replaces others.

4.5 Summary

An unsupervised feature extraction and clustering algorithm was applied to high-resolution
satellite images and evaluated with external data on the built and natural environment
and population which was not used for the clustering. The external analysis included
cluster interpretation with summary statistics and fitting a classifier with the external
data to predict cluster membership. The fitted model was used for a subsequent SHAP
analysis to quantify the environmental and demographic characteristics defining the clus-
ters. The internal analysis was compromised of visualising CNN filters and CAMs, as well

as the examining of the clusters in the feature space.



Chapter 5

Sensitivity analyses: Impact of scale
of analysis and cluster number on

cluster assignment

This chapter is based on the peer-reviewed publication titled ”Phenotyping urban built
and natural environments with high-resolution satellite images and unsupervised deep
learning” [I], published in The Science of the Total Environment (STOTEN) journal, for
which I was first author (DOI: https://doi.org/10.1016/j.scitotenv.2023.164794).

I hereby give credit to this work without citing the work in every instance in the text.

5.1 Overview and objectives

In this chapter, I describe the sensitivity analysis of the feature extraction and clustering
framework applied to high-resolution satellite images of Accra, Ghana as described in

Chapter [4]
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The main objectives of this chapter is to test the sensitivity to methodological choices
applied to the main analysis described in Chapter [} These methodological choices in-
clude examining cluster changes based on tile size, cluster number and additional model

hyperparameters.

5.2 Methods

5.2.1 Data sources and pre-processing

I used high-resolution satellite image of Accra that covers most of the GAMA area as
pictured in Figure [3.1| and described in Chapter 3| The spatial resolution of the satellite
image amounts to 0.3 meters per pixel and captures three different bands (RGB). I further
removed tiles that were not part of the GAMA as well as empty tiles and tiles capturing

clouds as described in Section [4.2.1]

Tile size

As part of the pre-processing, I cropped the satellite image to cover only the GAMA and
cut the satellite basemap into tiles that vary in size. These tiles, sized 128 x 128, 384 x
384, and 512 x 512 pixels, correspond to about 38 x 38 meters, 115 x 115 meters, and
154 x 154 meters on the ground, respectively. While the primary analysis uses 256 x 256
pixel tiles (as described in Chapter , for this analysis, I used both smaller (128 x 128,
50% smaller) and larger (384 x 384, 50% larger and 512 x 512, 100% larger) tiles to track
changes in cluster membership and characteristics. Figure [5.1| presents these different tile

sizes plotted on a segment of a satellite image.
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Figure 5.1: Segment of the satellite basemap with a 128 x 128 pixel (green), 384 x 384 pixel
(yellow) and 512 x 512 pixel (red) pixel grid indicating the tile sizing of the sensitivity
analysis.

Shifting the index grid

Apart from dividing the satellite basemap into different tile sizes, I generated an additional
dataset by offsetting the index grid used in the main analysis (described in Chapter |4)
by 50%, which corresponds to a shift of 128 pixels to the east and north. The dimensions
of the tiles were retained at the same size as those used in the main analysis detailed in

Chapter [4 The tile size roughly equates to an area of 75 x 75 meters on the ground.

5.2.2 Methods of sensitivity analyses

I used the DeepCluster method as described in Section [£.2.3] First, I analysed the ro-
bustness of the cluster change based on the scale of the analysis (i.e. tile size and zone).
Second, I examined cluster development with changing number of clusters and finally,

described the influence of hyperparameter k& on feature learning.
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Sensitivity to image tile dimensions

I investigated how the spatial scale of analysis impacted the cluster formation. I used the
same set-up for the DeepCluster algorithm as described in Section [4.2.3] except feeding a
different tile size into the CNN. The learning rate and number of clusters (K') were set to
0.00001 and 8, respectively. DeepCluster was run for 20 epochs with 3 RTX6000 GPUs,

72GB memory and a run time of approximately 24 hours.

To interpret the clusters, I used data capturing information on urban form, population
density and vegetation described in Chapter [3] The external data was scaled with a quan-
tile transformer and I reported the median values of each measure for all the tiles that
fall into each cluster and visualised the results in the form of radar charts. Additionally,
I generated co-occurrence plots to compare cluster membership across approaches with
different tiles. For this purpose, I overlayed the two index grids for comparison and assign

cluster memberships using the smaller index tiles. The results are reported in Section

B3I

Sensitivity to zoning

I further examined how zoning impacted the cluster formation. For that reason, I repeated
the DeepCluster analysis, as described in Section |5.2.1] with the shifted grid. I applied the
DeepCluster algorithm in a manner consistent with the approach outlined in Section
except using the shifted image tiles. I set the learning rate to 0.00001 and the number
of clusters (K) to 8. The algorithm was run for 20 epochs using a single RTX6000 GPU
with 72GB of memory and the training and clustering were completed in approximately

24 hours.
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Sensitivity to the number of clusters

In Chapter [ T presented eight clusters of urban environment, each with its own phe-
notypic characteristics. This number was chosen based on visual inspection of results,
and an initial set of experiments where I tested the separation of clusters and the level of
detail required for an intuitive classification of the urban environment. To further under-
stand how the choice of cluster number influences the separation of the city into clusters
and the character of the resultant clusters, I modified the number of clusters, K, in the
DeepCluster analysis and report how the clusters change from K=2 to K=12 in[5.3.3 I
thus used the same setup as described in Section 4.2.3| except for changing the number

of clusters (K). All other hyperparameters remained unchanged.

Influence of hyperparameter k on feature learning

DeepCluster iteratively groups the image representations deep in the network with a stan-
dard clustering algorithm, k-means, and uses the subsequent assignments as supervision
or pseudo-labels to update the weights of the network as part of a classification task.
The choice of the hyperparameter k£ in the k-means clustering part of the algorithm is
distinct from the final number of clusters (K) in the data; rather, k£ influences how the
algorithm learns distinctive image representations. It may be the case that a large hy-
perparameter k is better suited for feature learning even if for interpretation one prefers
a smaller number of clusters [277, 260]. To examine the role of the number of clusters in
the k-means algorithm on learning image representations, I carried out the analysis as a
two-step approach: in the first step, the CNN is used to create deep image representations
(features) with specific values of k, and subsequent step of clustering into K clusters. To
investigate whether a larger £ helps to learn more discerning features, I created a set of
different deep features (DF) with the three choices of k (k € 8,50,100), namely D Fyg,
DFy50 and DFjy00. I then clustered the intermediate DF with a k-means (K=8) (i.e. as

in the analysis described in Chapter 4)) to compare the cluster memberships.
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Cluster number and hyperparameter k

To find the optimal number of clusters for each set of deep features, I computed the
distortion score and the Calinski-Harabasz (CH) from K=2 to K=15 with all sets of DF
(DFys, DFy50 and DFyi09). The distortion score is calculated by summing the squared
distances from each point to its assigned centre, which is also the intra-cluster distance
defined in Equation 4.3 The CH score is a measure that summarises cluster compactness

and spatial separation. It is defined as

B(k)/W (k)

CHW) = 1k~ 1)

(5.1)

where n is the number of data points, k is the number of clusters, W (k) is the within-
cluster variation, and B(k) is the between cluster variation. It is therefore a measure that
combines inter- and intra-cluster variation as described in Section [£.2.6]

Additionally to the CH score, I also computed the distortion or the sum of squared
distances within clusters and plotted them against the number of clusters. This plot is
often referred to as ‘elbow’ chart. The ‘elbow’ or bend in the plot indicates the point
where adding more clusters does not significantly improve the model’s performance. 1
used the plots to observe how the clusters change based on a different hyperparameter k

and cluster number.

5.3 Results

5.3.1 Sensitivity to image tile dimensions

I investigated cluster stability with varying tile size, specifically 128 x 128 (i.e. 50%
smaller than the main analysis in side length), 384 x 384 (50% larger), and 512 x 512
(100% larger) pixels, as described in Section [5.2.2} Figure shows the cluster assign-
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ments plotted on a map of GAMA. The analysis showed that similar prominent features
of the natural and built environment can be picked up by all different tile sizes and are
subsequently clustered together. These dominant characteristics such as vegetation, wa-
ter, and densely populated areas were clustered largely independently of tile size (Figure
5.3). The resultant clusters were stable in their (external) characteristics and in terms of
areas they cover, supported by the co-occurrence plots that compare cluster membership
between the different tile sizes, as shown in Figure Tiles capturing multi-dimensional
environmental characteristics in the main analysis, such as the Buildings surrounded by
vegetation and Roads and sparse-moderately populated areas clusters, varied the most

depending on the tile size and areas of the image they are assigned to.

128 x 128 384 x 384 512 x 512

Figure 5.2: Cluster results of varying tile size plotted on a map of GAMA.

The sensitivity analysis demonstrates that similar prominent features of the natural and
built environment were picked up by all different tile sizes and are subsequently clustered
together. The main characteristics of the city, such as vegetation and features of the
built environment, were all picked up by different tile sizes. The 128 x 128 pixels tiles
did not capture contexts as well and larger tile sizes (384 x 384 pixels, 512 x 512 pixels).
These larger tiles were by their nature more likely to capture heterogeneous landscapes.
Therefore, the clusters that include higher heterogeneity of features in the analysis with
256 x 256 pixel tiles, such as Buildings surrounded by green) and Buildings surrounded by
vegetation, were the ones that vary the most depending on the tile size.

Smaller tiles (128 x 128 pixels) captured more homogeneous landscapes and less mixed
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environments than the original and larger tile sizes, such as Buildings surrounded by
vegetation. In contrast, larger tiles (384 x 384 pixels, 512 x 512 pixels) were more likely
to capture mixed environments, such as sparse-moderately populated areas and buildings
and roads together with vegetation. These two clusters make up 49% and 54% of the total
tiles for the analysis with 384 x 384 pixels and 512 x 512 pixels, respectively, compared

to 39% in the 128 x 128 pixel analysis.

5.3.2 Sensitivity to zoning

As outlined in Section[5.2.2] T investigated how the cluster assignment changed by using a
shifted dataset. Figure [5.5) shows the standardised averages of clusters between the main
analysis as described in Chapter [4 and the DeepCluster results of the shifted grid. The
analysis revealed that tiles with characteristics that were very similar in both approaches
were clustered together. Both approaches had two densely populated clusters with main
differentiation in building orientation. Additionally, both approaches picked up very sim-
ilar clusters of the natural environment. These included Water clusters (cluster 6 (left)
and cluster 4 (right)) and a Dark dense vegetation cluster (cluster 7 (left) and cluster 2
(right)) as shown in Figure[5.5] The main differences were seen in clusters that captured
mixed environments, such as the Buildings surrounded by vegetation cluster that varied

mostly in median building orientation and population density.

5.3.3 Sensitivity to number of clusters

As described in Section [5.2.2] T analysed how the clusters change from setting K=2 to
K=12 (Figure [5.6). Initially (K=2), the tiles were separated into a cluster containing
two very homogeneous natural environments ( Water and Dark dense vegetation) and a

cluster that captured all the other tiles. At K=4, that mixed cluster split into clusters
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with distinct visual character including populated areas and Empty land and Light veg-
etation. The natural environment cluster that formed at K=2 further split into dark
green vegetation and Water tiles at K=6. At K=6, the algorithm also grouped densely
populated areas with high building orientation together, a cluster that stays constant
until K=12. Clusters capturing mixed environments such as Roads and sparse-moderately
populated areas and Buildings surrounded by vegetation appeared later at K=8. By K=10
and K=12, very particular clusters appear, such as a cluster that captures populated ar-
eas with very low building orientation (<10 degrees), a cluster capturing riparian areas,
and a cluster that contained edges of clouds. Comparing the cluster development with
the cluster homogeneity in the extracted feature space (Figure , the most separable
clusters (dark and Light vegetation and Water) were also the clusters which emerged to

be the most internally uniform as shown by the feature plot (Figure [4.12)).

Influence of hyperparameter k on feature learning

To investigate how the hyperparameter k influences the learning of image representations,
I compared the cluster results of three sets of deep features (DF) that were learnt with
different choices of hyperparameter k (k € 8,50, 100), namely DFyg, DFys0, and D Fy0,
as described in Section The visual interpretation through the radar plots of the three
sets of clustered deep features (Figure and the co-occurrence of cluster assignments
(Figure showed that the tiles were mostly grouped in similar ways for different values
of £ and had consistent environmental and demographic characteristics. Each choice
of k included a Water, Dark dense vegetation, Light vegetation, and Densely populated
areas with >36 degree building orientation and <36 degree building orientation cluster.
The main changes between cluster results were in the Empty land cluster and clusters
with the mixed environments, the Buildings surrounded by vegetation and the Roads and
sparse-moderately populated areas clusters, which differed in building area and count, as

well as building orientation. The building area and count of the clusters formed from
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the DFyso and DFyy99 were slightly higher than the cluster results from DFyg for the
Roads and sparse-moderately populated areas cluster, but slightly lower for the Buildings
surrounded by vegetation cluster. This change arose mainly due to the fact that more
tiles were assigned to the Roads and sparse-moderately populated areas and Buildings
surrounded by vegetation clusters than in the main analysis, with 60% of tiles being
assigned to these two clusters in the DFjs0 analysis and 69% in the DF}oo analysis,
compared to 50% in the main (DFyg) analysis. The additional tiles for the Buildings
surrounded by vegetation mainly came from the Empty land cluster in the main analysis
(Figure . Furthermore, the remaining part of the Empty land cluster created with
DFy50 and D Fjy0 also contained some vegetation compared to the clusters formed in the

main (DFjg) analysis.
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128 x 128 256 x 256

water (2%) Dark vegetation (a%) Water (2%)

Empty land (10%)
o b size

384 x 384 512 x 512

Water (2%) Dark vegetation (5%) Water (1%) Dark vegetation (5%)

n b s

B. count Building count

B. area Building area

B. orient. Building orlentation

NDVI Mean NDVI

Pop. den. Population density

Dist. all roads Min. distance to all roads
Dist. m. roads Min. distance to major roads
M. roads Length of major roads.

All roads Length of all roads

Avg. b.slze  Mean building size

Figure 5.3: The radar charts show the built and natural environment and demographic
characteristics of each cluster per analysis with tile sizes: 128 x 128 pixels, 256 x 256
pixels (main analysis), 384 x 384 pixels, and 512 x 512 pixels. Each environmental and
demographic variable is scaled with a quantile transformer, a non-parametric transforma-
tion to map the data to a uniform distribution with values between 0 and 1 (0.5 indicating
the median value of that certain feature across all tiles in the entire image). Tiles with
no buildings were included in summary statistics for building count and building area (as
zeros) but excluded from calculation of summary statistics for average building size and
orientation so that zero is not used in the denominator.
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Figure 5.4: The plots show the co-occurrence of assignment to specific clusters, comparing
the 128 x 128 pixels analysis (A) with the main analysis, 384 x 384 pixels analysis (B)
with the main analysis, and 512 x 512 pixels analysis (C) with the main analysis. The co-
occurrence is calculated by spatially joining the 256 x 256 pixel grid with either (A), (B)
or (C) and computing a frequency table of cluster membership. The values are presented
as, and coloured by, percentages of the main analysis.
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Figure 5.5: Standardised averages of clusters with K=8. Main analysis (left) and analysis
with shifted grid (right).
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Figure 5.6: The Sankey plot shows the sizes of clusters when cluster number (K') varied
from 2 to 12. The flow of data indicates how clusters partition and merge based on
repeating the main analysis (as described in Chapter 4)) with varying K. The naming of
the clusters for each K is based on a similar process as in the main analysis, and based
on the environmental and demographic characteristics of each cluster.
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Figure 5.6: Built and natural environment and demographic characteristics of the clus-
tered deep features ( DFys, DFys0 and DFjyyq9) are shown as radar charts similar to
those in Figure 3. Each environmental and demographic variable is scaled with a quantile
transformer, a non-parametric transformation to map the data to a uniform distribution
with values between 0 and 1 (0.5 indicating the median value of that certain variable
across all tiles in the entire image). Tiles with no buildings were included in summary
statistics for building count and building area (as zeros) but excluded from calculation of
summary statistics for average building size and orientation so that zero is not used in
the denominator.

Figure 5.7: The plots show the co-occurrence of cluster assignments, comparing the clus-
ter membership of the main analysis (D Fyg) with the DFj50 analysis (A) and the main
analysis (D Fjg) with the D Fyjp analysis (B). The co-occurrence is calculated by comput-
ing a frequency table of cluster membership. The values are presented as, and coloured
by, percentages of the main analysis.

Cluster number and deep features

To observe how changing the hyperparameter k£ together with the number of clusters
changes the results, I calculated the distortion score (also known as ‘elbow’ chart) for
K=2 to K=15 for each set of deep features. These deep features are image representa-
tions learned with a specific hyperparameter k as described in Section [5.2.2] All elbow
plots (Figure - Figure showed that there was no clear ‘elbow’ in all three plots
but rather the sum of squared distances steadily decreasing. Similarly, the CH score is

decreasing in a similar matter, however, the curve exhibits a subtle tapering at around
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Figure 5.8: Elbow plot and CH score from K=2 to K=15 of DFjg
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Figure 5.9: Elbow plot and CH score from K=2 to K=15 of D Fj5q

5.4 Discussion

Cities, as complex and dynamic systems, feature an interplay of human activity and local
geography, impacting everything from living and activity locations to commuting patterns
and health outcomes. My research has revealed the potential of unsupervised clustering to
capture these intricate urban environments, particularly when labelled data is scarce. Yet,
when working with a single large satellite image that requires pre-processing for analysis,
certain considerations arise regarding how the pre-processing steps can impact cluster
assignments. These arise from artificially imposed zones and tile sizes on continuous

geographic phenomena, which can influence the results of spatial statistical analysis.
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Figure 5.10: Elbow plot and CH score from K=2 to K=15 of D F}q9

5.4.1 Finding a suitable scale of analysis

Using a basemap satellite image, which has been stitched together from multiple satellite
images, gives the researcher a lot of freedom in terms of scale and zone of analysis. While
it allows for a lot of flexibility, it also opens up a set of new questions related to zoning
and tile size. In this thesis, I analysed the sensitivity to zone and scale through changing
the tile size and tile zoning before repeating the analysis. In geographical and spatial sta-
tistical analyses, scale and zoning are two fundamental factors that can greatly influence
the results. In this context, the dependence of statistical results on spatial partitioning of
the data is also known as the Modifiable Areal Unit Problem (MAUP) [278]. The MAUP
consists of two related problems. Firstly the problem of scale, which arises when the
same set of data is aggregated at different spatial levels (e.g., zip codes, counties, states).
The results of the analysis can vary widely depending on the level of aggregation, which
can lead to very different interpretations. Secondly, the zoning problem, which refers to
the issue that even if the scale is constant, the way you divide the study area into units
(how you draw the boundaries) can also influence the results. The conducted sensitivity
analyses relate to both aspects of the MAUP. I addressed the problem of scale by running
the analysis with different tile sizes that were larger and smaller than the original analysis
described in Chapter [4 I further approach the problem of zoning by shifting the index

grid by half of the analysis index, i.e. 128 pixels, to the east and north.
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The sensitivity analysis with changing tile size with results reported in Section [5.3.1
was supported by He et al. [279]. The authors describe that when satellite classifica-
tions are aggregated by majority class the majority classes become larger while smaller
classes are reduced (or disappear). This is also the case for the larger tile sizes, where
for example, the two mixed environment clusters (Buildings surrounded by vegetation and
Sparse-moderately populated areas) become larger with increasing tile size.

