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Abstract

Cities are complex systems with a unique composition of diverse elements and their relationships.

Throughout history, humans form and shape cities by a range of functional, social, economical and political

interactions. This diversity is reflected in the formation of individual built and non-built environments.

However, similar elements and features form patterns that can be observed among multiple cities. City

models try to understand the underlying processes that manifest into spatial patterns of urban form,

but are often limited by a regional context and lack of comparable data. This master thesis aims to

explore the urban morphology in a comparable framework on a global scale with the use of new consistent

datasets such as the Local Climate Zones (LCZs) to describe the urban morphology of cities and the

Morphological Urban Areas (MUAs) to delineate urban agglomerations. A search of urban morphological

patterns is conducted without prior knowledge on subsets of 1523 cities. With state of the art methods of

unsupervised learning 138 clusters of urban morphological patterns are found. The patterns show urban

morphological configurations with similar statistical and spatial characteristics. A similarity metric is

developed to compare cities based on the found patterns. Grouping similar cities leads to the formation

of clusters which are partially congruent with geographic regions. The results of this work show that

the formation of patterns with similar urban morphological configurations is linked to the geographic

location. This master thesis is a first step towards a comprehensive knowledge on the formation of urban

morphological configurations and contributes to a better understanding of cities.

Zusammenfassung

Städte sind einzigartige, komplexe Systeme, die sich aus unterschiedlichsten Elementen und ihren

Beziehungen zusammensetzen. Seit jeher formen und gestalten Menschen ihre Städte durch eine Vielzahl

verschiedener funktionaler, sozialer, wirtschaftlicher und politischer Interaktionen. Diese Vielfalt spiegelt

sich in den individuellen Ausprägungen von bebauten und unbebauten Gebieten wieder. Jedoch lassen

sich ähnliche Elemente und Muster in mehreren Städten beobachten, deren zugrundeliegende Prozesse

mit Hilfe von Stadtmodellen untersucht werden. Die Aussagekraft von Modellen ist jedoch häufig auf

einen regionalen Kontext beschränkt oder durch den Mangel an vergleichbaren Datensätzen limitiert.

Mit dieser Masterarbeit soll die urbane Morphologie mit Hilfe neuer konsistenter Datensätze auf einer

globalen Ebene untersucht werden. Verwendet werden hierfür die Local Climate Zones (LCZs) zum

Beschreiben der urbanen Morphologie sowie die Morphological Urban Areas (MUAs) zur Definition von

urbanem Raum. Stadtmorphologische Muster werden mit neuen Methoden zum unüberwachten Lernen in

Teilausschnitten von 1523 Städten gesucht. Insgesamt werden 138 verschiedene stadtmorphologische Muster

gefunden, die sowohl ähnliche statistische Charakteristiken als auch ähnliche räumliche Anordnungen

aufweisen. Zudem wird in dieser Arbeit ein Ähnlichkeitsmaß von Städten auf Grundlage der gefundenen

stadmorphologischen Muster entwickelt. Beim Gruppieren ähnlicher Städte entstehen Gebiete, die teilweise

eine hohe Überinstimmung mit geographischen Regionen aufweisen. Die Ergebnisse dieser Arbeit zeigen,

dass die Bildung von stadtmorphologischen Mustern mit der geographischen Lage zusammenhängt. Damit

leistet diese Arbeit einen Beitrag zur Untersuchung von urbanen morphologischen Konfigurationen und

trägt zum besseren Verständnis von Städten bei.
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1 Introduction

When walking through a city, what are the perceptions one experiences? In a central business

district, it might be the noise of traffic, horns honking and the hammering of a nearby construction

site. Perhaps one might smell the fumes of the bypassing cars and see the tall buildings arising

next to the street far up, leaving only a small trace of sky visible. Changing the location to a

crowded shopping mall, it is the indistinctive chattering of the bypassing people, entering and

leaving the different shops. Continuing to a calm residential area, one might be surrounded by

single family houses, each with a garden. In these different scenarios, everyone will have a very

subjective impression of the surroundings. One might be overwhelmed by the experience of all

the individual elements, but everyone will subconsciously structure, order and evaluate the world

around them.