On the contrary, in the field of deep learning for remote sensing as well as medical imaging
[280, 281], 282], tiling methods have often been viewed as solutions to overcome memory
limitations rather than strategies to enhance the accuracy of the algorithms. This suggests
that the main purpose of employing tiling methods is to offset memory constraints rather
than to boost the predictive capability of the algorithms. Reina et al. [280] argue that
larger degrees of image context, such as using larger tile sizes improve model performance
while training the neural network and are less sensitive to hyperparameters during an in-
ference task. However, this might be more applicable to segmentation or object detection
tasks, rather than unsupervised analysis.

Lastly, expanding on the analogy drawn from plant ecology, the concept of beta diversity
can provide valuable insights into the impact of varying tile sizes in remote sensing anal-
yses. In ecology, beta diversity measures the variation in species composition between
different ecosystems or habitats [283], reflecting the turnover of species as one moves from
one location to another. Similarly, in the context of image analysis with changing tile
sizes, the turnover of features or classes across varying tiles can be considered as a form
of beta diversity.

In any case, DeepCluster clustered tiles with similar characteristics together, despite dif-
ferent tile sizing. In the analysis with the larger tile sizes, the mixed clusters became
the prominent clusters and thus become more difficult to interpret compared to the more
homogeneous clusters such as the clusters capturing water or densely populated areas.
Smaller tile sizes (128 x 128 pixels) did not capture mixed environments that well and

most clusters either captured the built environment or the natural environment and only
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one cluster captured a mix of the two.

5.4.2 Finding a suitable K

Geodemographic and environmental characteristics’ classifications aim to summarise the
distinct socio-environmental traits of small area zonal geography, as demonstrated in pre-
vious studies by Ojo, Skupin, and Singleton [284] 285 286]. Drawing from these works,
my research sought to depict the variations in urban form at a small geographical level,
however, using imagery data, as opposed to their reliance on survey and census data.
Similar to geodemographic applications where data have high dimensionality, choosing
the ideal cluster number, K, for classifying the urban landscape is a subjective process.
As Singleton and Skupin have noted, the choice of K often relies more on qualitative fac-
tors, such as the desired granularity of output, usefulness to end users and comparability
with other classifications, and is informed by a range of measures like cluster frequencies

or mapped outputs.

In the context of this thesis, a suitable K should yield clusters that demonstrate differ-
ences in measures of urban form, as interpreted with external data, and display visually
discernible differences. Yet, determining an exact K is challenging; any number greater
than 12 tended to be difficult to interpret for visual interpretation. Analyses with varying
numbers of K and different hyperparameter &k for feature learning showed similar trends.
The features were clustered densely together in the feature space and the commonly used
elbow plot did not result in a clear ‘elbow’ and thus a preferable number of clusters.
The CH score favoured very low values for the number of clusters in all cases, however,
did seem to flatten at around K=8. The Sankey analysis further revealed two distinct
super-clusters (one capturing the built environment and one the natural environments)
which were further divided into sub-clusters. A lower number of clusters (K') can thus aid

in distinguishing the built and natural environment, and a higher number of clusters can
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highlight more specialised clusters that capture mixed environments. Generally, choosing
the optimal K value is a multifaceted process, with no one-size-fits-all solution. It is
invariably influenced by the specifics of the application and the level of detail desired in

the classification output.

5.5 Summary

The sensitivity of the feature extraction and clustering algorithm was probed by apply-
ing the framework to high-resolution satellite images of various sizes and different zoning
compared to the main analysis described in Chapter [d] The resulting clusters were evalu-
ated with external data on the built and natural environment and population which was
not used for the clustering. The external analysis included cluster interpretation with
summary statistics and comparing results between parameter changes. These changes
entailed repeating the analysis with varying tile size, shifted tile grid, and varying cluster
number (K). Finally, alternative values for hyperparameter k were also tested. The sen-
sitivity analysis showed that clusters that captured homogeneous landscapes were more

robust compared to clusters that captured mixed environments.
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Clustering multiple cities

6.1 Overview and objectives

In this chapter, I explain how I extended the cluster analysis described in Chapter [4] and
Chapter 5| to further cities in SSA. First, I state the objectives, and describe the data and
methods including joint, separate and hybrid multi-city clustering experiments. Finally,
I report the results of the experiments and evaluate the cluster results of the various ex-

periments.

The primary objective of this chapter is to cluster high-resolution satellite images of four
cities in Sub-Saharan Africa (SSA), specifically Accra (Ghana), Dakar (Senegal), Dar es
Salaam (Tanzania), and Kigali (Rwanda). To tackle differences in urban characteristics
across these cities, I investigate an array of clustering approaches. These range from
joint clustering to separate and hybrid clustering approaches. These clusters are further
assessed using demographic and environmental data, allowing for a comparison of cluster
membership across the different approaches. Ultimately, the most effective approach is
identified through visual interpretation and external analysis, laying the groundwork for

the comprehensive examination and analysis detailed in Chapter
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6.2 Methods

6.2.1 Data sources and pre-processing

I applied and tested the unsupervised clustering approach as described in Chapter |4] and
Chapter 5| with high-resolution satellite images of four study cities in SSA, namely Accra
(Ghana), Dakar (Senegal), Dar es Salaam (Tanzania), and Kigali (Rwanda). The satellite
raster data was acquired from Maxar in GeoTIFF format as described in Section |3.5.1]
The spatial resolution of the images amounts to 0.3 meters per pixel and captures three
different bands (RGB). Colour balancing and orthorectification were applied to the im-

ages as part of commercial pre-processing.

I cut the satellite images of all four cities into 256 x 256 pixel tiles, which is equiva-
lent to about 75m x 75m on the ground. This tile size contains multiple features of urban
form, e.g., houses and roads, such that it captures objects with their urban context and
surroundings. Table lists the number of tiles used for the analysis and further details

about coverage and year of satellite image capture.

City Year Coverage  Number of tiles
Accra 2019 1,312 km? 222,420
Dakar 2021/2 570 km? 96,627
Dar es Salaam 2021 1,465 km? 248,375
Kigali 2020 750 km? 127,082

Table 6.1: Satellite images used for the cluster analysis of four cities.

Additionally, T used four different sets of data on urban characteristics in each city to
interpret the image-based clusters. The vector and raster datasets capturing the urban
characteristics are described in Section (3.6, To calculate the mean per-tile statistics of
the urban characteristics, I intersected each vector and raster dataset with the 256 x 256

pixel index grid of the satellite image tiles for each city.
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6.2.2 Inference on Accra model

Before running a new model on the satellite images of the four cities, I tested how well the
Accra model (approach 0) described in Chapter 4| generalises to unseen satellite images of
other cities. The DeepCluster model, outlined in Section 4.2.3] uses cluster memberships
as labels to retrain a CNN and consequently learns image representations of the satellite
tiles. I saved the network trained on the images of Accra and fed unseen images into the
network for image inference without retraining the network. The satellite images of Dakar
were pre-processed in the same way as the images of Accra, meaning they were normalised
based on the mean and standard deviation of the ImageNet dataset, since these weights

were used for initialising the training of the network.

The results proved unsatisfactory. One notable issue was the model’s tendency to classify
a significant number of satellite tiles as part of the Water cluster. As illustrated in Figure
6.1} this problem became apparent when inferring cluster assignment for satellite image
tiles of Dakar using the Accra model described in Chapter 4 This could be because the
Water cluster is relatively close to the densely populated clusters in the feature space as
shown in Fig. 4.12, The NDVI of water is also closer to the NDVI that captures the built
environment than the NDVI of the natural environment. Even though it is not clear why
the urban landscape was misclassified, this outcome indicated that the model’s ability to

generalise effectively across different data distributions was limited.
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Figure 6.1: Transferring the Accra model to satellite images of Dakar.

6.2.3 Model considerations for the multi-city analysis

Cities in SSA share similarities, such as having a high share of compact, low-rise buildings;
displaying indications of city sprawl that show stark internal contrasts, such as business
developments next to informal settlements [4]. While these cities are similar in certain
ways, they also differ based on geography and history. Different climates and geogra-
phies (like mountains or access to the sea) also shape a city’s development as described
in Chapter [3] The aim of this chapter is to create interpretable and actionable land use
classes with high-resolution satellite images of multiple cities. Moving the analysis from
one city (as described in Chapter 4] and Chapter |5|) to multiple cities opens up a set of

methodological questions.

I compare three cluster approaches for the feature learning and clustering of satellite
images, as depicted in Figure As described in Chapter [ the DeepCluster framework
includes feature learning and clustering. Both steps can be included in a single pipeline
or taken apart. I took advantage of this possibility to move along the city-specific and
joint spectrum to cluster the images of multiple cities. The three different approaches are

as follows:
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e Approach A: Joint one-stage model: Joint feature learning and clustering of all
cities together.

e Approach B: Separate one-stage models: Separate learning of features and clus-
tering of each city one at a time.

e Approach C: Hybrid two-stage model: Joint feature learning across all cities and

separate clustering by city.

In Approaches A and B, feature learning and clustering are performed in one step, using
the same framework in Section [4.2.3. Approach C includes two steps, where represen-
tations of the satellite images of all the cities are learned together in the network and
subsequently clustered by city. Different approaches implicitly have different assumptions
about urban features and clusters. For Approach A, I assume that the cities share similar
features, such that we find clusters that are shared between cities and hence the clustering
is done together. When the analysis is done for each of the cities separately, as in Ap-
proach B, I assume that the inter-city variations are very high, and therefore, there is no
benefit in sharing information about cities during feature learning and clustering. Finally,
the hybrid two-stage approach, Approach C, assumes that inter-city similarities are useful
for feature learning, but clusters cities separately to avoid missing any city-specific intri-
cacies that would be lost if the cities were clustered together due to different distributions
of urban land use. This last approach shares some similarities with transfer learning,
where knowledge gained from training on one task is used to enhance the learning and

performance of a different but related task.

In order to test the different assumptions, and to find out if the different cluster approaches

give intuitive and meaningful clusters, I developed three sets of experiments (Approach

A, B, and C), as depicted in Figure[6.2]

Approach A: Joint one-stage model

For Approach A, feature learning and clustering are done jointly in an end-to-end fash-
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Figure 6.2: In Approach A, the deep features are learned and clustered in one step for all
cities together. In Approach B, all deep features are learned and clustered together for
each city separately. Finally, in Approach C, the features are learned together, however,
clustered individually per city. This approach allows for cluster comparisons in the feature

space.

ion. A single model is trained for all cities. The hyperparameter k that is used in the
DeepCluster approach is set to the final cluster number K, as described in Section [6.2.5]
I investigated a set of different values for the number of clusters K and report the results

of K=8 and K=16 in Section [6.3.1]

Approach B: Separate one-stage models

For Approach B, the features are learned and clustered in a single end-to-end pipeline for
each city. Figure[6.2]illustrates the workflow. The satellite images of one city are fed into
the hybrid feature learning and clustering pipeline. Here, the hyperparameter k, which is
used to learn the features in the DeepCluster approach is set to the final cluster number
K, as described in Section [6.2.5] For each city, a separate model is trained and the results

are reported in Section [6.3.1}
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Approach C: Hybrid two-stage model

Finally, I propose a two-step approach that learns and clusters the image representations
in separate steps. In the first step, the number of clusters to learn the features, k, was set
to k = 1000 in the DeepCluster approach to allow learning of diverse features and clusters
across cities. Subsequently, the extracted features are PC-reduced and ¢? normalised

before clustering them with the final number of clusters, K, separately for each city.

6.2.4 Cluster evaluation
External cluster evaluation

I used the data on the built environment, water, vegetation, and population to quantify
the characteristics of the image-based clusters. The external data sources are described in
detail in Chapter [3] Furthermore, I computed the deviation of each urban characteristic
per tile and cluster, relative to the median of its assigned cluster, a metric I refer to as
the Median Absolute Deviation (MedAD). The MedAD measure is robust to outliers and
is delineated as follows:

MedAD = median (Jy — g|)

where y represents the actual feature characteristic for each tile, and g represents median

feature characteristic for each cluster.

The overall sum of all MedAD scores across all urban characteristics, the Median Absolute

Deviation (MAD) score, is defined as follows:

MAD = Z median (Jy — 7|)

I use the M AD score to summarise variability across urban characteristics for different

cluster approaches. A sign that the algorithm effectively differentiates between natural
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and built environments would be its ability to assign tiles with similar urban characteris-
tics to the same cluster. This metric thus aims to encapsulate the homogeneity of urban
characteristics within a single cluster. A cluster with highly variable urban characteris-
tics would have a higher MAD than a cluster whose tiles are closer to the overall median
of a certain urban characteristic (e.g., NDVI or building count) specific to that cluster.
Concurrently, I use the MAD score to compare the cluster assignments of approaches A,

B, and C, per city and across cities in Table [6.5]

In addition to the MAD score, I used Sankey diagrams to analyse the cluster changes
between approaches. To complement the visual analysis through the Sankey diagrams (as
reported in Section [6.3.1)), I used the Normalised Mutual Information (NMI) to report
cluster overlap between approaches. The NMI is a variation of Mutual Information (MI)
and serves as a measure of the correspondence between two clusters, providing a score
normalised between 0 and 1. A score of 1 implies perfect correlation, whereas 0 indicates

the two variables are completely independent.

The NMI is defined as follows.

MI(X;Y)

NMI(X;Y) = THOOET

with the MI between two discrete variables, X and Y, defined as:

=3 play log( (uf’y) ) (6.2)

X goy z)p(y)

and the entropy of a random variable X is defined as:

==Y plx)logp(x (6.3)

zeX
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6.2.5 Number of clusters

In the analysis of Accra in Chapter [4] and Chapter , I found that a cluster number (K)
of 8 was effective in separating satellite images of Accra into distinct, intuitive clusters.
However, the optimal K value might vary depending on the specific objectives of the
analysis. Typically, a smaller K value groups the urban area into primary clusters rep-
resenting built and natural environments, whereas an increased K value further divides
these main clusters into more nuanced sub-clusters.

To ensure consistent comparisons across different cities and methodologies, I set a stan-
dard K value of 8 for all analyses. The comparison of results across various cluster
methodologies and cities with differing K values would present challenges, especially as
the MAD score generally decreases with an increased number of clusters. Maintaining a
constant K value allows for a more manageable comparison.

However, for Approach B, which clusters all cities together, I also included results using
a larger K value (K=16). This larger K value allows more clusters to emerge and has a
chance of revealing a cluster that may be more common in one city even if not emerging
across all three together. While I maintained a consistent number of clusters throughout
this chapter, it is important to note that depending on specific applications, the number

of clusters may need to be adjusted.

Hyperparameter experiments

Besides comparing cluster results between approaches, I used the MAD score to determine
the optimal learning rate for each approach. As mentioned in Section [£.2.3] some learning
rates returned the inherent structure of how the satellite images were stitched together as
part of the commercial pre-processing by Maxar, which was also reflected in a high MAD
score. Thus, to find interpretable and intuitive results that are useful in an urban analysis
setting, I ran the DeepCluster model with varying learning rates. I compared the results

of the models of all approaches run with learning rates set to 0.01, 0.001, 0.0001 and
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0.00001 and I chose the learning rate with the lowest MAD score for each approach. The
Table in the Appendix reports the various MAD scores computed to select learning
rates for Approach A. Here, I compare the results of K=8, K=12 and K=16 across cities.
I added K=12 to the hyperparameter experiments to observe how the MAD score changes
between K=8 and K=16. Additionally, Tables through report the MAD scores
for the separate models (Approach B) in each city. Table reports the MAD score
corresponding to varying learning rates for the hybrid model (Approach C) across all
cities. The MAD scores for Approach C in each city are detailed in Tables through
[A11l

Computation

The training time for 20 epochs was approximately 24 hours for one city, and about
72-76 hours for all cities together. Additional training did not substantially change the
clusters and their interpretation. I trained the model on 3 RTX6000 GPUs with 72GB
memory for the separate city models (Approach B) and 250GB memory for joint and
hybrid approaches (Approaches A and C), where all satellite images of all cities were fed

into the CNN at the same time.



6.3. Results 137

6.3 Results

6.3.1 Cluster results for joint, separate and hybrid models

I report the results of the different clustering approaches as outlined in Section |6.2.3] and
visualised by Figure [6.2] In the following sections, I present the results of the joint one-
stage model (Approach A), the separate one-stage model (Approach B) and the hybrid
two-stage model (Approach C). Later in the chapter, I compare the cluster assignments

across all approaches with the MAD score.

Approach A: Joint one-stage approach

Table lists the different clusters for each city at K=8. The clusters were named based
on what they represent given the demographic and urban environment data described in

the Data Chapter [3]

I found that Approach A, as described in Section [6.2.3] predominantly separated one city
from the other cities. Four of the eight clusters were mainly assigned to Accra. Only one
cluster existed across all four cities, which is cluster 3. The remaining clusters belonged
to either Accra or the other three cities as shown in Figure[6.3] The clusters assigned with
Approach A represented less detailed features of the environment and mainly separated
specific types of vegetation from all other features, thereby limiting the detail of features

encapsulated within each cluster.