From past experiences, a feeling for the physical environment emerges. When visiting a different

country, or maybe another continent, one might encounter fundamentally different ways of

living, but notice also some similarities and familiar elements. Spatial patterns emerge and form

neighborhoods, commercial centers and industrial areas, similar across multiple cities. Observing

solely the single elements, each building, each place and each city is unique. But when comparing

them on a larger scale, they seem to follow a general order, somehow shaped and regularized by

an invisible force. To uncover these principles of order has been endeavored by urban geography

for a long time. Many models have been proposed to explain spatial patterns, yet they are often

qualitative and restricted to a regional or cultural context. The recent abundant amounts of

available geodata support a rise of quantitative approaches and the generation of new theories.

This master thesis aims to explore the intra-urban configurations on a global scale and support

an empirical approach to unveil the unwritten rules that seem to shape cities throughout the world.

But where to begin? For millennia humans develop and transform land and build artificial

structures (Goh et al. 2016). It is assumed that the neolithic revolution starting 10.000 before

the common era (BCE) initiated the transition from hunter-gatherers to agriculture and livestock

breeding (Weisdorf 2005). Along this, the first settlements arose which were the foundations for

a development to smaller villages and cities with an increasing population. The first traces of

the oldest cities like Ur and Uruk located in the valley between Tigris and the Euphrates date

back 5000 BCE (Nissen 1988). Further ancient cities like Memphis and Theben in Egypt have

more than 5000 years of history, but also along the Indus river several ancient cities, which are

around 4500 years old, can be found (Wright 2010).

The extensive history of cities shows how this form of social spatial organization became an

essential part for human society and its development. With the continuous increase of the world

population, the number and size of agglomerations of human settlements grew throughout the

world. This trend of a growing world population continues until the current day (see figure 1).

A city itself grows with an increasing number of citizens but also with an expansion of urban

areas, both in vertical and horizontal dimensions through new and higher buildings (Gaebe 2004).

These processes are included in the concept of ’urbanization’. Furthermore, the term urbanization
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describes in its wider sense not only the growth of cities but also the diffusion of urban functions

into formerly rural areas. Even though cities are inherent to our societies and a majority of the

world population now lives in urban areas, the capability of understanding and managing them in

a scientific way remains limited due to their complex and interdependent facets (Bettencourt 2013).

Figure 1: Development of urban and total population worldwide from 1950 to 2050 (United Nations
2018) (own illustration). The data from 2015 to 2050 are predicted. The world population is
continuously growing and is predicted to be near 10 billions in 2050 (blue line). Simultaneously, the
population living in urban areas is constantly increasing (green line). The share of the people living
in urban areas (orange line) rose from around 30% in 1950 to 54% in 2015 and is expected to reach
around 68% in 2050.

Urban areas are indeed one of the most important and complex ecosystems on our planet: They

interact with their surroundings in many ways and have a strong influence on environmental

variables (Gamba 2013). The ongoing urbanization increases the dependency on energy, forms

socio-spatial inequalities and is a concern regarding sustainability and environment issues

(Barthelemy 2016). Many effects like the change of previous surface covers to impermeable

materials, a concentration of activities that create pollution of the surrounding soil, air and

water come typically along with the growth of cities. This results in soil degradation and has an

influence on the local and global climate (Bechtel, Alexander et al. 2015; Gamba 2013). So on

one side, cities have a high impact on the bio-physical environment and are (among other causes)

a major driver “of global environmental change” (Bechtel, Alexander et al. 2015, p. 200). But on

the other side, they are particularly vulnerable to those changes and for example affected by

increasing air temperatures, rising sea levels and heavy rain events (Bechtel, Alexander et al.

2015; Hunt and Watkiss 2011). Therefore, it is of high relevance to gain consistent knowledge

about urban areas and their resulting structures, since policy makers look for new paradigms in

urban planning (Barthelemy 2016). Hence, the development of urban agglomerations and the

driving forces that shape them are an object of research in multiple scientific disciplines.

Human settlements do not emerge randomly, they are initially founded for spatial, political,

social, economical or cultural reasons and functions (Gaebe 2004). Yet, their formation and

development can be ambiguous and range from the un-regularized interaction of their individual
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inhabitants up to a completely planned and supervised process led by superior authorities. This

results in a broad variety of shapes and forms of built structures a city is composed of. It is

this physical appearance that determines how cities are mainly perceived (Taubenböck, Debray

et al. 2020). The urban environment is experienced through the composition and interaction

of many individual elements. Streets of different shapes and sizes divide street blocks (Oliveira

2016) and define accessibility within a city. Residential buildings, working spaces, commercial

buildings and factories form the urban structure and are a visible and material expression of

economic and social structures and different forms of living. The morphological appearance

reflects only a small part of the complex system of a city but still determines many routines and

functions of it (Taubenböck, Debray et al. 2020). So is it the form that shapes our modes of

living, or vice versa, is it “form (ever) follows function” (Sullivan 1896, p. 5), the famous mantra

of modern design theory? Either way is true, but the (built) environment is not understood as

given, it is something that is created by us humans (Marcus et al. 2017). Further, nothing is ever

constant in a city. It is continuously changed, reshaped and adapted by the demands and needs

of their inhabitants. This process is not randomly driven but rather reflects the political, social,

economical and cultural key events that occur throughout human history (Fleischmann, Feliciotti

and Kerr 2021). Changes can be registered in the constantly evolving urban form of buildings,

plots and streets but also in the functional, social and cultural relationships. Over time, the

functions a city fulfills can shift and lead to a change of status, importance and attraction. Yet

their physical form is usually more enduring than their primordial urban functions (Gaebe 2004).

But why do spatial patterns emerge exactly on this physical registration plate of urban processes?

The urban morphology can be seen as the product of “a collective behavior of constituents

coupled to each other” (Goh et al. 2016, p. 1). Those specific configurations are the unique result

of a long term shaping process and reflect in a condensed way all those processes that are part

of the city. Despite the great variety and differences of urban forms, statistical regularities can

be observed (Barthelemy 2016) and similar patterns can be found throughout different cities

(Faßmann 2009). The reasons for this universality are shared fundamental processes that result in

a spatial organization of physical form and functions (Barthelemy 2016) and a collective behavior

with statistical regularities produced by systems with many components (D’Acci 2019). Hence,

exploring and analyzing these patterns helps to find and understand the profound underlying

processes that shape a city. The exploration of urban structures which are a result of fundamental

social processes allows to build a foundation for further analyses in many different scientific

fields, ranging from the understanding of city development to finding the driving social and

economic forces of a city. Moreover, “a better understanding or urban forms helps to make

effective previsions [...] on urban form issues, which is among the most urgent needs [...]” (D’Acci

2019, p. 3). Approaching these intra-urban configurations with a scientific point of view leads to

the field of geography in which this master thesis is written.

Geography aims to analyze spatial structures and constructions to find regularities and arranged

patterns and to gain knowledge about ’space’ for a profound understanding of today’s world

(Gebhardt, Glaser et al. 2020). As a subfield of geography, urban geography analyzes the
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environment of cities on different scales, ranging from a single object to districts, cities and

city systems. The scientific field moves between an idiographic urbanism which explores and

describes specific, unique cases and a nomothetic urbanism whose goal is to find and generate

universal statements about the structure and development of urban settlements (Faßmann 2009).

Uncovering the general laws that underlie the shaping process of cities and lead to the formation

of re-occuring patterns induces a certain degree of generalization.

A possible way to describe spatial patterns is to construct regions of homogeneous characteristics

and separate them through boundaries. The earth shows only few clear natural borders that are

experienced by humans in their daily lives (such as coastlines, rivers and mountain chains). This

means that all efforts to construct regions are intellectual abstractions of the reality, constructions

through the scope of theoretical perspectives and methodological techniques. Geographic regions

are not exact, neutral or objective. They are contextual, can change throughout the history

and underlie constant negotiations. Yet, this form of structuring and classifying space has the

purpose to give orientation (Gebhardt, Glaser et al. 2020) and reduce the complexity of the

world surrounding us (Fleischmann, Feliciotti, Romice et al. 2021). Through its simplification,

it allows us to understand better the basic elements and investigate their spatial arrangement

on a more abstract level. The creation of spatial order allows the development of models and

formation of paradigms. Those paradigms define not only the research questions and theory

but also the methods used to answer them (Reuber and Gebhardt 2020). Urban geography

started to investigate patterns of urban form with comparative studies, yet they largely relied

on qualitative approaches and set the focus on functional aspects of the city. But this left out

the physical environment, the “setting of all lived urban experience” (Fleischmann, Feliciotti

and Kerr 2021, p. 2). Further, it hinders the development of replicable results and scalable data-

driven approaches. These shortcomings are slowly overcome with a range of new methods and

statistical-mathematical and analytical approaches developed in the previous years (Gebhardt,

Glaser et al. 2020).