Figure|[6.4] displays the MedAD score per cluster and urban characteristic for Approach A
at K=8. The figure illustrates that among all cities, cluster 3 — a cluster common to every
city — exhibited the most variation (i.e. highest MedAD scores) in urban characteristics.
This could indicate that the approach has pushed the clusters together and thus created
one default cluster for anything that does not go into another cluster and did not actually

capture similar urban neighbourhoods across cities. I expected that certain clusters with
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Appr-| Cluster] Accra Dakar Dar es Salaam | Kigali
oach | num-
ber
A 0 Dark vegetation | Dark vegetation | Dark vegetation
(1%) (7%) (2%)
1 Dark vegetation
Accra (9%)
2 Densely pop-
ulated, high

building orienta-
tion (21%)

3 Mixed environ- | Mixed environ- | Mixed environ- | Mixed
ments (6%) ments (91%) ments (86%) ments (71%)
4 Densely popu-

lated, low build-
ing  orientation

(42%)
5 Empty land Ac-
cra (19%)
6 Shrubs, agricul- | Shrubs, agricul- | Shrubs,
ture, med. vege- | ture, med. vege- | ture, med.
tation (8%) tation (7%) tation (27%)
7 Water (3%)

Table 6.2: Table of clusters across cities with K=8, Approach A. The percentages represent
the proportion of each cluster group in the respective city.

distinct visual features would be picked up across cities. For example, the Empty land
or Vegetation clusters in Accra (cluster 5 and cluster 1) captured a landscape that is
found in the other study cities, however, was clustered separately from these. A further
explanation for the separation of Accra could also point to a different commercial pre-

processing that was captured by this approach.

I further tested whether a higher number of clusters would lead to more city-specific
clusters and reran the analysis with K=16. As shown in Figure [6.5] similar patterns
emerged as with K=8. The algorithm discerned more detailed city characteristics, such
as agriculture in Dakar and wetlands in Kigali. However, one group of seven clusters
remained specific to Accra, while the other clusters were distributed among the other

cities. There was one shared cluster between all cities (cluster 12), with tile examples
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K=8, Cluster 0, 3 and &

K=8, Cluster 1,2,4,5and 7

Figure 6.3: Approach A: Joint one-stage clustering with K=8. Clusters are plotted on
the map of Accra, Dakar, Dar es Salaam, and Kigali, from left to right. The algorithm
separated most of Accra from the other cities.
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Figure 6.4: Heatmap of MedAD scores per cluster and urban characteristic for Approach
A. Cluster names with A indicate that these only captured tiles of Accra. Cluster names
without the A captured all other three cities, except for the Mized environments across
all cities cluster, which captured tile in all cities.
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shown in Figure[6.6 Both figures showed no clear indication of why the tiles were clustered

together and the results were challenging to interpret.

App A: K=16, Cluster 0.4,6.7.8.12,14 and 15

App A: K=16, Cluster 1.2,3,5.9.10,11,12 and 13

Figure 6.5: Approach A: Joint one-stage clustering with K=16. Clusters plotted on
the map of Accra, Dakar, Dar es Salaam and Kigali, from left to right. The algorithm
separated most of Accra from the other cities.
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Approach A: Cluster 12

Figure 6.6: Shared cluster across cities for Approach A with K=16. Each row represents
one city, from top to bottom: Accra, Dakar, Dar es Salaam and Kigali. The shared cluster
is very difficult to interpret visually.
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Approach B: Separate one-stage approach

For Approach B, I applied the feature extraction and clustering method described in
Section to all four cities separately. The cluster results are listed in Table [6.3]
Compared to Approach A, the cluster numbers were not shared across cities, meaning the
model assigned eight individual clusters to each city. The clusters were named based on
what they represent given the demographic and urban environment data described in the

Data Chapter [3|

In Approach B, as described in Section each city is clustered individually. Although
the analysis was conducted separately, I found that some clusters picked up similar ur-
ban environments when interpreted with external data. Across all cities, I found that
three main classes of clusters emerged. These included clusters with vegetation, clusters
capturing mixed environments and clusters capturing densely populated areas. Figure
displays some examples of these tiles for all cities. Even though the vegetation visu-
ally varies across the study cities due to different climates, the vegetation was clustered
together in every city. The second set of clusters that I found across cities was densely pop-
ulated areas. Each city had one or two clusters that captured the highest building count
and population density per tile and cluster together with very low NDVI and low values
for distance to roads. In Accra and Dakar, both cities with lower average vegetation com-
pared to the other cities, the algorithm found two densely populated area clusters, with
their distinguishing feature being building orientation with respect to cardinal directions.
The third set of clusters captured was more complex and contained multidimensional en-
vironmental characteristics rather than any single dominant characteristic. These mixed
environment clusters represent the median values of the urban characteristics across cities,
such as population density (8-18 people per tile) and median building count (7-9 build-
ings per tile). In each city, there was one mixed environment cluster, and it was spread
throughout the city, surrounding, and moving radially from densely populated areas in

the city centre.
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Cluster Accra Dakar Dar es Salaam | Kigali
group
Vegetation | 7: Dark vegeta- | 6: Vegetation | 4: Dark vegeta- | 2: Dark dense
tion (5%) (8%) tion (3%) vegetation (4%)
3: Light vegeta- 2: Medium vege- | 7: Wetlands (4%)
tion (6%) tation (4%)
1: Vegetation | 6: Shrubs (8%)
and unpaved
roads (4%)
Water 6: Water (2%) 5: Lake Retba
Water) (1%)
Agriculture 1: Agriculture | 7: Agriculture | 3: Agriculture
(3%) (4%) (23%)
7: Shrubs and | 5: Sparsely pop-
agriculture (10%) | ulated areas and
agriculture (10%)
Empty 5: Empty land | 2: Sand and
land (10%) empty land (4%)
Densely 0: Densely pop- | 0: Densely pop- | 0: Densely popu- | 0: Densely popu-
populated | ulated, high | ulated, high | lated areas (10%) | lated areas (8%)
building orienta- | building orienta-
tion (7%) tion (5%)
1: Densely | 4: Densely
populated,  low | populated, low
building orienta- | building orienta-
tion (21%) tion (14%)
Other 2: Sparse- | 3: Sparse- | 6: Moderately | 1: Sparse-
mixed moderately moderately populated areas | moderately
environ- populated areas | populated areas | (34%) populated areas,
ments (36%) (56%) sloped area (5%)
4: Buildings sur- 3: Moderately | 5: Moderately
rounded by vege- populated areas | populated areas
tation (14%) (33%) (37%)
4: Mixed en-
vironment,

sparse-densely
populated (22%)

Table 6.3: Table of clusters across cities, Approach B. The percentages represent the
proportion of each cluster group in the respective city. The number is the cluster number
and is used in plots across Chapter @ and Chapter [7| for identification.

Additionally, I found that Approach B also captured city-specific clusters such as water

bodies. The water cluster in Accra picked up a large water reservoir ( Weija reservoir),
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as well as parts of the wetlands and river basin. Further, it clustered tiles with the pink

water of Lake Retba together as well as sand and bare land in Dakar as seen in Figure [6.8]

Densely populated Mixed environments

Figure 6.7: Common clusters found across cities for Approach B. Each row represents
one city; from top to bottom: Accra, Dakar, Dar es Salaam and Kigali. Dynamic mosaic
(©2022 Maxar Technologies.

g "
-
3 %
(a) 6: Water, Accra. 5: Lake Retba, (c¢) 2: Sand and (d) 3: Agriculture,
Dakar. empty land, Dakar. Kigali.

Figure 6.8: Examples of city-specific clusters for Approach B. The numbers refer to the
cluster number in Table . Dynamic mosaic (©)2022 Maxar Technologies.
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Cluster Accra Dakar Dar es Salaam | Kigali
group
Vegetation | 2: Light vegeta- | 5: Shrubs and un- | 2: Medium vege- | 6: Shrubs (9%)
tion (7%) paved roads (8%) | tation (7%)
4: Dark dense | 6: Trees and | 1: Vegetation | 2:  Dark dense
vegetation (6%) bushy landscape | and unpaved | vegetation (6%)
(6%) roads (6%)
7:  Dark dense | 3: Wetlands (4%)
vegetation (3%)
Water 7: Water (2%)
Agriculture 7 Agriculture | 6: Agriculture | 0: Agriculture
(13%) and sparsely | and sparsely
populated areas | populated areas
(9%) (15%)
4: Agriculture | 1: Trees and agri-
(8%) culture (9%)
Empty 5: Empty land | 1: Sand and
land (10%) empty land (8%)
Densely 3: Densely pop- | 3: Densely pop- | 5: Densely | 7: Densely popu-
populated | ulated, med. | ulated, med. | populated, low | lated areas (23%)
building orienta- | building orienta- | building orienta-
tion (22%) tion (8%) tion (15%)
0: Densely | 4: Densely | 3: Densely pop-
populated, low | populated, low | ulated, high
building orienta- | building orienta- | building orienta-
tion (19%) tion (7%) tion (12%)
6: Densely pop- | 2: Densely pop-
ulated, high | ulated, high
building orienta- | building orienta-
tion (13%) tion (5%)
Other 1: Other mixed | 0: Other mixed | 0: Other mixed | 5: Other mixed
mixed environments environments environments environments,
environ- (21%) (44%) (41%) sparse-densely
ments populated (29%)

4: Mixed envi-
ronment, sparsely
populated; sloped
area (5%)

Table 6.4: Table of clusters across cities, Approach C. The clusters are grouped into
cluster categories such as vegetation and densely populated areas. The number is the
cluster number, which is used in plots across Chapter [6] and Chapter [7] for identification.
The percentages represent the proportion of each cluster group in the respective city.
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Approach C: Hybrid two-stage approach

For Approach C, as described in Section [6.2.3] the image representations of the satellite
images were learned together across all cities, however, clustered separately. The resultant
clusters are detailed in Table[6.4l In contrast to Approach A, the clusters were not shared
across cities, which means that the model assigned eight distinct clusters for each city.
The naming of these clusters was derived from the interpretation of the demographic and

urban environmental data discussed in the Data Chapter

Approach C found analogous clusters to Approach B. These included three main clus-
ter groups that were picked up in all cities: vegetation, densely populated areas and
mixed environments as seen in Figure [6.9] Approach C also picked up city-specific clus-
ters, such as Water in Accra and specific types of vegetation and agriculture in Dakar and
Dar es Salaam, as depicted in Figure Some city-specific features were lost, such as
Lake Retba in Dakar.

Densely populated Vegetation

Figure 6.9: Common clusters found across cities for Approach C. Each row represents
one city; from top to bottom: Accra, Dakar, Dar es Salaam and Kigali. Dynamic mosaic
(©2022 Maxar Technologies.
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(a) 7: Water, Accra. (b) 1: Sand and (c) 7: Agriculture, (d) 4: Agriculture,
empty land, Dakar. Dakar. DeS.

Figure 6.10: Examples of city-specific clusters for Approach C. The numbers refer to the
cluster number in Table . Dynamic mosaic (€)2022 Maxar Technologies.

Overall comparison of approaches

To compare all cluster results between cities, I computed the MAD score for each ap-
proach. The score is defined in Equation in Section and a lower M AD score
indicates less variation within urban characteristics. Table reports the M AD values
compared between all three approaches and calculated on a city basis, as well as across
cities. Approach C achieved the lowest MAD scores for Dakar, Dar es Salaam and Ki-
gali, and these scores were closely followed by those of Approach B for all three cities.
However, approach B achieved the best scores for Accra, closely followed by Approach
C. Approach A (with K=8) attained the highest scores across cities. I further calculated
the M AD across all cities, where the hybrid approach (Approach C) obtained the lowest
MAD scores followed very closely by the separate approach (Approach A), with only a
difference of 0.2474 in M AD.

Approach Accra Dakar DeS Kigali ‘All cities

A 2.0203 2.374 24905 2.3393 | 2.2021
B 1.9235 1.8118 2.2217 1.9675 | 1.6944
C 1.9709 1.7357 2.0411 1.9637 | 1.6125

Table 6.5: Comparing the overall MAD scores per city. Bold text indicates the best scores
for each city. DeS: Dar es Salaam. Approach A refers to the K=8 model.

The visual analysis and external evaluation of Approach A demonstrated that the joint
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one-stage clustering separated Accra from the other cities and did not generalise well
across cities. Joint one-stage clustering (Approach A) with a higher number of K (K=16)
resulted in a MAD score of 2.081 across all cities, which is still higher than the scores for
the other approaches. Approach A did not satisfy the overall aim of this chapter, which
was to create meaningful, interpretable and actionable clusters across cities. This was
because the results of Approach A were very difficult to interpret across cities due to the
separation of Accra from the other cities. It further clustered tiles together that were not
visually similar. In the following section, I, therefore, focus on Approaches B and C. To
understand how Approaches B and C differ, I investigated cluster changes between the
approaches and report the z-scores for each urban characteristic per cluster as detailed in

the next section.
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Cluster changes between Approach B and C

The experimental outcomes indicated that Approach A did not offer substantial insight
as it did not adequately capture variations across all cities and it split off Accra from
the other cities. In this section, I thus first interpret the clusters of Approach B and
C with demographic and environmental data and compare their main shared clusters

in Figures [6.11] and [6.12] The figure displays a set of clusters that are found in both

approaches, including clusters capturing vegetation, densely populated areas and mixed
environments. Each city map is complimented with a radar chart that represents the
urban characteristic of certain clusters. Similar shapes on the radar plots indicate that
the clusters are capturing similar city environments based on demographic data and data
on the built and natural environment. The radar charts showed that certain city features
were picked up in both approaches, while others did not match as well. For example,
the vegetation classified by Approach B is very similar to Approach C, however, the
mixed environments captured differ significantly. The mixed environments captured by
Approach B in Dar es Salaam are distributed evenly across the whole city, while this is

not as much the case for Approach C.
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Figure 6.11: Water and vegetation clusters for Approach B (top) and Approach C (bot-
tom). Each set of four city maps from left to right: Accra, Dakar, Dar es Salaam and
Kigali. The radar charts depict the built and natural environment and demographic char-
acteristics of each cluster. Similar shapes on the radar plots indicate that the clusters are
capturing similar city environments based on demographic data and data on the built and
natural environment. The different shades in colours represent different clusters. Each
environmental and demographic variable is scaled with a quantile transformer, a non-
parametric transformation to map the data to a uniform distribution with values between
0 and 1 (0.5 indicates the median value of a variable across all tiles in the entire image).
Tiles with no buildings were included (as zeros) in summary statistics for building count
and building area but excluded from the calculation of summary statistics for average
building size and orientation so that zero is not used in the denominator. NDVI: Nor-
malised Difference Vegetation Index.
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B) Densely populated areas
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Figure 6.12: Densely populated areas clusters for Approach B (top) and Approach C
(bottom). Each set of four city maps from left to right: Accra, Dakar, Dar es Salaam
and Kigali. The radar charts depict the built and natural environment and demographic
characteristics of each cluster. Similar shapes on the radar plots indicate that the clusters
are capturing similar city environments based on demographic data and data on the built
and natural environment. The different shades in colours represent different clusters.
Each environmental and demographic variable is scaled with a quantile transformer, a
non-parametric transformation to map the data to a uniform distribution with values
between 0 and 1 (0.5 indicates the median value of a variable across all tiles in the
entire image). Tiles with no buildings were included (as zeros) in summary statistics for
building count and building area but excluded from the calculation of summary statistics
for average building size and orientation so that zero is not used in the denominator.

NDVI: Normalised Difference Vegetation Index.
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To further understand how approaches B and C differ, I investigated cluster changes
between the approaches and report the z-scores for each urban characteristic per cluster for
each approach separately. In this context, the z-score is used to statistically quantify each
urban characteristic per cluster, indicating how many standard deviations a characteristic
is from the overall mean across all clusters. I further created Sankey plots for each city
to visualise the cluster changes between approaches B and C as depicted in Figures
to[6.16, When comparing approaches B and C of the Accra analysis, the most consistent
clusters corresponded to the natural environment. Specifically, these were the clusters
capturing light vegetation and water bodies (cluster 3 and cluster 6). Approach C yielded
three distinct densely populated clusters, compared to the two derived from Approach B,
primarily distinguished by differing building orientations. Assessing these through the
MAD score revealed that Approach B formed more homogeneous clusters, indicating less
deviation of these clusters from the overall cluster median. Consequently, naming and
interpreting clusters resulting from Approach B for Accra was more intuitive relative to
those generated from Approach C. In addition, I computed the NMI as defined in Equation

6.1, which yielded a value of 0.41.

For the Dakar analysis, the NMI between Approach A and C amounted to 0.40. Even
though this was a rather moderate overlap, both approaches picked up similar urban
characteristics. For example, Approach B separated the densely populated areas into
two clusters, whereas Approach C split up one of these clusters (cluster 4) into two
separate clusters (cluster 3 and /) that differed mainly in building orientation. This
also occurred in the analysis of Accra. Some city-specific clusters such as two agriculture
clusters (cluster 1 and cluster 7), one capturing trees, the other one low-level agriculture
were merged together into a more general cluster that captures agriculture (cluster 7).
Furthermore, clusters that captured very homogeneous landscapes of Approach B, such
as the pink Lake Retba and sandy areas (cluster 2) were also merged together into one

cluster in Approach C (cluster 1).
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The difference in cluster membership between Approach B and C was greatest in Dar es
Salaam, where the NMI between approaches amounted to 0.14. The cluster assignments
plotted on top of the Dar es Salaam map (Figure clearly showed this. The clusters of
Approach B seemed very heterogeneous or noisy compared to the map showing the cluster
results of Approach C. This difference was also represented in the MAD score reported
in Table 6.5l The densely populated areas cluster in Approach B did not capture any
difference in building orientation, whereas Approach C captured two distinct clusters
capturing densely populated areas with either high or low building orientation. Approach
C further clustered the densely vegetated Pande Game Reserve in the north of the city
boundary and the shrubby area of Kwembe in the west of the city boundary into two
separate clusters while Approach B assigns these parts to two mixed clusters. Both

factors could explain why Approach C had a lower MAD score compared to Approach B.

The results of approaches B and C of Kigali were more intuitive to follow. The NMI
between Approach B and Approach C for the city amounted to 0.39. Similar to the Accra
analysis, the algorithm identified and separated densely populated areas and vegetation
into separate clusters in both approaches. While Approach B captured two clusters with
relatively high building area (cluster 0 and cluster 5), Approach C grouped these together
into one densely populated cluster (cluster 7). Other mixed clusters stayed the same, such

as cluster 1 and cluster 7 for Approach B and clusters 4 and cluster 8 for Approach C.