Mathematical methods have been proven to be useful in the investigation of cities to generate

scientific theories of urban forms in a formal, deductive and on human behavior based manner

(D’Acci 2019).

“Cities are ultimately the result of human behavior, whose understanding might be

reductive if solely framed within a strictly ’mathematical’ confine.” (D’Acci 2019, p. 1)

Yet, D’Acci sees mathematics as the universal language between humans and nature to understand

the complex phenomena of this world. A recent game changer are the huge amount of data that

come with the continuing technological developments (Barthelemy 2016). Improvements of sensors

and capturing systems, the increase of storage capacity and computational processing power allow

more sophisticated data driven analyses. Especially in the field of earth observation, huge progress

was made in capturing images of the earth surface on a global scale and in increasing resolution.
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This global ’objective’ view by the lenses of spectral satellite measurement systems has been proven

to be very successful in mapping the surface of the world. In the past decades, the number of

earth observation satellites and the amount of satellite imagery constantly increased (see figure 2).

Figure 2: Number of active Earth Observation (EO) satellites from 1959 to 2019 (World
Meteorological Organization 2022) (own illustration). There is a continuous increase of active
EO satellites which capture data of electromagnetic reflections of the earth. Especially in the past
20 years the amount of new satellites increased exponentially.

Further, the improved resolution made it possible to capture smaller scale structures which are

especially interesting for the exploration of cities. Government-funded and free satellite imagery

like Landsat and Sentinel-2 increased the availability and use in scientific studies. The progress

on the field of computer vision and machine learning opened up new possibilities of applications

and analyses in remote sensing. This provides the opportunity for unprecedented analytical

views on cities on a global scale. Everyone has very ’subjective’ impressions of a city. With

a systematic data-driven methodology it is now possible to conduct comparable studies on a

global scale. Yet, the exploration of urban configurations with Earth Observation (EO) data just

started in the recent years (Barthelemy 2016).

This master thesis proceeds as follows: Chapter 2 provides a theoretical background and outlines

the scientific gap in research. In chapter 3 the framework and research questions to explore

city patterns are formulated. Chapter 4 presents the methodology which includes explorative

approaches of unsupervised learning. The main results are reported in chapter 5 and discussed

in chapter 6. A conclusion is given in chapter 7.
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2 State of the Art

This chapter begins presenting the challenge of finding a universal definition of a city. It continues

with different approaches in urban geography, each examining urban areas with their respective

point of view. With this background, a brief look at structural city models throughout the

history is taken. Diving into the more specific field of urban morphology, in which this master

thesis is located, the current approaches for the investigation of urban structures are introduced

and the scientific gaps are presented. In conclusion, a scalable, comparable and data-driven

research framework is constructed to investigate the intra-urban configurations of cities without

prior knowledge on urban form.

2.1 The Grasp of a City

What is a city? The simplest questions are often the most difficult to answer. In today’s language,

fundamentally different terms and definitions of a city can be found. In historical terms, a city

received the privileges of borough rights by the current ruler. In Germany, those rights are now

given by the federal state authority based on the number of inhabitants, type of settlements and

economic power. This leads to other possible definitions of cities regarding statistical numbers

such as defining and exceeding certain demographic thresholds like the number of inhabitants or

population density (Faßmann 2009; Heineberg 2017). These thresholds cannot be scientifically

justified and vary in space and time, yet they allow to measure a certain perception of what

is regarded as a city. Other approaches define and classify cities regarding their functions,

sociological structure, economic power, centrality and infrastructure development (Faßmann

2009; Heineberg 2017; Gaebe 2004). These manifold domains are all part of the phenomenon

’city’ and make it difficult to find a common understanding.

Yet, cities and urban settlements differentiate from rural areas through a row of the above

mentioned characteristics. But where does a city begin and where does the rural space end?

There are transitions between urban and rural settlements which make a distinct differentiation

impossible (Gaebe 2004). Also Gebhardt and Reuber (2020) question the dichotomous thinking

of ’urban vs. rural’ categories that influenced geographical debates in the previous decades.

They state that the distinctions are vanishing nowadays which makes it even harder to find clear

boundaries that enclose a city.