Hyperparameter experiments

Upon investigating the outcomes of Approach A with varying cluster numbers (K=[8,12,16]),
I observed that a learning rate of 0.0001 consistently yielded the lowest MAD scores. This
learning rate mirrors the optimal rate identified in the single city clustering research, as
discussed in Chapter [l For Approach B, however, the learning rate necessitated adjust-
ments on a city-by-city basis. For Approach B, the learning rate was adjusted per city

and ranged widely. For Approach C, a learning rate of 0.00001 was best. All learning
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rates are listed in Table and MAD scores for all different approaches and learning
rates are further listed in Appendix Section

Approach K City Learning rate

A 8  All cities 0.00001
12 All cities 0.0001
16 All cities 0.0001

B 8  Accra 0.0001
8  Dakar 0.00001
8  DeS 0.01
8  Kigali 0.00001
C 8  All cities 0.00001

Table 6.6: Selected learning rates across all approaches. For each model, I tested a set
of different learning rates (0.01, 0.001. 0.0001, and 0.00001) and chose the learning rate
with the lowest MAD score to present the results.



6.4. Discussion 155

6.4 Discussion

The results of this chapter revealed that two out of the three approaches successfully
identified distinct clusters that captured the diverse and complex patterns of urban envi-
ronments, encompassing both single- and multi-featured environments. Approaches B and
C, in particular, identified clusters that were shared between cities as well as city-specific
and relevant for urban planning and policy-making. However, one of the approaches failed
to achieve this comprehensive representation. The joint one-stage approach (Approach
A) picked up some variances within cities, however, did not generalise well across cities
and clustered images of Accra separately from the other cities. One possible explanation
for this discrepancy could be variations in the pre-processing conducted by Maxar, to
which I did not have direct insight. The Accra images were obtained through their Open
Data initiative, while the images of the other city were acquired through their commer-
cial branch, as detailed in Section [3.5.1] Notably, the pre-processing of images from the
Open Data initiative exhibited issues with cloud coverage, suggesting a less meticulous
pre-processing compared to the commercially purchased images. Despite visual analysis
and scrutiny of metadata, no evidence was found to attribute the clustering differences
to specific times of the day, seasons or other visible differences in the data.

The separate models (Approach B), although more time intensive, provided city-specific
insights that could be valuable for urban planners. For example, the clustering approach
identified empty sandy land or agricultural land, which could be useful for predicting
city growth and productivity. While I found representative clusters, matching clusters
between cities and retraining the network for each city is labour and time intensive. The
joint approach (Approach A), on the other hand, was more efficient in terms of training
time but returned results that were hard to interpret. The approach split off one city,
which was the images that I acquired through Maxar’s Open Data initiative described in
Chapter 3] The separation could be due to commercial image processing, which I did not

have any insight into, and would require further investigation.
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The two-stage approach (Approach C) is the most time and computing-efficient. This is
because the CNN does not require retraining, regardless of the number of clusters tested
in the subsequent analysis. It showed that cities shared some features between them,
while also exhibiting city-specific intricacies. I found that Approach C identified similar
patterns to Approach B, making it a promising alternative. Some city-specific intricacies
were lost, likely due to underrepresentation in the combined datasets. However, this is a
trade-off that results in enhanced comparability between cities. At the same time, more
specific clusters emerged through learning the features across cities. For example, in Ac-
cra, Dakar and Dar es Salaam, Approach C picked up densely populated areas with a
specific building orientation that in Approach B was mostly clustered together into one

cluster.

The clustering technique presents a promising tool for understanding variations in satel-
lite images across various cities, particularly in regions where data availability is scarce.
It thus stands as a useful aid for policy and decision-making. Nonetheless, there exist
limitations in the current analysis, largely pertaining to geographic and temporal data
availability. To address these, future studies could focus on incorporating more time
points or expanding the geographical scope to additional cities. Moreover, the analysis
relied on a single satellite image per city, susceptible to weather and seasonal variances,
and the demographic and environmental data may not exactly align with the date of
the satellite image capture. Furthermore, the interpretation of clusters could have been
constrained by the specific datasets used in this study, particularly those related to the
built environment. Incorporating more comprehensive data on such factors could enhance
cluster interpretation in future studies. Further implications for tracking sustainable ur-
ban development are outlined and discussed in the next Chapter, where I describe the

clusters identified with Approach C across all study cities in more detail.
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6.5 Summary

An unsupervised deep clustering approach was applied to high-resolution satellite images
of four cities in SSA. Three different approaches were tested, including joint, separate,
and hybrid approaches. I found that two of my proposed unsupervised deep learning ap-
proach created effective visual features for clustering satellite images. Both, the separate
approach (Approach B) and the hybrid approach (Approach C) detected similar patterns
in each city, as well as captured city-specific intricacies. Approach C offered a compromise
between computational efficiency as well as interpretability of features between cities and
capturing city-specific intricacies. The joint approach (Approach A) split off one city from
the other cities. The results were evaluated with demographic data and data on the built
and natural environment. The cluster analysis revealed similar patterns across all cities

but also highlighted the presence of city-specific clusters.
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Chapter 7

Phenotyping natural and built

environments in cities in SSA

7.1 Overview and objectives

In this chapter, I present and interpret the cluster results of the hybrid two-stage clus-
tering analysis described in Chapter [} I state the objectives and describe the data, as
well as external and internal cluster evaluation of all clusters across the four study cities.
I fit a classifier to predict cluster membership with external urban characteristics to add

further interpretability to the model.

The aim of this chapter is to apply the clustering framework to four study cities in SSA,
identifying both cross-city and city-specific clusters. Using demographic, built and natu-
ral environment data, I evaluate these clusters, further delving into an internal analysis
within the feature space. This exploration provides insights into how cities in SSA grow,
shedding light on the shared and unique characteristics of city growth and structure in

Accra, Dakar, Dar es Salaam and Kigali.

162
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7.2 Methods

7.2.1 Data and pre-processing

The images and data on urban characteristics used for the analysis are described in
Chapter [3] T follow the same pre-processing procedure as outlined in Chapter [6] T used
256 x 256 pixel satellite image tiles of four cities SSA, obtained urban characteristics of

all four cities and computed per tile averages.

7.2.2 Hybrid two-stage approach

The analysis presented in Chapter [, where I explored different methodologies for clus-
tering satellite images across multiple cities, demonstrated that both the separate and
hybrid approaches successfully identified meaningful clusters that were similar across var-
ious cities, while concurrently encapsulating city-specific nuances. Approach C struck a
balance between computational efficiency and the interpretability of features across cities
while preserving city-specific intricacies. Moreover, Approach C identified clusters with
minimal deviation in urban characteristics, as indicated by the MAD score. Given these

advantages, I continued the analysis with the hybrid approach.

As shown by Figure in Chapter [ as Approach C, I implemented a two-stage fea-
ture learning and clustering of the image representations. In the initial step, the number
of clusters utilised for feature learning in the DeepCluster algorithm, denoted by k, was
fixed at 1000. This decision was made to accommodate the extraction of a wide array
of features and clusters across multiple cities. Following this, the extracted features were
reduced to 256 dimensions with a principal component analysis and ¢? normalised prior to
their clustering. This final clustering phase was performed individually for each city, using

the designated number of clusters, K. The training time for 20 epochs was approximately
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72-76 hours and I trained the model on 3 RTX6000 GPUs with 250GB memory.

7.2.3 External analysis of clusters

I used data on the built environment, water, vegetation, and population (as described
in Chapter [3)) to quantify the characteristics of the image-based clusters and name the
clusters based on what they represent. Figure to Figure depict the clusters
plotted on the respective city map. In addition to the demographic data and data on
the built and natural environment, I further compare the cluster results to the ESA land

cover maps described in Section and report the results in Section [7.3.1

Prediction with external variables

I used the same data on the built environment, water, vegetation, and population to
analyse the features of image-based clusters. For this, I employed the XGBoost machine
learning algorithm [249] to predict cluster membership per city with all urban charac-
teristics, similar to the analysis in Chapter |4, I trained a separate model for each study
city. The data of each city was split into a 70:30 training-testing ratio, ensuring all clus-
ters were equally represented. I calibrated the XGBoost gradient boosting classifier with
accuracy as the primary evaluation metric. I used a Bayesian optimisation approach to
tune hyperparameters using the Hyperopt library [252]. The accuracy of each classifier is
listed in Table[7.1} The moderate to high accuracy levels indicate that the environmental
and demographic variables incorporated into the SHAP analysis might only encompass a
subset of the visible features. Other potential visual indicators, for which I did not have
urban data, could include aspects like vehicles, distinct architectural features, specific

vegetation types, and varied terrains [253].

I attained the SHAP values [251] to quantify the importance of each variable in cluster

prediction. It is important to mention that while tree models handle correlated predictors
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City Accuracy
Accra 0.6484
Dakar 0.6401
Dar es Salaam 0.7541
Kigali 0.5106

Table 7.1: Accuracy scores of the classifiers trained on urban characteristics to predict
specific cluster membership for each city.

well, SHAP importance scores might be dispersed among such features, potentially leading

to an underestimation of their individual importance.

Comparison to ESA land cover maps

To understand how the clusters compare to global land cover maps, I used the 2021 world
cover dataset by ESA [238] as described in Section [3.6.2] I downloaded the land cover
maps of the specific country, cut out the city shapefile and re-projected the maps into the
same coordinate reference system. Furthermore, I spatially joined the datasets for every
city. To visualise which land cover labels are most prevalent within each cluster, I created

co-occurrence plots normalised by cluster. I report the results in Section [7.3.1]

7.2.4 Internal analysis of clusters

In order to ascertain the degree to which DeepCluster successfully discerns clusters within
and across cities based on intermediate image representations, I examined cluster asso-
ciations within the PC-reduced feature space. This involved deriving the 256 principal
components from image representations extracted from the penultimate fully connected
layer of the CNN. These components collectively explained 99.5% of the variance of the
4096 features that the CNN utilises to represent each image. Since the image repre-
sentations are learned across cities in the two-stage approach discussed in Section [7.2.2]

the cluster comparison can be done across cities in the feature space. The uniformity of
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tiles within each cluster in the feature space was assessed using the intra-cluster distance
(Equation , which is the average distance from tiles to the corresponding cluster cen-
troid. Cluster separability was computed using the inter-cluster distance, as defined in
Equation . I created clustermaps (Figure and Figure to visualise how close
and far away the clusters are in the feature space. The dendrogram is calculated using

the Euclidean distances between cluster centroids.

7.2.5 Sensitivity to number of clusters (K)

I described the main phenotypes across all four cities by setting the cluster number to 8,
as previously defined and discussed in Chapter [5] and Chapter [} However, to examine
how the clusters change with varying cluster numbers for each city, I also constructed
clustergrams showing cluster development from (K=1 to K=20). A clustergram is a visu-
alisation tool for high-dimensional data introduced by Schonlau [287]. This type of plot
provides a graphical representation of the PC-reduced data over varying cluster numbers
that can help highlight patterns or groups within the data set. The clustergrams and
analysis are shown and reported in Section . [ further tracked the CH score (Equa-
tion in Chapter [5)) and the silhouette score. The silhouette score is an additional
measure of cluster quality. It indicates how similar a tile is to its own cluster compared
to other clusters. The score is computed for each individual tile and ranges from -1 to 1,
where a high value indicates that the tile is well-matched to its own cluster and poorly

matched to neighbouring clusters.

The silhouette score, s(i), for each tile 7 is defined as follows:

b(i) — ali)

) = e {al®), b))

(7.1)

where a(7) is the average distance from i to the other points in the same cluster and b(7)
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is the minimum average distance from 7 to points in a different cluster, minimised over
clusters.

The overall silhouette score is then the average of all individual scores for each tile:
S= 1 > s(0) (7.2
= — S\ .
N 4

where N is the total number of observations (image tiles). This score provides an overall
assessment of the clustering solution. The figures showing the changing CH and silhouette

scores across varying K are reported in Section [7.3.3]

7.3 Results

7.3.1 Clusters of the urban environment

Figure through Figure [7.4] show the clusters of the two-stage approach with K=8
for each city plotted on the respective map of each city. The clusters were named and
coloured based on the type of environment that they represent. The clusters can be largely
grouped into urban characteristics such as vegetation, water or densely populated areas,
or more complex ones that capture a mix of urban characteristics. Figure shows the

proportions of cluster membership per city, the colours match the maps in Figure to

Figure [7.4]

The framework identified densely populated areas across all cities, typically aligning with
metropolitan centres hosting markets and transport hubs. These densely populated clus-
ters gradually thin out as they extend from the city centre. However, pockets of dense
populations in regions removed from the urban core were present, typically clustered
around major roads or trade areas. Visual analysis of satellite image tiles confirmed these

as informal settlements characterised by high population density, small buildings, and
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corrugated iron roofing. In Accra and Dakar, three distinct clusters represented densely
populated areas, with the main discriminator being building orientation. Dar es Salaam,
on the other hand, had two clusters capturing densely populated areas, distinguished by
high and low building orientation. The main difference in these clusters was building ori-
entation and alignment of buildings. Kigali presented a greener landscape with only one
densely populated cluster, meaning there was no discrimination between building orienta-
tion. In cities where building orientation served as a factor for cluster assignment, there
is typically a history of colonial city planning as discussed in Section [2.3.1] Unlike these
cities, Kigali exhibits a more scattered housing layout. This lack of neighbourhoods with
systematic building orientation could also be attributed to the city’s varying elevation

and geographic nuances.
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Figure 7.1: Two-stage multi-city clustering with K=8. Clusters plotted on the map of
Accra.

Aspects of vegetation, water and agriculture were captured across all cities. These clusters
varied depending on the cities’ climate and city boundary size. These clusters were mostly
located outside the dense city centre and next to peri-urban areas and sparsely populated
areas. The vegetation and agriculture clusters also captured urban green patches and ur-

ban agriculture in isolated cases within the densely populated metropolitan areas across
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Figure 7.2: Two-stage multi-city clustering with K=8. Clusters plotted on the map of
Dakar.
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Figure 7.3: Two-stage multi-city clustering with K=8. Clusters plotted on the map of
Dar es Salaam.

all study cities. This was more common in tropical climate zones, especially in Kigali and
Dar es Salaam. As detailed in the Data Chapter (Chapter , Dakar’s climate, which is
drier compared to the other cities, was evident in its cluster formations. In Dakar, the
cluster capturing the highest vegetation levels encompassed tree-filled and agricultural

lands that were not as lush as the dense vegetation clusters in the other cities. Instead



170 Chapter 7. Phenotyping natural and built environments in cities in SSA

. Dark dense vegetation
(6%

. Shrubs (9%

wvegetation and wetland
(4%)

Agriculture and cropland
(9%)

Buildings surrounded by
vegetation (15%)

Sparse-moderately
populated areas (30%)

Moderately populated
areas (5%)

Densely populated areas
(23%)

Figure 7.4: Two-stage multi-city clustering with K=8. Clusters plotted on the map of
Kigali.

of an additional vegetation cluster in Dakar, the algorithm assigned tiles with sand and
empty land into one cluster. Both Dar es Salaam and Kigali exhibited a significant pro-
portion of agricultural land or cropland, a point which I delve deeper into when I compare

the clusters with the ESA land cover maps in Section [7.3.1]

Water clusters were only separated in Accra, despite Dakar having several lakes within its
city boundary. The water bodies instead were assigned to the cluster that captures sand
and empty land, which all captured homogeneous landscapes in unvaried colour hues. A
reason for not separating the water bodies might be the varying colours of the water bod-
ies in Dakar, such as Lake Retba, which had a distinctive pink hue at the time the satellite
images were taken. Other water bodies had a stark green colour in the images, especially
the ones close to the Mbeubeuss Landfill. The landfill - one of the biggest landfills in
West Africa - is a 115-hectare waste disposal site that, despite its environmental impact,

provides a livelihood for a community of waste pickers who salvage and sell recyclable

materials [288].
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Figure 7.5: Pie charts representing proportions of cluster membership per city. Each pie
section and radius depicts the proportional cluster membership. The colours of the pie
sections refer to the cluster maps in Figures [A.7] to

The framework also identified other mixed environments across all cities. One cluster
captured sparse-moderately populated areas and tiles that included built and natural en-
vironments. As depicted in the pie charts (Figure , this cluster was the largest cluster
in all cities, except in Accra. However, Accra’s sparse-moderately populated areas cluster
is just one percentage point smaller relative to the largest cluster (Densely populated area,
med. building orientation). Accra had the largest proportion of densely populated areas
relative to the other cities, as depicted in the pie charts (Figure . This could likely
be attributed to the studied area being the GAMA, as outlined in Section [3.4] excluding

the more rural parts of the Accra region.

Comparison to ESA land cover maps

Figure shows the cluster membership compared to the ESA land cover maps. The
created co-occurrence plots were normalised by cluster (row) to visualise what ESA land
cover classes co-existed with the clusters. The clusters are named by what they represent
and correspond to the cluster maps in Figure to Figure [7.4] There was a moderate
overlap between certain clusters and ESA land cover maps. In general, the densely pop-
ulated areas clusters overlapped mostly with the built-up land cover class for all cities.
The cluster analysis allowed for a more nuanced interpretation, discerning different levels

of building density and building orientation. I further found that for some cities two



172 Chapter 7. Phenotyping natural and built environments in cities in SSA

different ESA land cover classes visually look very similar, such as the Trees covered area
and the Shrub covered area classes. Tile examples are visualised in the Appendix [A.7]
The plotted tiles were sampled from a shuffied list of tiles that were assigned the specific
label. The co-occurrence map of Kigali (Figure showed that a large part of the Dark
dense vegetation cluster was labelled as Shrubs with the ESA land cover data. Most of
the tiles did not look like shrubs, but rather more lush and green (Appendix , Figure
. This was also very similar to the analysis in Accra, where a large proportion of the
Dark dense vegetation cluster was labelled as Shrubs by the ESA land cover maps. Figure
[A.4]in the Appendix depicts randomly selected tiles that were assigned to the Dark dense

vegetation cluster that visually do not indicate any shrub-like areas.

A further example of Dakar is shown in Figure in the Appendix. A large part of
the Sand/bare areas and water cluster was labelled as Cropland by the ESA land cover
maps. The tiles that captured Bare areas as defined by the ESA land cover dataset also
included built environment and water, even though there is also an ESA land cover class
named Water. The Water cluster in Accra was picked up by both the clustering algo-
rithm and labelled as Water by the ESA land cover map. This was also highlighted by
the co-occurrence plot for Accra in Figure[7.6] In general, the clusters picked up patterns
that were not represented in the land cover data and added further detail and sub-groups

to specific land cover classes.
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7.3.2 Cluster interpretation with feature prediction

I further added interpretability to the cluster results by predicting cluster membership
with the external data on the built and natural environment as described in Section [7.2.4]
The fitted model was used to extract SHAP values to recognise which environmental
characteristics had the most impact on the cluster prediction. Figures [7.7] through
present the SHAP analyses for individual cities. For these city-specific analyses, I used
SHAP values derived from the XGBoost classifier, trained distinctively using data on the

built and natural environment solely for each city.

The SHAP analysis for the city of Accra showed that building orientation was an im-
portant feature for cluster membership prediction. This is corroborated by the pie chart
displaying cluster membership proportions, which demonstrates that the majority of clus-
ters were assigned to the built environment or mixed environments (Figure . NDVI
was further an important predictor for cluster assignment, especially for the natural en-
vironment clusters. The third most important urban characteristic was all road length,
which is followed by building area. This is similar to the analysis in Chapter [4] however,

the ranking of the top characteristics changed.
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Figure 7.7: SHAP summary for Accra. The figure shows SHapley Additive exPlana-
tions (SHAP) [251] values, obtained by fitting XGBoost [249] classifier to predict cluster
membership by environmental and demographic variables. The SHAP value for each vari-
able indicates its predictive power for assignment to various clusters and hence identifies
the measures of urban form (buildings and roads), environment (water and vegetation),
and population that externally differentiate clusters that were generated based on im-
ages alone. The mean SHAP values from the XGBoost classifier were calculated for each
environmental and demographic variable as described in Methods. The total length of
each bar, which is the mean absolute SHAP value, represents the overall importance of
each variable for predicting cluster membership, and the different colours represent the
importance for assignment to each cluster.

Building orientation was also very important predictor for prediction cluster membership
in Dakar, especially the densely populated areas clusters. This was followed by building
count and NDVI. NDVI was especially important for the natural environment clusters
and building count was important for the built environment but also the agriculture
cluster. The classifier, as explained in Section can handle missing values (NaN
values) meaning that the absence of a value (in this case building count) might be used

by the classifier to make a prediction.
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Figure 7.8: SHAP summary for Dakar.

Based on the SHAP analysis, NDVI and population density were the most important
features for predicting the cluster membership of satellite images of Dar es Salaam. NDVI
was especially important for clusters capturing the natural environment or agriculture and
cropland. This was closely followed by building information, namely building count and

building area.

The most important features for the prediction of cluster membership for clusters of
Kigali were building area and NDVI. NDVI was not only important for predicting cluster
assignment of clusters capturing natural environments but also clusters capturing the built
environment. This was followed by the urban characteristics of population density and
average building size. Overall, in all the separate models building information, NDVI and

population density seemed to be important features in predicting cluster membership.
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Figure 7.9: SHAP summary for Dar es Salaam.

7.3.3 Feature space analysis

My internal cluster analysis involved examining the cluster assignment of image represen-
tations within the feature space, as detailed in Section In Figure [7.11], the cluster
centroids were visualised based on the first, second, and third principal components. The
figure reveals that the image tiles from Accra and Dakar are further apart in the feature
space compared to other cities. This distinction is largely attributed to the distance be-
tween Accra’s natural landscapes (especially the water cluster) and Dakar’s high-density
areas filled with boxy concrete structures [289]. Notably, Dakar does not have as many
metal roof sheets as the other cities, which are commonly seen in the region [290]. Figure
[7.12 showcases the clustermap of inter-cluster distances across all cities. The first row in-
dicates which city a certain column belongs to. For a comprehensive view of intra-cluster

and inter-cluster distances, refer to Appendix Figure

Figure [7.13| represents the inter-cluster distances with z-score normalisation. Here, some



178 Chapter 7. Phenotyping natural and built environments in cities in SSA

e _ _
i _ _

Pop. den

e s -

B. count

Dist. all roads

o rons - .
Ao -.
B. orient. 0: Agriculture and sparsely populated areas
1: Trees and agriculture

EEE 2: Dark dense vegetation
s 3: Wetlands
M. roads | mmm 4: Mixed environment, sparsely populated; sloped area
5: Other mixed environments, sparse-densely populated
= 6: Shrubs
= 7: Densely populated areas

00 0s 10 15 20 25 30
mean(|SHAP value|) (average impact on model output magnitude)

Figure 7.10: SHAP summary for Kigali.

patterns emerged that were not visible in Figure [7.12] Clusters capturing agriculture
(D7: Agri., DeS4: Agri., K5: Mized and Agri., DeS6: Agri.) were all close together in
the feature space. The clusters capturing mixed environments (K0: Mized, D0: Mized,
DeS0: Mized) were also closer together in the feature space. These clusters were also
close to the densely populated cluster of Kigali (K7: Dense pop.). Inspecting the satellite
image tiles, I observed that the densely populated cluster in Kigali was not as densely
populated compared to clusters in other cities, both visually and in terms of absolute
building characteristics. In fact, it exhibited similarities to the mixed environment clus-
ters identified in other cities. Other clusters, like the Water cluster of Accra (A7: Water)
were very far away from all other clusters. The built environment clusters of Dakar were
further apart from the other clusters that captured densely populated areas of the other
cities. Upon visual inspection of the tiles representing densely populated areas in Dakar,
it was apparent that the buildings showed great differences in aspects such as height and

building materials compared to those in other cities. The natural environment clusters of
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Figure 7.12: Clustermap of inter-cluster distances. The clusters are ordered by distance
between cluster centroids, with the dendrogram indicating cluster distances. Light hues
denote close proximities in the feature space, while blue shades indicate greater distances
between clusters. The letters refer to the study cities, A: Accra, D: Dakar, DeS: Dar es

Salaam and K: Kigali. The cluster numbers refer to Table [6.4]
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Dakar were closer to the other cities in the feature space.

This hierarchical approach allows for grouping the clusters into larger groups of clus-
ters based on the distances between the cluster centroids. When cutting the dendrogram
of distances between cluster centres at a higher point (i.e. lower cluster number), super-
groups emerge that resemble the grouping of the clusters, which I used for reporting
cluster results in Chapter [ff, These super-groups include vegetation, densely populated
areas, agriculture, and other mixed environments. Surprisingly, the densely populated
areas clusters of Dakar cluster separately from the other densely populated areas. This
could be due to the dry and sandy nature of the city, which manifests in different colour

ranges in vegetation and built environment compared to the other cities.

Sensitivity to cluster number

I further analysed cluster development from K=1 to K=20 per city to evaluate how the
clusters split and if a different cluster number would be favourable. Figure to Fig-
ure depicts the clustergrams [287] of the image representations with varying cluster
numbers. On the horizontal axis, we can observe the number of clusters. Each point
symbolises the centre of a respective cluster, weighted by the first principal component to
enhance the readability of the diagram. The lines that join these points, along with their
respective thickness, denote the movement of observations between clusters. As a result,
it aids in analysing when new clusters evolve as a division from an existing single class,

or when they originate from observations drawn from two separate clusters.

The clustermaps revealed that there were a few clusters that split off very early and
stayed stable over changing values for K. This observation is corroborated by Figures
[7.15] and Figure [7.14] which show the CH scores across changing K and reveal analo-

gous patterns. As previously highlighted in Chapter [3], the image representations cluster
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Figure 7.13: Clustermap of inter-cluster distances with z-score normalisation. Light hues
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negative to positive standard deviations from the mean, respectively. The letters refer
to the study cities, A: Accra, D: Dakar, DeS: Dar es Salaam and K: Kigali. The cluster
numbers refer to Table .

densely within the feature space, leading to a decrease in the CH score with an increase
in K. Nevertheless, across all cities, the curve started to flatten between K=5 and K=8.
Simultaneously, there was an upward trajectory in the silhouette score with increasing
K, following an initial descent around K=3. The clustergrams tell a similar story, indi-
cating the emergence of approximately 4 to 6 super-clusters. The clustergrams for Dar
es Salaam and Dakar depict well-entrenched cluster strands that primarily diverged fur-
ther from previous clusters. The clustergram of Kigali is the sole exception, displaying

some instability before creating more established clusters at around K=8. To conclude,
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although larger cluster numbers yield more detailed results, they also pose a significant
challenge when it comes to human interpretation. That said, this analysis suggests that
for all cities, a value of K=8 (or similar) struck an optimal balance. It provided suffi-
ciently granular clustering to accurately capture the structure of the data while remaining
comprehensible and analysable by human researchers. This balance is crucial as it ensures
that the technical aspects of the analysis do not overshadow the interpretability of the

results, thus making the data actionable for decision-makers and urban planners.
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7.4 Discussion

When we close our eyes and imagine large cities across the world, the image that frequently
emerges is a skyline filled with tall, high-rise buildings. This common visualisation often
reinforces the perception that cities are increasingly becoming more uniform and homo-
geneous across the world. Yet, cities in SSA diverge from this expectation. As explored
in Chapter [2| the growth pattern of SSA cities deviates from the stereotypical upward
trend; instead, they expand outwards, with the city growth often manifesting in sprawl
or leapfrog development, leaving parts of the city disconnected in terms of services and

transport [4].

While urban sprawl and demographic growth are characteristic of many cities within
SSA, this chapter has demonstrated that there are additional shared attributes between
the cities studied in this thesis. Using unsupervised feature extraction and clustering,
this work highlighted that there are some common ways in which cities in Africa have
grown. Notably, Accra, Dakar, and Dar es Salaam, despite their varied climates and
historical backgrounds, show remarkable urban similarities, predominantly influenced by
colonial legacies and visible in the distribution of their built environments. On the other
hand, Kigali stands apart, being a nascent city without a pronounced colonial imprint.
However, Kigali also shares certain urban characteristics with its coastal counterparts,
such as intertwined urban-rural landscapes and the presence of agricultural lands at the
peripheries.

A salient result of this research is the footprint of colonial urban planning, prominently
observed in Accra, Dakar, and Dar es Salaam. Regardless of their distinct colonial rulers,
these cities exhibit strikingly analogous urban designs. Central to each of these cities is the
positioning of the city centre, which was captured by the clustering of densely populated
areas. These dense pockets in the city core are adjacent to the harbour, characterised

by expansive public squares and boulevards. As captured by the Sparse-moderately pop-
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ulated areas clusters, these broad arteries, vestiges of colonial urban design, have over
time metamorphosed into commercial hubs and marketplaces that have been set up along
the wide roads [291]. They are vital in terms of transport and commerce, connecting the
city with the parts outside the crowded metropolitan hub. However, they grapple with
the challenges posed by burgeoning traffic, often failing to cater to the growing demands
[292, 293]. Furthermore, the mixed environments (also captured by the Sparse-moderately
populated areas clusters) in all coastal cities of the study further encompass industrial and
commercial areas. These areas are predominantly situated in proximity to the harbour
and typically within or adjacent to city centres, exert added pressure on the already
taxed road network. For example, in Dar es Salaam, industrial lands are mainly dis-
tributed along the industrial corridor that encircles the city’s railway infrastructure and
reaches into the city centre [294]. Yet, Accra has decentralised some of the congestion by
relocating its primary shipping operations to Tema Port, both Dakar and Dar es Salaam
maintain their primary cargo facilities within their central metropolitan area.

In all three coastal cities, the colonial influence manifests in the architectural orientations
in densely populated parts of the cities. Neighbourhoods, especially within Accra and
Dakar, but also present in Dar es Salaam, exhibit grid-like road structures inherent to
colonial urban design [70]. These areas are all captured by the Densely populated ar-
eas clusters that pick up rows of buildings that are aligned in a specific way. However,
such uniform patterns diminish in the peri-urban zones, which display more organic, un-
structured road and building alignments. This is represented by a larger intermix of the
clusters capturing specific building orientations.

Another salient feature across these cities is the location of informal settlements. These
are also captured by the Densely populated areas clusters in this chapter. The prevalence
of informal settlements is often intricately linked to underlying land tenure patterns or
land rights, which play a defining role in shaping the spatial characteristics and develop-
ment of these communities [4]. Distributed as small dense pockets across metropolitan

areas, these settlements often cluster near coastal zones or adjacent to wetlands [295]. In
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the studied cities, these wetlands also serve as places for accessing water and sanitation.
However, their positioning, especially those along coastlines or adjoining river basins, in-
herently subjects them to elevated flood risks [201], 296, 297].

Expanding upon the shared urban characteristics of cities in SSA, one cannot overlook
the presence of affluent residential zones situated in proximity to the city centre. These
upscale neighbourhoods stand out due to their expansive free-standing residences comple-
mented by verdant gardens, and in some instances, swimming pools. Contrasting sharply
with the built-up density of the city centre, these enclaves present high levels of urban
green and are well connected to primary arterial roads [298]. This is represented by a
mix of densely populated clusters intermixed by clusters that capture vegetation. For ex-
ample, in Dar es Salaam, affluent neighbourhoods have tree canopies covering on average
over 20% of the surface area, compared to less than 0.5% in poorer areas like Namanga
[298].

The delineation of city boundaries significantly influenced the analysis. Cities with bound-
aries that included rural areas, such as Kigali and Dar es Salaam, exhibit large areas with
agricultural lands at their peripheries, yet in Accra and Dakar these parts are a lot smaller.
As determined by the clusters, most agricultural zones in all study cities are located ei-
ther in rural areas or at the rural-urban interface, farthest from city centres. In some
cases, densely populated pockets neighbour these agricultural or undeveloped lands. This
juxtaposition illustrates the intertwined nature of urban and rural landscapes in these
cities [299, B00, B01I], as evidenced by the prevalent wildland-urban and rural-urban in-
termix in SSA cities, particularly noticeable in Dar es Salaam and Kigali [294] [302]. In
addition, the peri-urban zones often feature scattered, and at times unfinished buildings
surrounded by vegetation, indicative of potential urban expansion in the future. Such free
standing building structures, more commonly found in peri-urban areas rather than dense
city cores, were mostly captured by clusters that represent multiple features of the urban
environment such as the Buildings surrounded by vegetation clusters in Dar es Salaam

and Kigali. These incomplete structures may not only signal future urban growth, but
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could also reflect financial limitations like lack of access to credit or land tenure issues,

which often prevent the completion of construction projects [303, 57].

Despite the listed commonalities, the cities have a few distinctions worth highlighting.
Firstly, differences related to climate and therefore vegetation. The climatic distinctions
across cities manifest in their green spaces. Dar es Salaam and Kigali, in particular,
abound with green patches within their urban area. Regardless of their dense urban
cores, these cities retain interspersed green spaces and agricultural pockets. Accra, and
especially Dakar, did not have as much urban green, and large urban green areas such
as parks within the metropolitan core, were almost non-existent. Secondly, there were
some architectural differences related to building materials and climate. Dakar exhibits
a distinct architectural footprint. Its buildings, predominantly cubic in design and con-
structed from concrete, feature flat roofs often used for drying laundry [289]. This is in
stark contrast to the ubiquitous metal sheet roofing in Accra and notably in East African
cities, which serve as a shield against rain and sun [290]. Thirdly, there were some density
differences between the three coastal cities and Kigali. Kigali’s urban layout is heavily
influenced by its diverse topographical features. The city’s elevation variations translate
to a lower building density relative to other studied cities [304, 294]. On the other hand,
Dakar’s urban core stands out for its very high density, a likely vestige of French colonial

urban planning [70].

In summary, cities within SSA often exhibit parallel growth trajectories. While there are
inherent complexities and diversities in these cities, their urban forms frequently display
resemblances, predominantly resulting from shared histories and accelerated urbanisa-
tion experiences. These similarities underscore the consistent patterns of urban growth
throughout the region. However, it is also essential to recognise the unique influences
of geography, colonial past, and urban policies that differentiate each city’s growth. As

we seek solutions for urban challenges in SSA, we must approach them with a detailed
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comprehension of these commonalities and disparities. The use of satellite imagery com-
bined with machine learning presents a valuable avenue for tracing these shared urban
growth patterns. Although the approach requires certain decision-making processes, such
as determining the number of clusters, this chapter has shown that the clusters it gener-
ates are intuitive and interpretable, and can be used across a wide range of settings and

applications, offering a robust and flexible tool for studying urban areas.

7.5 Summary

A hybrid two-stage feature extraction and clustering algorithm, as outlined in Chapter
[0, was applied to high-resolution satellite images of Accra, Dakar, Dar es Salaam and
Kigali. City-specific and shared clusters between cities are described with external data
not used for clustering. An ensemble classifier was fitted to predict cluster membership
across cities with urban characteristics to add interpretability to the analysis. The image
representations were further analysed in the feature space together with cluster assign-
ments, to identify similar and dissimilar clusters. The clusters were further analysed in

an urban development context, identifying similarities and differences in how cities grow

in SSA.



Chapter 8

Discussion and conclusion

8.1 Summary

I obtained high-resolution satellite images of four major cities in SSA. I further acquired
demographic data and data on the built and natural environment as described in Chapter
Bl First, I applied a deep learning clustering framework to Accra, Ghana as described
in Chapter [l T further investigated various model choices of the approach, including
the scale of analysis and the number of clusters defined as part of sensitivity analyses,
as per Chapter 5] In Chapter [0 I explored how to effectively scale and apply the deep
learning clustering framework to multiple cities in SSA, in order to obtain interpretable
and meaningful clusters. In Chapter [7] T applied the hybrid two-stage feature extraction
and clustering approach to four distinct cities in SSA, namely Accra, Dakar, Dar es Salaam
and Kigali. I further discuss similarities and differences in the resulting urban phenotypes

in the four study cities, as well as in the context of cities in SSA.

190
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8.2 Strengths and limitations

8.2.1 Strengths and novelty

My thesis makes a number of novel contributions to measuring and tracking complex ur-
ban environments. First, I developed a novel approach for using high-resolution satellite
images without external data to capture variations in multiple natural and built envi-
ronment of cities and can provide timely data to support sustainable and healthy urban
development. The approach coherently integrates different features of the urban environ-
ment, which have traditionally been analysed in isolation [10], 94} ©5] 96l 16, @7, O8], 99,
100} 101], 102, [103]. These elements are interrelated and display complex patterns across
different scales which are relevant for policy implementation at different administrative
levels.

The algorithm combines feature extraction and clustering, making its implementation
easy and efficient. I used very high-resolution satellite images, which show objects as
small as cars and trees, and therefore allow the model to use information on high-level
features of the urban environment. The results were interpreted against built and nat-
ural environment and demographic characteristics that demonstrate the interpretability
of the model to help its wider use. I also investigated the image representations in the
feature space to better understand cluster formation and assessed the sensitivity of the
approach to key choices such as tile size and cluster number. The approach used in this
thesis picks up more detailed clusters than pixel-level analysis (e.g., land classification by
NDVI) could do.