Therefore a ’city’ cannot be defined exactly, neither in the field of urban geography nor in other

interdisciplinary fields, and especially not on an international or global scale (Heineberg 2017).

Attempts of finding a clear definition of a ’city’ will only produce unclear results (Faßmann 2009).

The criteria of defining a ’city’ vary in different cultural areas across the earth, dependent on

their specific status of development (Heineberg 2017). Finding a definition of the term ’city’

that is valid for all times, cultures and regions remains fiction and therefore can only be very

superficial (Faßmann 2009). Subsequently, there are also no universal definitions of the terms

’urban’ or ’urban population’ in the scientific discourse (Taubenböck, Weigand et al. 2019).
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There might not be a universal valid term for defining and explaining such a complex system like a

city. Nevertheless, everyone experiences a city through the interaction of all its agents forming it.

A city is not homogeneous, it can be differentiated by its physical, social and functional structure

(Faßmann 2009). On smaller scales, those characteristics can be aggregated to form residential,

economical and social intra-urban sub-units (Gaebe 2004). Even though the same problem of

defining boundaries and thresholds to form these units arise, they form specific patterns that

shape and differentiate the city. These spatial patterns are the result of the organization of a city

and reflect their “own topographical, historical, economical, and political environments” (Goh

et al. 2016, p. 1).

2.2 Approaches in Urban Geography

As complex and ambiguous cities are, as many approaches and paradigms exist to investigate

them within the field of urban geography. Throughout the literature, the typification and

classification of cities and their elements can be found as an attempt to simplify the vast variety

of urban settlements. Each approach investigates cities with different objectives, methods and

on different scales. Even though there is no clear separation between the approaches and there

is a variety of intersections regarding the methods and considered variables used in scientific

research, it is possible to roughly differentiate the following paradigms:

The cultural-historical and morphogenetic approach analyzes and investigates the plots and

elevations of cities. The focus is set on architectural and physical structures, but also on

the historical development and historico-genetic deduction of a city (Faßmann 2009). The

physical form is seen as a registration plate of the social history, as being shaped by functions

and sociological phenomena. Hence, cities or their elements can be classified by their time of

foundation and their different historico-cultural impact on the physical structure (cf. Schlüter

1899; cf. Hassinger 1916; cf. M.R.G. Conzen 1981).

The comparative and cultural-genetic approach investigates urban structures in different cultural

areas. It is often combined with the cultural-historical and morphogenetic approach, exploring

the genesis of urban form in different cultural areas. The cultural-genetic approach assumes

influential factors that force a homogenization of cities and allow a designation of cultural areas

(cf. Passarge 1930; cf. Kolb 1962; cf. Hofmeister 1996). It is assumed that for whole regions

and continents a dominant culture exists which has an influence on the society and urban areas.

Cities are supposed to have more similarities than differences inside their respective cultural areas

due to external and political influences (Gaebe 2004). But it is not the cultural area itself that

shapes a city, it is the result of economic, social and political development processes. Yet, these

processes are influenced by social constructs and underlie cultural traditions. In reality, these

cultural areas can neither be defined exactly, nor are they homogeneous. Therefore this approach

is rarely used due to the strong essentialistic interpretation of the term culture (Faßmann 2009).
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Functional approaches deal with the non-visible functions of a city which include for example

commerce, service facilities and cultural linkages (Gebhardt, Glaser et al. 2020). These functions

can often be measured via statistical metrics. A typification of cities can therefore be performed

through the scope of political, cultural and economic or infrastructural functions.

Other paradigms are the social-geographic urbanism which looks at the socio-spatial structure of

cities (cf. Park, Burgess and McKenzie [1925] 1967; cf. Hoyt 1939; cf. Harris and Ullman 1945)

or the behavioral urbanism to study interactions between the physical environment and humans.

Approaches that can be more intuitively understood are classifications and typifications of cities

based on statistical values, for example the city population or size (cf. Taubenböck, Weigand

et al. 2019).