Moreover, I analyse different approaches for applying the developed framework to high-
resolution satellite images of multiple cities to obtain meaningful and interpretable clus-
ters. I compared the clusters across cities and identify clusters that are similar as well
as clusters that are city-specific. Finally, I address how this method can inform policies

related to sustainable urban development and be used in other cities in the developing
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world, to help close the global data gap.

8.2.2 Limitations

Data limitations

The primary limitations of this analysis stem from constraints in spatial and temporal
data availability. For future research, it is recommended to either examine additional
points in time or extend the analysis to encompass more cities. As highlighted in Chapter
6] there was potentially a mismatch in pre-processing quality between the satellite image
of Accra compared to the other cities. This turned out to be a limitation, since it was
picked up by the clustering algorithm. Future work could therefore include repeating the
analysis with images of Accra that are purchased and pre-processed in the same way. In
addition I only used one satellite image that captured the city at a specific point in time,
and so weather and season could have an impact on pixel intensities. While the data
on built and natural environment and demographic characteristics were obtained in the
same year, there could be a mismatch between the exact date the satellite image was
taken and these data were gathered or estimated. Additionally, the analysis was limited
by the datasets used to interpret the clusters. Further data on the built and natural
environment, such as on building height or agricultural land, might have improved the

cluster interpretation.

Modelling limitations

There are some limitations related to pre-processing the data, such as deciding on a tile
size for the analysis. In Chapter [f], I investigated key choices based on zoning and scale to
better understand cluster changes in the Accra analysis. An additional sensitivity anal-
ysis for all study cities was outside the scope of this thesis. A further limitation is the

computational cost compared to a simpler pixel-level analysis. However, the framework in
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this thesis is able to capture more detailed information that goes beyond what is captured
by one pixel. At the same time, computing power is increasing and becoming available at

low cost, which will make the analysis likely faster and more accessible in the future.

As highlighted in Chapter [5] and Chapter [6] I considered multiple model choices, such
as learning rate, cluster number, and analysis approaches for the Accra analysis, but
also the multi-city analyses. However, I could have investigated additional CNN network
architectures for feature learning or other clustering algorithms for clustering the image
representations. This, however, would have gone beyond the scope of this thesis since

every model change comes with additional hyperparameter calibrations.

8.3 Impact and implications for tracking urban de-

velopment and policy

The implications of this work are significant in urban development contexts, and they
extend in two primary directions. Firstly, the research underlines the potential of using
unsupervised machine learning and satellite imagery as effective tools in urban analysis.
Secondly, it fosters a comparative understanding of urban change across cities in SSA.
By analysing urban development, and identifying both similarities and differences among
these cities, this thesis deepens our understanding of urban growth dynamics in the re-
gion. Consequently, it can guide the formulation of targeted urban policies that address

prevalent regional trends.
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8.3.1 Leveraging unsupervised machine learning and satellite

images

Numerous international frameworks and institutions have underlined the urgent need for
comprehensive and specialised data on urban environments [82]. However, the urban
sciences that exist today are predominantly skewed towards the Global North [6]. This
thesis contributes towards addressing this gap by creating a framework for the integrated
analysis of high-resolution satellite imagery. This new methodology provides actionable
and interpretable clusters of four cities in SSA. Not only does it bring forth meaningful
information for the selected cities, but it also sets a precedent for urban decision-making

strategies in other locations.

Furthermore, data collection for urban characteristics, such as buildings, often proves
to be both time-intensive and costly. Procuring a comprehensive set of such urban char-
acteristics over multiple time points presents an even greater challenge, especially for cities
in SSA. This thesis demonstrates that satellite imagery can serve as a viable alternative
to traditional data sources, enabling the tracking of urban characteristics over time and
in combination. Unsupervised algorithms, in particular, can discern patterns in complex
data without predefined criteria and labels. This capacity is key to unravelling the com-
plexities and heterogeneities of cities” environments [20] and propelling data-driven policy

decisions.

The flexibility of the framework allows it to be applied to cities globally, thereby paving
the way for large-scale urban comparisons as well as specific city-focused analysis. The
framework demonstrates its effectiveness by capturing unique and discernible urban phe-
notypes related to the natural (vegetation and water) and constructed (building count,
size, density, and orientation; length and arrangement of roads) environments, as well

as population dynamics. These phenotypes can represent either distinctive defining at-
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tributes (e.g., water bodies or dense vegetation) or combinations thereof (e.g., buildings
surrounded by vegetation or sparsely populated areas intermixed with roads). Thus, this
work offers evidence and maps that can act as base for effective urban planning and public

health interventions as discussed in the following section.

8.3.2 Implications for urban policy and planning

The proposed framework offers a versatile tool for systematically monitoring urban devel-
opment in regions with limited data availability. Its practicality, cost-effectiveness, and
efficiency in implementation make it a valuable resource for urban planning and policy-
making. Specifically, the framework proves useful in addressing urban inequalities, as
identified clusters align with issues such as disparities in housing access, sanitation, and
the presence of urban green spaces [4].

Though, the applicability of the framework extends to various contexts, enabling the mea-
surement of urban density and the tracking of informal settlements, especially in areas
susceptible to encroachment and flooding. Additionally, it aids in monitoring urban plan-
ning decisions, including the implementation of green belts and zoning strategies. The
method can also facilitate the tracking of urban green spaces and agriculture, thereby
supporting the mitigation of urban air and noise pollution. Moreover, it assists in iden-
tifying areas with high building density and robust transport connectivity, which proves
valuable in understanding spatial distribution concerning employment opportunities and

essential services.

The scalability of this approach allows for its implementation in diverse cities, not only
within specific regions but also across borders. Overcoming challenges associated with
disparate urban data, the framework streamlines the comparative analysis of cities by
capitalising on standardised satellite imagery formats captured uniformly across borders.

This simplifies cross-city comparisons, enhancing the feasibility of assessing policy efficacy
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and understanding urban changes on a regional or global scale.

Moreover, the framework supports longitudinal analysis, enabling the tracking of urban
sprawl, land-use transformations, and changes in green spaces over time. These insights
are crucial for urban planning, policy decisions, and health initiatives. The integration of
unsupervised machine learning and high-resolution satellite imagery addresses the critical
need for comprehensive urban data in SSA and beyond. The framework not only provides

insights for specific cities but also establishes a tool for global urban decision-making.

8.3.3 Urban phenotypes in SSA and their implications

Examining the city structures in SSA, this thesis emphasises the irregular growth patterns
typical of the region. Cities do not simply expand from a central core; they burgeon in
sporadic pockets, some densely populated, even at distances from the dense city centre
[4, 51]. While these high-density areas often correspond with lower economic status com-
pared to other city regions, their strategic positioning near transportation and commerce
hubs makes them centres for both formal and informal trade. Yet, this centrality often
comes with the drawback of increased noise and pollution [267, 53], 268, 305]. Sprawling
tendencies, however, add complexity to the urban landscape. Extensive distances between
structures are a defining challenge in SSA cities [304]. Here, the unsupervised framework
introduced in this thesis can aid in analysing city density shifts, spotlighting areas ready
for vertical construction or new transport hubs’ introduction. Furthermore, recognising
the rapid expansion of cities in SSA and simultaneously informal settlements, it is vital
to view informality as a potential asset, particularly concerning housing. The goal should
not be to eliminate informality but to elevate the quality of the outputs it produces [306].
In this context, this work can aid in identifying pockets of informal settlements and guid-

ing strategic interventions tailored to specific locations.

As cities continue to evolve, a trend towards taller structures in these study areas be-
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comes apparent, contrasting with previous urban sprawl patterns observed in African
cities [4, 270]. Such vertical developments may amplify economic activities but also carry
the risk of displacing existing residents if housing needs are not addressed. The visible
shifts in the urban landscape, especially the move towards verticality, can be observed
using the approach detailed in this thesis.

Additionally, the research highlights a prevailing trend: commercial centres of cities in
SSA are predominantly located near the city centre in the studied cities. This trend is
especially pronounced in cities with their primary commercial harbour adjacent to the
city centre, such as Dakar and Dar es Salaam. The closeness of these centres to the city’s
core significantly influences inland trade routes and the efficient distribution of goods.
As cities have expanded outwards, the population has been pushed farther from these
hubs, which were once strategic. However, in today’s context, these locations may no
longer offer optimal efficiency for trade and transportation, leading to potential traffic
and transport inefficiencies [307]. Recognising the potential challenges and inefficiencies
of such placements, some cities are taking strategic actions. For example, Kigali’s master
plan includes the establishment of a special economic zone in the peri-urban area near
the airport. Such zones, foreseen to undergo substantial growth in Kigali [308] 309], can
redirect major trade routes and reduce traffic congestion in city centres.

Moreover, the urban cluster maps from this thesis provide a detailed overview of city
structures and potential growth areas. The combination of densely populated areas to-
gether with mixed environment clusters, capture most of the paved and unpaved roads
and provide a good representation of the connectivity and accessibility of the cities. These
clusters can be used to identify areas that are poorly connected. Yet, merely expanding
the road network is not the sole solution. Recognising its inherent limitations [310], other
viable alternatives include the introduction of rapid rail or bus systems [293], or trans-

forming the cityscape to promote walkability and bikeability.

Finally, a key observation from this work is that without clear designation as urban green
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spaces, areas frequently succumb to development pressures. Across all city boundaries
analysed in the thesis, the only lush and dense green spaces within metropolitan areas
were those officially marked as parks or forests. The conservation of these urban green
spaces is paramount not only for the welfare of urban dwellers, providing vital spaces for
recreation and mental well-being, but also for combating environmental challenges such
as urban heat islands [3T1] or reducing the risk of flooding [296] B12], 297]. The clustering
method developed through this thesis can assist in monitoring changes in urban green
spaces or urban agriculture over time, offering a means to identify and safeguard areas
that require protection and conservation. Preservation of urban green spaces could sig-
nificantly contribute to sustainable and resilient urban development strategies in the SSA
region [313]. The framework further identified areas of urban agriculture in Dar es Salaam
and Kigali. These areas can help to increase urban green spaces and promote urban biodi-
versity within the city. Additionally, they can boost food security and improve the living
standards of the residents [314] [315]. However, for this potential to be realised, there is
a need to delve deeper into how urban agriculture influences biodiversity enhancement in

African cities. Yet, further research is required to understand its potential [316].

Endlessly sprawling urban landscapes are unsustainable, yet a dense skyline of skyscrap-
ers is not the ideal alternative due to potential inequalities and strain on green or open
spaces. Cities in SSA face the challenge of harmonising equity, economic considerations,
and sustainability. This encompasses addressing demands for building materials, address-
ing the carbon footprint inherent in construction, and forecasting future energy needs
[304, 317]. The optimal approach might differ based on the unique climates, histories
and regional variances across SSA. Yet, striving for a varied mix of land use, including

horizontal and vertical development strategies will be key.
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8.4 Future work

There are several directions for future work that would continue to build on these find-
ings. First, future studies could benefit from using satellite images captured by a range
of different sensors. This research relied on high-resolution satellite images of the same
resolution and from the same provider. Repeating the analysis with images from multiple
sensors with different resolutions or spectral bands could provide additional insight into
the robustness of the method.

Second, the scope of cities included in this thesis could be expanded. The two-stage frame-
work developed and particularised in Chapter [6] could be applied to more cities across SSA
and potentially even globally. By comparing the patterns and results across diverse cities,
researchers can gain a broader perspective on urbanisation and understand how African
cities differ from cities in the Global North. Moreover, it would permit adjustments for
variations in the images that could be attributable to seasonality or differences in the
timing of image capture.

Thirdly, integrating more external data sources into the analysis could provide further
insights and refine cluster interpretation. This could include further data on the built
environment such as building height, population data, economic indices, including in-
equality measures, weather and climate data, and socio-demographic data, among others.
This additional data can enrich the understanding of the urban patterns revealed in the
satellite images and contribute to a more holistic understanding of urbanisation trends in
SSA.

Lastly, the arena of self-supervised deep learning and remote sensing is rapidly evolving,
making it a promising avenue for future research. During the course of my postgraduate
research, I have witnessed exponential growth in machine learning datasets for remote
sensing, stimulated by the emergence of new sensors, and enhanced capabilities for han-
dling large geospatial data [318), [319]. There has been an impressive improvement in the

performance of models and the availability of datasets that could be leveraged for transfer
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learning, such as land cover classification [96]. While the models chosen in this thesis were
based on existing evidence and performance metrics, the potential advantages of other
unsupervised or self-supervised network architectures and emerging paradigms like vision
transformers cannot be discounted. In this rapidly evolving field, future research stands
to gain substantially by frequently updating and refining models to align with state-of-
the-art developments. Such optimisation could enhance the performance of the clustering,

thereby leading to a more precise and detailed understanding of urbanisation trends.

8.5 Conclusion

The potential for urban growth in African cities to reduce poverty, enhance health, and
promote both local and global sustainability is significant [36], 320 321} 322]. However,
in order to effectively create and adjust policies that maximise this potential, it is critical
to monitor the scope and features of urban development at various scales. Currently, this
is a challenging task due to the insufficient and scattered nature of existing data. My
research suggests that using unlabelled satellite images, in conjunction with unsupervised
deep learning techniques, can help fill these data gaps across time and space, offering a
scalable solution to track urbanisation in low-income countries. As satellite images become
more affordable and accessible, and as computational power increases, this method will
become progressively more efficient and cost-effective. It also offers the possibility of
automation, allowing for nearly real-time tracking of urban growth in various cities. In
doing this, my method can help narrow the data gap between the Global North and the
Global South, offering a more equal deep learning approach that is not solely dependent
on labelled image data, which is predominantly collected in the high and upper-middle

income countries.
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8.6 Open science and code availability

Most of the code written for this thesis is available on my personal GitHub page https:
//github.com/barbarametzler/clusteringsatelliteimages. The DeepCluster algo-
rithm, which T use for my analysis and described in further detail in Chapter W] was
published by Facebook research and is also openly available at https://github.com/
facebookresearch/deepcluster. Additionally, some of the satellite images and all of
the external data sources are openly available as listed in this chapter (Chapter |3]), where

I describe all data sources.
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Appendix A

A.1 Maxar Open Data

Country City Date

Angola Luanda 2017-08-25
Burkina Faso | Ouagadougou | 2020-01-10
DR Congo Kinshasa 2019-10-19
Ethiopia Addis Ababa 2020-04-15
Ghana Accra 2019-02-11
Ivory Coast | Abidjan 2019-06-25
Kenya Nairobi 2019-05-15
Malawi Blantyre 2019-10-03
Malawi Lilongwe 2019-06-25
Malawi Zomba 2019-05-07
Nigeria Kano 2020-03-12
Nigeria Lagos 2019-06-06
Nigeria Ibadan 2020-01-22
Senegal Dakar 2020-03-09
Sierra Leone | Freetown 2020-02-03
Sierra Leone | Bo 2020-01-27
Sierra Leone | Kenema 2020-01-15
Sierra Leone | Makeni 2020-01-14
Somalia Mogadishu 2019-06-21
Tanzania Dodoma 2019-05-21
Tanzania Dar Es Salaam | 2018-09-17

Table A.1: List of available satellite basemap imagery by Maxar Open Data [2]

A.2 Maxar internal use license
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Internal Use License either from an Affiliate of Maxar Technologies Inc., a Delaware corporation with offices located at 1300 W. 120th
Avenue, Westminster, Colorado 80234 USA (“Maxar”) directly or from a Certified Reseller of Maxar. These License Terms are entered
into by Maxar and Customer. These License Terms contain the general terms relating to Customer’s access to and use of the Product.
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By signing or otherwise indicating acceptance of a Customer Agreement or downloading, accessing or using any Product licensed
under an Internal Use License, you, on behalf of Customer, are accepting and agreeing to be bound by these License Terms. If you are
entering into these License Terms on behalf of a company or other legal entity or government agency, you represent that you have the
authority to bind that entity and its Affiliates to the terms and conditions of these License Terms. If you do not agree to the terms in
these License Terms, do not download, access or use any Maxar Product. Capitalized terms used in these License Terms are defined
in Section 14 of these License Terms.

1. GRANT OF LICENSE. Subject to Customer’s compliance with these License Terms and the applicable Customer Agreement,
including, without limitation, payment of all applicable fees, during the Term, Maxar grants to Customer a non-exclusive, non-
transferable, limited license to allow an unlimited number of its Authorized Users to:

(a) store, access, evaluate, use and reproduce the Product solely for Customer’s Internal Use;

(b) process, modify, enhance, adapt and create Derivatives of the Product (including Data Derivatives as defined in Section 2.3 of
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Section 7 of these License Terms; and

(c) display an extract of the Product (excluding Information Products) or a Derivative thereof on a public website in a secure, non-
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Customer, Customer must purchase a Group License.

2.2 RESERVED.

2.3 DATA DERIVATIVES. “Data Derivatives” are those Derivatives created by Customer that Customer is permitted to use for any and
all purposes. With respect to each Product type, the following Derivatives are deemed to be “Data Derivatives”:
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data in the source Imagery Product. However, Data Derivatives specifically exclude the following Derivatives: orthorectified
imagery; PAN, MS and PAN-Sharpened imagery; and Digital Elevation Models (DEM), Digital Surface Models (DSM), Digital
Terrain Models (DTM), Triangulated Irregular Network (TIN) and Point Cloud elevation models (including, without limitation, 3D
and building models, bathymetry and sea floor mapping).

(c) Information Products. With respect to Information Products, there are no Data Derivatives.

(d) Tasking Products. With respect to Tasking Products, a Data Derivative will be determined based upon the type of Product
collected. For example, if the Tasking Product results in the generation of an Imagery Product, then the permitted Data
Derivatives for the Tasking Product are the same as those for the resulting Imagery Product.

ADDITIONAL LICENSE RIGHTS.

EDUCATION LICENSE RIGHTS. If Customer licenses a Product pursuant to the Education Discount, in addition to the rights set
forth in Section 1 of these License Terms, during the Term, Maxar grants to Customer a non-exclusive, non-transferable, limited
license to use the Product for research purposes. However, Customer must obtain Maxar's prior written consent before publishing
any Product or Derivative for research purposes.

NGO/GDO LICENSE RIGHTS. If Customer licenses a Product pursuant to the NGO/GDO Discount, in addition to the display rights
set forth in Section 1 of these License Terms, during the Term, Maxar grants to Customer a non-exclusive, non-transferable,
limited license to publish extracts of the Product or a Data Derivative to supplement text or newsworthy events in a hardcopy,
broadcast or electronic format in publications, on a website, in a video/movie or other similar media, subject to the same formatting
restrictions and requirements set forth in Section 1 of these License Terms. However, Customer must obtain Maxar's prior written
consent before publishing any extracts of the Products or Derivative.

LICENSE TERM. The Term of the Internal Use License for each Product will begin upon delivery of the Product to Customer or
Certified Reseller, whichever occurs first, and will continue perpetually or for a one-year term, as set forth in the Customer
Agreement, unless terminated as set forth in Section 12 of these License Terms. If the License is for a one-year term, then upon
expiration of each one-year term, the license Term will automatically renew and Customer will be invoiced for the applicable license
fees under the Customer Agreement, unless Customer notifies Maxar or Certified Reseller at least thirty (30) days prior to the end
of the then current Term that Customer does not want to renew the license.

USE RESTRICTIONS. Customer recognizes and agrees that the Product is the property of Maxar and contains valuable assets
and proprietary information of Maxar and its suppliers, as applicable. Any Third Party Content included in a Product is subject to
the terms and conditions of any end user license agreement or additional terms accompanying the Product, specified in the
Product Specification, and/or posted on Maxar’s website (in each instance, "Third Party Terms"). Third Party Terms are
incorporated by referenced into this Agreement and a breach of Third Party Terms will be deemed a breach of this Agreement. In
addition, except as expressly permitted in Sections 1, 2, and 3 of these License Terms, Customer will not, and will not permit any
Authorized User or other Third Party to:

(a) distribute, sublicense, transfer, assign, rent, sell, lease, loan, make publicly available, publish or otherwise convey access to or
use of the Product or Derivatives (other than Data Derivatives) to anyone other than Authorized Users;

(b) use the Product or Derivatives (other than Data Derivatives) for the business needs of any Third Party, including without
limitation, providing any services to any Third Parties;

(c) store, post or process the Product or Derivatives in a system or platform that is publicly-accessible;
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(e) with respect to Information Products, use or attempt to use the Information Product or Derivatives thereof to train machine
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(j) otherwise use or access the Product or any Derivative for any purpose not expressly permitted under these License Terms,
including, without limitation, for Commercial Purposes.

OWNERSHIP. All right, title and interest in and to the Product and all corrections, enhancements, or other modifications to the
Product made by Maxar or any Third Party at Maxar’s direction, and all Intellectual Property Rights therein are the sole and
exclusive property of Maxar or its suppliers, as applicable. All right, title and interest, including all Intellectual Property Rights, in
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limitation, Products integrated, referenced, recast, transformed or adapted in the Derivative) are the exclusive property of
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materials, use of a Derivative by Customer is subject to the license and use restrictions set forth in Sections 1, 2, 3 and 5 of these
License Terms. All rights not expressly granted to Customer in these License Terms are reserved by Maxar.

ATTRIBUTION. Customer will not delete, alter, cover or distort any copyright, trademark or other proprietary rights notice placed
on or in the Product and will ensure that all notices are reproduced on all copies. All Derivatives (including Data Derivatives) must
include the following copyright notice on or adjacent to the Derivative:

(a) Maxar Products. [Product] © [YEAR] Maxar Technologies.

(b) AW3D Enhanced, AW3D Metro, AW3D Standard and AW3D Telecom Products. [Product] © [YEAR] NTT Data Corporation.

(c) Ecopia Building Footprints Powered by Maxar. Ecopia Building Footprints © [YEAR] Ecopia Tech Corporation. Imagery ©
[YEAR] Maxar Technologies.

CERTIFICATION AND AUDIT. Upon Maxar’s written request, and not more than once per calendar year, Customer will certify its
compliance with the Customer Agreement and these License Terms. Upon thirty (30) days written notice and no more than once
every twelve (12) months, Maxar may audit Customer’s compliance with the Customer Agreement and these License Terms.
Customer will cooperate with Maxar’s audit and provide reasonable assistance and access to information and records related to
this Agreement and Customer's use and/or distribution of the Product. Audits will not unreasonably interfere with Customer’s
normal business operations and will be subject to reasonable confidentiality requirements. If an audit results in a finding of non-
compliance, Maxar may, at its discretion: (a) invoice any additional fees due with interest as set forth herein and recover the cost of
the audit if additional fees exceed five percent (5%) of the fees paid during the audit period; and (b) terminate the Customer
Agreement and these License Terms in accordance with Section 12.1 below. Customer must pay the invoices issued under this
Section within thirty (30) days following the date of invoice.

INDEMNIFICATION BY CUSTOMER. Customer will defend, indemnify and hold Maxar, its Affiliates, its suppliers and Certified
Reseller harmless from and against any claims that may arise against Maxar, its Affiliates, its suppliers or Certified Reseller out of
Customer’s use of the Product, including, without limitation, a violation by Customer of Section 13.6, 13.7 or 13.8 of these License
Terms.

LIMITED WARRANTY AND DISCLAIMER.

LIMITED WARRANTY. Maxar warrants to Customer only that the Product, as delivered by Maxar, will (a) be of the area of
interest set forth in the applicable Customer Agreement; and (b) comply in all material respects with the applicable Product
Specification. Maxar’s sole obligation and Customer’s exclusive remedy for a breach of this warranty is for Maxar, at its option and
expense, to: (i) repair or replace the non-conforming Product; or (ii) terminate the applicable license and refund all fees paid by
Customer for the non-compliant Product. Any claim under this warranty must be made within thirty (30) days following the initial
delivery of the Product. This limited warranty is void if any non-conformity has resulted from any accident, abuse, misuse,
misapplication or modification of or to the Product by anyone other than Maxar or any breach by Customer of these License
Terms.

DISCLAIMER OF WARRANTIES. EXCEPT AS EXPRESSLY WARRANTED IN SECTION 10.1, THE PRODUCT IS PROVIDED
“AS IS,” WITHOUT ANY WARRANTY OF ANY KIND, WHETHER EXPRESS, IMPLIED OR STATUTORY, INCLUDING,
WITHOUT LIMITATION, WARRANTIES OF MERCHANTABILITY, FITNESS FOR A PARTICULAR PURPOSE, TITLE, NON-
INFRINGEMENT OR NON-MISAPPROPRIATION OF INTELLECTUAL PROPERTY RIGHTS OF A THIRD PARTY, CUSTOM,
TRADE, QUIET ENJOYMENT, ACCURACY OF INFORMATION, CONTENT OR RESULTS, OR CONDITIONS ARISING UNDER
ANY OTHER LEGAL REQUIREMENT. NEITHER MAXAR NOR ITS AFFILIATES, OR SUPPLIERS WARRANT THAT THE
PRODUCT WILL BE ACCURATE, CURRENT OR COMPLETE, THAT THE PRODUCT WILL MEET CUSTOMER’S NEEDS OR
EXPECTATIONS OR THAT THE OPERATION OF THE PRODUCT WILL BE ERROR FREE OR UNINTERRUPTED. FURTHER,
SPATIAL, SPECTRAL AND TEMPORAL ACCURACY IS NOT GUARANTEED.

LIMITATION OF LIABILITY. IN NO EVENT WILL MAXAR, ITS AFFILIATES OR ITS SUPPLIERS BE LIABLE FOR ANY
SPECIAL, INDIRECT, INCIDENTAL, EXEMPLARY, PUNITIVE OR CONSEQUENTIAL DAMAGES, INCLUDING, WITHOUT
LIMITATION, LOSS OR DAMAGE TO DATA, INACCURACY OF DATA, LOSS OF ANTICIPATED REVENUE OR PROFITS,
WORK STOPPAGE OR IMPAIRMENT OF OTHER ASSETS OR LOSS OF GOOD WILL, WHETHER OR NOT FORESEEABLE
AND WHETHER OR NOT A PARTY HAS BEEN ADVISED OF THE POSSIBILITY OF THE DAMAGES AND
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NOTWITHSTANDING ANY FAILURE OF THE ESSENTIAL PURPOSE OF THESE LICENSE TERMS OR ANY LIMITED
REMEDY HEREUNDER. IN NO EVENT WILL THE TOTAL LIABILITY OF MAXAR, ITS AFFILIATES AND ITS SUPPLIERS
ARISING OUT OF OR IN CONNECTION WITH THE PRODUCT(S) EXCEED THE FEES PAID BY CUSTOMER FOR THE
PRODUCT(S) GIVING RISE TO THE CLAIM. THE FOREGOING LIMITATIONS APPLY TO ALL CAUSES OF ACTION IN THE
AGGREGATE, INCLUDING WITHOUT LIMITATION, BREACH OF CONTRACT, BREACH OF WARRANTY, INDEMNIFICATION,
NEGLIGENCE, STRICT LIABILITY, MISREPRESENTATION AND OTHER TORTS AND STATUTORY CLAIMS.

12. TERMINATION.

12.1 BY MAXAR. In addition to those termination rights set forth in Section 10, Maxar may terminate these License Terms and
associated license rights upon written notice to Customer if Customer (a) breaches Section 1, 2, 3, 5, 6, 8, 9, 13.6, 13.7, or 13.8 of
these License Terms; or (b) materially breaches any other provision of these License Terms or the Customer Agreement and fails
to cure the breach within thirty (30) days after receiving written notice to do so.

12.2 BY CUSTOMER. Customer may terminate these License Terms and associated license rights at any time by (a) permanently
deleting the Product and Derivatives (excluding Data Derivatives, which are owned by Customer) from all devices and systems
and destroying any copies on disk; and (b) certifying to Maxar in writing that all copies of the Product and Derivatives (excluding
Data Derivatives, which are owned by Customer) have been deleted or destroyed; however, Customer is still responsible for
paying all license fees in full.

12.3 OBLIGATIONS UPON TERMINATION. Upon termination or expiration of these License Terms, all rights to use the Product
granted to Customer under these License Terms will immediately cease and Customer will (and will cause all Authorized Users to)
(a) stop all use of the Product and Derivatives (excluding Data Derivatives) and (b) permanently delete the Product and
Derivatives (excluding Data Derivatives) from all devices and systems and destroy any copies on disk. Within ten (10) days
following termination or expiration, Customer will certify to Maxar in writing that all copies of the Product and Derivatives
(excluding Data Derivatives) licensed under these License Terms have been deleted or destroyed. The expiration or termination of
these License Terms does not relieve either party of any obligations that have accrued on or before the effective date of the
termination or expiration.

12.4 SURVIVAL. The duties and obligations of the parties under Sections 2.3 (Data Derivatives), 5 (Use Restrictions), 6 (Ownership),
7 (Attribution), 8 (Certification and Audit), 9 (Indemnification), 11 (Limitation of Liability), 12.3 (Obligations upon Termination), 12.4
(Survival), and 13 (General Terms) of these License Terms will survive expiration or termination of these License Terms.

13. GENERAL TERMS.

13.1 ENTIRE AGREEMENT. These License Terms, together with the Customer Agreement, constitute the entire agreement between
the parties with respect to use of the Product and supersede all previous and contemporaneous agreements, understandings and
arrangements, whether oral or written.

13.2 ASSIGNMENT. Customer may not transfer or assign any of its rights or delegate any of its obligations under these License
Terms, in whole or in part and including any transfers by operation of law, without the prior written consent of Maxar. Any
attempted assignment or transfer in violation of this Section will be null and void. These License Terms will be binding on and
inure to the benefit of the parties and their respective permitted successors and assigns.

13.3 AMENDMENT. These License Terms may be amended or supplemented only by a writing that refers to these License Terms and
that is signed by both parties.

13.4 WAIVER. All waivers must be in writing and signed by the party granting the waiver. A waiver of any of rights or remedies in a
particular instance will not be construed as a waiver of the same or a different right or remedy in a subsequent instance. The
failure or delay by a party to require performance of any provision of these License Terms does not constitute a waiver.

13.5 SEVERABILITY. If any provision of these License Terms is invalid, illegal or unenforceable, that provision will be deemed to be
restated so that it is enforceable to the maximum extent permissible under law and is consistent with the original intent and
economic terms of the invalid provision.

13.6 COMPLIANCE WITH LAWS. Customer is responsible for its own compliance with laws, regulations and other legal requirements
applicable to the conduct of its business, use of the Product and these License Terms, and agrees to comply with all these laws,
regulations and other legal requirements including, without limitation, the Foreign Corrupt Practices Act of the United States of
America and the Convention on Combating Bribery of Foreign Government Officials.

13.7 INTERNATIONAL TRADE COMPLIANCE. The Products are subject to the customs and export control laws and regulations of
the United States and any country in which the Products are manufactured, received or used, including, without limitation, the
Export Administration Regulations and the International Traffic in Arms Regulations. Customer will comply with these laws,
regulations and rules in the performance of its obligations under these License Terms. Further, Customer will not provide the
Products to blocked, prohibited or restricted individuals and entities as required by the U.S. Department of Treasury Office of
Foreign Assets Control (“OFAC”), including, without limitation, the Denied Persons List, Unverified List and Entity List. Customer
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will not knowingly do business with criminal organizations, terrorist organizations or other people or groups, either directly or
indirectly, that are likely to use the Products for purposes that are illegal or adverse to the interests of the United States
Government or Maxar generally. Customer will cooperate with Maxar to ensure ongoing compliance with all laws, regulations and
other legal requirements applicable to the conduct of its business and these License Terms and will provide Maxar with the
assurances and official documents that Maxar may request periodically to verify Customer’s compliance with these License
Terms.

13.8 DATA PROTECTION. If delivery, creation, or Customer’s use of the Product will involve the Processing of Personal Data,
Customer is solely responsible for its compliance at all times with applicable laws, regulations and other legal requirements related
to such use, including, without limitation, obtaining any and all applicable approvals and consents necessary for such use from
any Data Subjects and regulatory authorities. Without limiting the foregoing, Customer will ensure that it has in place a privacy
policy that provides transparent communication of the Processing activities and the rights of Data Subjects. Additionally,
Customer will employ adequate technical and organizational security measures to protect Personal Data against a Personal Data
breach.

13.9 GOVERNING LAW AND DISPUTE RESOLUTION. All matters and disputes arising out of or in connection
with this License Agreement will be governed by and construed under the laws and using the method of dispute resolution
indicated below, based upon where Customer is domiciled:

If Customer is domiciled in: [The governing law is: IAny suit, action or proceeding arising out of or relating to
this Agreement must be:

United States of America, New York and controlling (Instituted in the United States District Court for the Southern
Canada, or Mexico United States federal law |District of New York or the state courts located in New York, New
York

IAny other country Laws of England & Wales [Finally settled under the Rules of Arbitration of the International

IChamber of Commerce by arbitrator(s) appointed in accordance
with those Rules. The place of arbitration shall be New York,
New York, and any and all awards and other decisions shall be
deemed to have been made there, without prejudice to the right
of the arbitral tribunal to hold hearings, meetings, or sessions
any place it deems appropriate.

Each party irrevocably submits to the exclusive jurisdiction of the applicable court set forth above. However, each party will have
the right at any time to seek a temporary or permanent injunction or other equitable remedy or relief in any court having subject
matter jurisdiction anywhere in the world. With respect to arbitration, there will be one arbitrator and the language of arbitration will
be English. The party or parties prevailing in any legal actions, arbitration or other proceeding relating to this License Agreement,
whether in arbitration, at trial or upon appeal, will be entitled to recover reasonable attorneys’ fees and other costs and expenses
incurred, in addition to any other relief to which it may be entitled. The parties agree that the United Nations Convention on
Contracts for the International Sale of Goods does not apply to this License Agreement.

13.10 NOTICES. Except for routine operational correspondence, all notices made or given pursuant to these License Terms must be
in writing and will be considered delivered and effective upon receipt (or when delivery is refused) when: (a) personally
delivered; (b) sent by registered or certified mail (postage prepaid, return receipt requested); (c) sent by nationally-recognized
private carrier (e.g., Federal Express, DHL, etc.) (with signature required and all fees prepaid); or (d) sent by email with
confirmation of transmission. Notices will be sent to Customer at the address set forth in the Order Confirmation (or if none is
specified, the address to which Maxar sends invoices). Notices to Maxar must be sent to (a) legalservices@maxar.com, if
electronic; and (b) to 1300 W. 120th Avenue, Westminster, Colorado 80234, USA, attention Legal Department, if sent in hard

copy.

13.11 CONTROLLING LANGUAGE. These License Terms are drafted in the English language only. English will be the controlling
language in all respects, and all versions of these License Terms in any other language are for accommodation only and will not
be binding on the parties. All communications and notices to be made or given pursuant to these License Terms must be in the
English language. The titles and headings herein are for reference purposes only.

13.12 FORCE MAJEURE. Except for Customer’s obligation to make payment under the Customer Agreement or these License
Terms, neither party will be liable for any failure or delay in fulfilling or performing any term of these License Terms when and to
the extent the failure or delay is caused by or results from acts or events beyond that party’s reasonable control, including,
without limitation: acts of God; fire; water damage; natural disaster (including earthquakes, storms, and floods); power or utility
outages; strikes; war, military action, or act of terrorism; medical crisis, pandemic or epidemic; a total or partial loss, malfunction,
or failure of a satellite, ground station, or communications network, whether temporary or permanent; a change in law or
regulation (including export control regulations); acts, directives and orders of government and health authorities; or an order or
judgment of a court (not arising out of breach by the party of these License Terms). The party suffering a force majeure event
will promptly give notice to the other party, stating the period of time the occurrence is expected to continue.

13.13 EQUITABLE REMEDIES. The parties agree that a breach or threatened breach by Customer of its obligations under these
License Terms would give rise to irreparable harm to Maxar and that Maxar will be entitled to seek equitable relief (without any
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requirement to post bond), including injunctive relief or specific performance of the terms, in addition to any other remedy to
which it is entitled at law or in equity.

14. DEFINITIONS.

“Affiliate” means any legal entity controlling, controlled by or under common control with a party, where “control” means (a) the
ownership of at least fifty percent (50%) of the equity or beneficial interest of the entity; (b) the right to vote for or appoint a majority of
the board of directors or other governing body of the entity; or (c) the power to direct or cause the direction of the management and
policies of such party by any means.

“Authorized User’ means an employee or Contractor that is authorized by Customer to use the Product on behalf of Customer, or if
the Customer is a university or school, then Authorized Users may include Customer's currently-enrolled students.