The term of ’urban morphology’ is as ambiguous as the grasp of a city. Again, it is difficult to

find common definitions and approaches. The word ’urban’ originates from the Latin word ’urbs’,

the ’city’, and ’urbanus’, which means ’belonging to the city’. Johann Wolfgang von Goethe

created the word ’morphology’ with the ancient greek suffix ’loǵıa’ as ’the study of a subject’

and ’morphé’ as ’form’ (cf. Goethe [1817] 1954; cf. Goethe [1817] 1995). So ’urban morphology’

as the ’study of urban forms’ focuses on the physical elements that shape and structure a city

(D’Acci 2019). The goal “[...] is to identify the repeating patterns in the structure, formation

and transformation of the built environment to help comprehend how the elements work together

[...].” (Kropf 2014, p. 41). The fundamental elements in urban morphology include a range from

streets and plots to buildings and their aggregation to urban tissues (Oliveira 2016; Fleischmann,

Feliciotti and Kerr 2021).

In this field of research, multiple influential schools of thought investigate the urban morphology,

each of them with different approaches and objectives. The Italian School, founded by Muratori

in the 1940s and later continued by Caniggia and Maffei (1979), stands for a process-typological

approach with a historical and architectural point of view. It is an observation on the level of

individual buildings with a strong focus on Italian cities such as Venice. A building can only

be identified in the context of its neighborhood (Oliveira 2019). With this approach Muratori

(1959) created the concept of urban tissue (Sadeghi and Li 2019). The British School, centered

around M.R.G. Conzen (1960), follows a historico-geographical and morphogenetic approach

to understand the process that creates patterns of building form and landuse. It is an analysis

combining town plans, building forms and functions through different periods of time. The work

was carried on by Whitehand with the Birmingham School. The Versailles National School of

Landscape Architecture, considered as the French School, was founded by the architects Philippe

Panerai, Jean Castex and the sociologist Jean-Charles Depaule. They provide a historical

description of French cities on a larger scale (compared to the British and Italian School) and

analyze urbanization processes and urban design in the context of social practices (cf. Castex,

Depaule and Panerai 1977).
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In conclusion, many different scientific approaches and paradigms exist in urban geography.

Paradigms are neither correct nor false, they denote different research questions, methodological

approaches and interpretations (Faßmann 2009). The schools of thought in urban morphology

are largely driven to understand building types on a fine-grained scale within an architectural

background, limited to a few cities in their local context. They describe and explain urban form

through their objective experience and thus with a cultural bias. To overcome these shortcomings

with a global empirical approach, this master thesis aims to examine urban form on a coarser

scale and thus not on the level of individual buildings. With this background, this master thesis

takes a brief look at different structural city models throughout the history in the following

sub-chapter.

2.3 Structural City Models

The previously mentioned paradigms and theoretical possibilities of city typification provide a

framework for the analysis of intra-urban patterns. City models try to describe a city and to

understand the underlying processes that form and shape it. They can also be used in planning

and development to pursue and implement certain visions of a city. City models are developed

on a high level of abstraction to generalize and reduce the ambiguity of these complex systems.

Homogeneous regions sharing a set of similar characteristics can be defined and create spatial-

arranged patterns. The implicit idea is that intra-urban patterns are the result of theoretical

principles of order and not produced randomly (Faßmann 2009). The concept of these models

is to formalize these spatial patterns and understand the rules that lead to their formation.

Considering only a few variables will never be enough to capture the complex reality of a city, yet

it allows the quantitative analysis and large-scale characterization of urban systems (Barthelemy

2016). Dependent on the research question, the respective framework is adapted to a specific

scale and hence cannot provide a “grand unified theory of cities” (Barthelemy 2016, p. 27).

Figure 3: Palmanova, considered as an ’ideal
city’ in the Italian renaissance. The plot of
this planned city shows a radial street network,
a circular fortified wall and symmetric built
elements. Reprinted from Heineberg (2020,
p. 850), adapted after Grassnick and Hofrichter
(1982).

Early historical city models are known since

the reconstruction of the ancient Greek city

of Milet based on the hippodamic scheme

after its destruction in 497 BCE. The model

named after Hippodamus was not only used

in antique Greek cities, but also throughout

the Mediterranean area with the planning

of Roman cities and up to the foundation

of colonial cities in Latin America in the

16th century (Heineberg 2017). Another well

known example of a historical city model is the

ideal city developed by Leon Battista Alberti

in the 15th century during the renaissance.