“Certified Reseller” means a reseller authorized by Maxar to resell licenses to use the Products.

“Commercial Purpose” means redistribution, retransmission or publication in exchange for a fee or other consideration, which may
include, without limitation: (a) advertising; (b) use in marketing and promotional materials and services on behalf of a customer, client,
employer, employee or for Customer’s benefit; (c) use in any materials or services for sale or for which fees or charges are paid or
received; and (d) use in any books, news publication or journal.

“Contractor” means an individual contracted by Customer, either directly or through a consulting company or other entity, to provide
services on behalf of or for the benefit of Customer. For avoidance of doubt, "Contractor" includes a volunteer who is

under contract with Customer to provide services on behalf of Customer, provided that the Customer maintains direct control over

all access to, and copies of, Products and/or Derivatives, and the volunteer is not permitted to use the Products or Derivatives for any
purpose other than Customer’s permitted uses.

“Customer Agreement” means (a) with respect to a Customer that purchases a license to use the Product from Maxar directly, that
agreement consisting of the applicable Order Confirmation and Product Terms and Conditions, which reference these License Terms;
and (b) with respect to a Customer that purchases a license to use the Product from a Certified Reseller, that agreement between the
Certified Reseller and Customer pursuant to which Customer receives a license to the Product.

“Customer” means that individual, legal entity or government agency that has purchased a license to use the applicable Product either
directly from Maxar or from a Certified Reseller.

“Data Derivative” means, generally, a Derivative of the Product that may be used for any and all purposes in accordance with Section
1(b) of these License Terms. With respect to each type of Product, the Data Derivatives are described in Section 2.3 of these License
Terms.

“Data Subject” means an identifiable natural person.

“Derivative” means any addition, improvement, update, modification, transformation, adaptation or derivative work of or to a Product,
including, without limitation, reformatting of the Product into a different format or media from which it is delivered to Customer; any
addition or extraction of data, information or other content to or from the Product; or any copy or reproduction of the Product.

“Education Discount” means that discount that is extended to a Customer that is a university, college, technical training institute or
school utilizing the Product solely for educational purposes.

“Elevation Product” means a Product that consists of data sets, vectors, or other information that depict or indicate elevation, depth,
building heights, 3D renderings of objects on the surface of the earth, or other three dimensional features. Elevation Products include
Digital Elevation Models (DEM), Digital Surface Models (DSM), Digital Terrain Models (DTM), Triangulated Irregular Network (TIN) and
Point Cloud elevation models (including, without limitation, 3D and building models, bathymetry and sea floor mapping).

“Imagery Product” means a Product that consists of aerial photography, satellite imagery and other imagery data owned or controlled
by Maxar, including all metadata. "Imagery Product" does not include satellite or aerial imagery owned by Third Party suppliers and
licensed under Third Party Terms.

“Information Product” means a Product that consists of extracted data layers, shapefiles, vectors, summary, analysis or other report,
dataset or other information that may include excerpts of satellite imagery or aerial photography.

“Intellectual Property Rights” means all past, present, and future trade secret rights, patent rights, copyrights, moral rights, contract
rights, trademark rights, service marks, and other proprietary rights in any jurisdiction, including those rights in inventions, software,
domain names, know-how, methods, processes, information and technology.

“Internal Use’ means use of the Product and permitted Derivatives solely for the internal business purposes of Customer (subject to
those restrictions set forth in Section 5 of these License Terms) and not for any Commercial Purpose.

“License Terms” has the meaning set forth in the Preamble.
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“NGO/GDO Discount” means that discount that is extended to a Customer that (a) is a non-governmental, non-profit organization or a
global development organization, and (b) contributes to or participates in cooperation projects, education, training or other
humanitarian, progressive or watchdog activities.

“Order Confirmation” means that agreement or other document prepared by Maxar that sets forth the Product(s) Maxar offers to
license to Customer and related terms and that is presented to Customer for acceptance. A quotation that includes an estimated fee is
not an Order Confirmation.

“Personal Data” means any information that directly or indirectly identifies a Data Subject, such as a name, an identification number,
location data, an online identifier or one or more factors specific to the physical, physiological, genetic, mental, economic, cultural or
social identity of that natural person.

“Processing” means any operation that is performed on Personal Data, whether or not by automated means, such as collection,
storage, alteration, use, dissemination or destruction.

“Product Specification” means, with respect to each Product, the description and specification published by Maxar and available upon
request or at https://www.maxar.com/legal.

“Product Terms and Conditions” means the Product Terms and Conditions pursuant to which Maxar provides the Product to
Customer, available at https://www.maxar.com/legal.

“Product(s)” means those product(s) and/or service(s) licensed by Customer, as described in the Customer Agreement and Product
Specification, which may include, without limitation, Elevation Products, Imagery Products, Information Products, Subscription Services
Products, and Tasking Products.

“Tasking Product” means a Product that allows Customer to designate when and where imagery or other data should be collected by
a constellation of satellites.

“Term” means that period of time that Customer is entitled to use the Product as set forth in the Customer Agreement and further
defined in Section 4 of these License Terms.

“Third Party” means any individual, legal entity, corporation, limited liability company, partnership, other organization or government
agency that is not a party to this Agreement and is not an Affiliate of Maxar.

“Third Party Content” means any content, software or other data that is owned by a Third Party and not owned by Maxar or its
Affiliates.

“Third Party Terms” has the meaning set forth in Section 5 above.

-- END OF INTERNAL USE LICENSE --
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A.3 Satellite image datasets

Dataset List
Dataset name Year Type Description Ref
UC Merced || 2010 Scene classifica- | Satellite imagery tiles (256x256 | [323]
Land Use tion (patch) pixels), 21 land use classes
DSTL 2017 Semantic  seg- | 10 land cover categories from | [324]
mentation crops to vehicle small, 57 1x1km
images
Deepsat 2015 Scene classifica- | 6 land cover categories, 400k 28 x | [325]
tion (patch) 28 pixel chips
SpaceNet 2017/18/20 | Instance  seg- | Different challenges including 27 | [326]
mentation WorldView 2 images
BigEarthNet 2019 Scene classifica- | Multiple land cover labels per | [327]
tion (patch) chip, 590.326 chips
DeepGlobe 2018 Semantic  seg- | and Cover challenge: 3 different | [32§]
mentation cities with images between 6,000-
10,000 pixels
Functional Map || 2017 Scene classifica- | Over 1 million images from over | [329]
of the World tion (patch) 200 countries (256 x 256 x 4/8
bandas)

Figure A.1: List of labelled satellite image datasets considered for transfer learning. The
table was created in 2020 and some datasets have been updated since.

A4

XGBoost hyperparameters, Accra model

Hyperparameter

Value

Percentage of features used for building
cach tree (colsample_bytree)

Min split loss (gamma)
Max depth of tree

Minimum sum of instance weight (hes-

sian) needed in a child
L1 regularisation term (reg_alpha)

L2 regularisation term (reg_lambda)

0.6710635126567753

2.9237052184478376
6
3.0

48.0
0.5286917420754508

Table A.2: Best hyperparameters for XGBoost model predicting cluster membership in

Accra.
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A.5 Hyperparameter experiments for multi-city clus-

tering

A.5.1 Approach A
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A.5.2 Approach B

Learning rate 0.1 0.0001

0.00001 0.000001

B. area 0.1871 0.1611 0.1427 0.1381
B. count 0.1872  0.1627 0.1401 0.1401
Avg. b. size 0.2338  0.2330 0.2189 0.2171
B. orient. 0.1682  0.2122 0.2134 0.2029
All roads 0.2249  0.2017 0.1895 0.1870
M. roads 0.2253  0.2356 0.2350 0.2335
Dist. all roads  0.2086  0.2011 0.1936 0.1919
Dist. m. roads 0.1912 0.1744 0.1623 0.1585
Pop. den. 0.2013  0.1878 0.1785 0.1817
NDVI 0.2036  0.1845 0.1706 0.1610
Total 2.0312  1.9541 1.8446 1.8118

Table A.4: Approach B, Dakar. Comparison of learning rates (LR). Bold text indicates
the best scores across urban characteristics.

Learning rate 0.1 0.01 0.001 0.0001 0.00001
B. area 0.1929  0.1772 0.1992 0.2074 0.1974
B. count 0.2002  0.1822 0.1927 0.2212 0.1992
Avg. b. size 0.2448  0.2425 0.2450 0.2461 0.2467
B. orient. 0.2504  0.2493 0.2478  0.2489 0.2510
All roads 0.2491  0.2485 0.2490 0.2491 0.2492
M. roads 0.2480  0.2500 0.2484  0.2468 0.2537
Dist. all roads  0.2244  0.2134 0.2173  0.2280 0.2250
Dist. m. roads 0.2325  0.2256 0.2316  0.2375 0.2322
Pop. den. 0.1878 0.1696 0.1941  0.2056 0.1918
NDVI 0.1943 0.1804 0.1950 0.2016 0.1898
Total 2.2244 2.1387 2.2201  2.2922 2.2360

Table A.5: Approach B, Des. Comparison of learning rates (LR). Bold text indicates the

best scores across urban characteristics.
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Learning rate 0.1 0.01 0.001 0.0001 0.00001

B. area 0.1651 0.1795 0.1695 0.1746 0.1477
B. count 0.1957 0.1947 0.1917  0.2062 0.1637
Avg. b. size 0.2063 0.2290 0.2144 0.2171 0.2077
B. orient. 0.2350 0.2442 0.2167 0.2473 0.2031
All roads 0.2293 0.2379 0.2289  0.2397 0.2354
M. roads 0.2387 0.2457 0.2332  0.2475 0.2383

Dist. all roads  0.2038 0.2010 0.2029  0.1804 0.1734
Dist. m. roads 0.2290 0.2355 0.2294  0.2328 0.2228

Pop. den. 0.2059 0.2069 0.1984  0.1994 0.1907
NDVI 0.2003 0.2104 0.1956  0.2020 0.1873
Total 2.1091 2.1848 2.0807 2.1470  1.9701

Table A.6: Approach B, Kigali. Comparison of learning rates (LR). Bold text indicates
the best scores across urban characteristics.
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A.5.3 Approach C

Learning rate 0.1 0.01 0.001 0.0001 0.00001
B. area 0.1729 0.1624 0.1576  0.1520 0.1474
B. count 0.1802 0.1682 0.1652  0.1577 0.1532
Avg. b. size 0.1745 0.1757 0.1761  0.1730 0.1745
B. orient. 0.2301 0.1968 0.1864 0.1804 0.1495
All roads 0.1505 0.1515 0.1514 0.1521 0.1509
M. roads 0.2291 0.2334 0.2364  0.2392 0.2330
Dist. all roads  0.1445 0.1524 0.1476  0.1431 0.1389
Dist. m. roads 0.1729 0.1697 0.1673 0.1684 0.1658
Pop. den. 0.1660 0.1616 0.1600 0.1571 0.1512
NDVI 0.1070 0.1063 0.1050  0.1007 0.0988
Total 1.7277 1.6780 1.6530 1.6237  1.5632

Table A.7: Approach C, across all cities. Comparison
indicates the best scores across urban characteristics.

of learning rates (LR). Bold text

Learning rate 0.1 0.01 0.001 0.0001 0.00001
B. area 0.2149 0.2052 0.2181 0.1978 0.1964
B. count 0.2147 0.2032 0.2237  0.1967 0.1967
Avg. b. size 0.2406 0.2379 0.2369  0.2355 0.2319
B. orient. 0.2439 0.1926 0.1783  0.1235 0.1064
All roads 0.2431 0.2457 0.2459  0.2456 0.2450
M. roads 0.2489 0.2496 0.2513  0.2389 0.2337
Dist. all roads  0.1822 0.1957 0.1837  0.1802 0.1717
Dist. m. roads  0.2266 0.2192 0.2242  0.2268 0.2267
Pop. den. 0.2151 0.2081 0.2106  0.1966 0.2035
NDVI 0.1659 0.1707 0.1786  0.1539 0.1599
Total 2.1959 21279 2.1513 1.9955  1.9719

Table A.8: Approach C, Accra. Comparison of learning rates (LR). Bold text indicates

the best scores across urban characteristics.
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Learning rate 0.1 0.01 0.001 0.0001 0.00001

B. area 0.1375 0.1340 0.1419 0.1385 0.1327
B. count 0.1416 0.1416 0.1416  0.1361 0.1361
Avg. b. size 0.2267 0.2329 0.2319 0.2236 0.2240
B. orient. 0.2318 0.1847 0.1771  0.1585 0.1564
All roads 0.1962 0.1903 0.1913 0.1874 0.1831
M. roads 0.2201 0.2227 0.2272  0.2412 0.2414

Dist. all roads  0.1909 0.1783 0.1846  0.1807 0.1828
Dist. m. roads 0.1733 0.1653 0.1678 0.1624 0.1582

Pop. den. 0.1536 0.1474 0.1724  0.1771 0.1683
NDVI 0.1843 0.1492 0.1732 0.1741 0.1527
Total 1.8560 1.7464 1.8090 1.7796  1.7357

Table A.9: Approach C, Dakar. Comparison of learning rates (LR). Bold text indicates
the best scores across urban characteristics.

Learning rate 0.1 0.01 0.001 0.0001 0.00001

B. area 0.1846 0.1702 0.1494  0.1507 0.1510
B. count 0.1927 0.1632 0.1577 0.1416 0.1416
Avg. b. size 0.2364 0.2368 0.2412  0.2337 0.2355
B. orient. 0.2129 0.1963 0.1860  0.2488 0.1783
All roads 0.2447 0.2465 0.2446  0.2463 0.2450
M. roads 0.2190 0.2276 0.2335 0.2528 0.2396

Dist. all roads  0.1958 0.2103 0.2076  0.2039 0.2004
Dist. m. roads 0.2209 0.2173 0.2173  0.2180 0.2144

Pop. den. 0.1691 0.1615 0.1505 0.1530 0.1518
NDVI 0.1619 0.1666 0.1486  0.1454 0.1491
Total 2.0380 1.9963 1.9364 1.9942  1.9067

Table A.10: Approach C, Dar es Salaam. Comparison of learning rates (LR). Bold text
indicates the best scores across urban characteristics.
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Learning rate 0.1 0.01 0.001 0.0001 0.00001

B. area 0.1845 0.1701 0.1612 0.1602 0.1426
B. count 0.2147 0.1912 0.1707  0.1707 0.1637
Avg. b. size 0.2129 0.2096 0.2125  0.2087 0.1874
B. orient. 0.2488 0.2455 0.2396  0.2470 0.2473
All roads 0.2336 0.2276 0.2365  0.2408 0.2349
M. roads 0.2427 0.2389 0.2416  0.2495 0.2491

Dist. all roads  0.2071 0.1980 0.1887 0.1914 0.1833
Dist. m. roads 0.2357 0.2321 0.2257 0.2235 0.2154

Pop. den. 0.2008 0.2000 0.1902  0.1881 0.1730
NDVI 0.2067 0.1923 0.1922 0.1846 0.1687
Total 21875 2.1053 2.0589 2.0645  1.9654

Table A.11: Approach C, Kigali. Comparison of learning rates (LR). Bold text indicates
the best scores across urban characteristics.
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A.5.4 Cluster names, Approach A with K=16.
Cluster, Accra Dakar Dar es Salaam | Kigali
num-
ber
0 Mixed environ- | Mixed environ- | Mixed environ-
ments ments ments
1 Water and bare | Water and bare Water and bare
land land land
2 Dark vegetation Dark vegetation Dark vegetation
3 Shrubs and agri- | Shrubs and agri- | Shrubs and agri-
culture culture culture
4 Densely popu-
lated
5 Bare land and | Bare land and | Bare land and
shrubs shrubs shrubs
6 Dark vegetation
7 Mixed  environ-
ments
8 Mixed  environ-
ments
9 Densely popu- | Densely popu- | Densely popu-
lated lated lated
10 Agriculture and | Agriculture and | Agriculture and
bushes bushes bushes
11 Med. vegetation | Med. vegetation | Med. vegetation
12 Mixed environ- | Mixed environ- | Mixed environ- | Mixed environ-
ments ments ments ments
13 Agriculture Agriculture Agriculture
14 Vegetation
15 Vegetation
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A.6 XGBoost hyperparameters, combined approach

Hyperparameter Value

Percentage of features used for building 0.7503753049475365
each tree

Min split loss (gamma) 1.5913323626041533
Max depth of tree 14

Minimum sum of instance weight (hes- 6

sian) needed in a child

L1 regularisation term 70

L2 regularisation term 0.4037776702619792

Table A.12: Best hyperparameter for XGBoost model predicting cluster membership of
four cities.
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A.7 ESA land cover co-occurrence

ESA land cover: Shrub cover area, Kigali

A v
ESA land cover: Trees covered area, Kigali

Figure A.2: Tiles of two different ESA land cover classes of Kiglai that are visually very
similar. Dynamic mosaic (©)2020 Maxar Technologies.
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Shrubs, Kigali
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Dark dense vegetation, Kigali

Figure A.3: Tiles of two different clusters of Kigali. Maxar Products. Dynamic mosaic
(©2020 Maxar Technologies
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Dark dense vegetation, Accra

Figure A.4: Tiles labelled as Dark dense vegetation cluster, Accra.
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Sand and bare areas, Dakar

e B

ESA land cover: Bare areas, Dakar

Figure A.5: Tiles labelled as Sand/bare areas and water cluster and as Bare areas by the
ESA land cover dataset, Dakar. Dynamic mosaic (©)2021/2 Maxar Technologies.
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Densely populated areas, high building orientation, Dakar

Figure A.6: Tiles labelled as Densely populated areas with high building orientation cluster
and as Built-up by the ESA land cover dataset, Dakar. Dynamic mosaic (©)2021/2 Maxar
Technologies.
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A.8 Sensitivity to cluster number, multi-city analysis
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Figure A.7: Clustergram of image representations of Accra.
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Figure A.8: Clustergram of image representations of Dakar.
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Clustergram Dar es Salaam
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Figure A.9: Clustergram of image representations of Dar es Salaam.
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Figure A.10: Clustergram of image representations of Kigali.
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A.9 Inter- and intra-cluster distances
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Figure A.11: The figure shows the intra- and inter-cluster similarity in the feature space.
The intra-cluster similarity is calculated as average distance of tiles to cluster centroid.
The distance between centroids is a measure of similarity across clusters. The smaller the
distance between the clusters, the more similar they are, and vice versa. For computational
efficiency, within- and between-cluster distances were calculated using the first two PCs.
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