Its key element regarding the symmetrical

shape of physical structures can still be found

throughout European cities like Zamość and
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Palmanova (see figure 3). Concepts and ideals for cities continued for example with the Garden

Cities to create green belts around cities by Howard ([1902] 1944) and the utopian planning

of the Ville Contemporaine by Le Corbusier (1924). Up to the current day, models play an

important role in urban design and planning.

Other city models deal less with the planning of a city but more with the modelling, and therefore

understanding, of its status quo. First studies with a mathematical approach investigated the

relationship of space and economic factors in cities (Barthelemy 2016). Mentionable is Thünen

(2014) with his concentric ring model of agricultural land use published 1826 in Der isolierte Staat.

Figure 4: Diagramm A: Set of units with
boundaries (Semi-Lattice); Diagramm B: Units
in an arranged order (Semi-Lattice); Diagramm
C: Set of units with boundaries (Tree);
Diagramm D: Units in an arranged order (Tree).
Natural grown cities form a semi-lattice while
artificial cities form a tree. Reprinted from
Alexander (2015, pp. 6, 8).

The central place theory developed by

Christaller (1933) deals with hierarchical

city systems and the theoretical spatial and

statistical distribution of different city sizes

and their functions. Christaller’s theory

models the importance of a city and the

influence on its surroundings and is still used in

regional planning policies for a comprehensive

supply with goods and functions. Based

on this work, Lösch (1940) tries to explain

with the theory of market places the spatial

distribution of production sites and their

product specialization. The concept of central

places finds also application in the analysis of

intra-urban patterns. For example Alexander

(1988) finds artificial cities to be build as

a hierarchical tree diagram (see figure 4,

Diagram C and D), while natural grown cities

are structured as a semi-lattice (see figure 4,

Diagram A and B). But the description of Alexander goes beyond that of central places, it is a

general idea on how elements of a city interact with each other. A natural city consists of a set of

units which are in complex relationships to each other. Artificial cities fail to be conceptualized

this way.

An early work to mention in the field of urban morphology is ’Deutsche Stadtanlagen’ published

by Fritz (1894), a comparative analysis and classification of 200 German cities based on their

respective city plans. Schlüter (1899) further developed the work of Fritz in his article ’Über den

Grundriss der Städte’ including the identification of different units that form the city center. The

historico-geographical approach was later consolidated by Conzen (1960) who provides with his

work a framework for the investigation of urban forms (Oliveira 2016). For Conzen the climax of

the investigation on urban form was the distinction of areas with homogeneous morphological

characteristics (Whitehand 2001).
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A model regarding transportation is for instance the star theory by Hurd (1903) which describes

the star-shaped growth of a city along its main infrastructure routes in the age of trams and

before the widely use of cars. It is seen by Hofmeister (1996) as the predecessor of the models

developed by the Chicago School around Park, Burgess and McKenzie.

The Chicago School of Social Ecology developed three classic city models in the beginning of the

20th century. The fundament for these models was the city of Chicago, which had to deal with

an increasing number of social problems during this time. The School of Social Ecology focuses

on the society and its living environment. The three classic models explain the development

and arrangement of functional and socio-spatial intra-urban units. The principles are based on

Charles Darwin’s inspired idea of competition between species. However, instead of ’surviving’ it

is about the competition on available space on the free land market. This competition enforces

the division of labour and, if it endures long enough, forms homogeneous units inside a city

(Faßmann 2009). The city is composed by those homogeneous units which are the object of

interest in Social Ecology.

Figure 5: Concentric zones model developed by
Park, Burgess and McKenzie ([1925] 1967) and
reprinted from (Rubenstein 1999, p. 453). The
CBD (1) is surrounded by a zone of transition
(2), a working class residential zone (3), a mid-
class residential zome (4) and a commuter zone
(5).

Figure 6: Sectoral model developed by Hoyt
(1939) and reprinted from Rubenstein (1999,
p. 453). From the CBD (1) emerge the
industry (2), low-class residentials (3), middle-
class residentials (4) and high-class residentials
(5) in a sectoral shape.

The first model was the concentric zones model

developed by Park, Burgess and McKenzie

([1925] 1967). It represents the ideal state of

American cities between the two world wars.

According to the model, the city develops over

time different homogeneous zones surrounding

the city center. In the middle of the city, the

Central Business District (CBD) is surrounded

by a mixed commercial/residential zone, a

working class residential zone, a mid-class

residential zone and a commuter zone (see

figure 5). Quinn (1940) criticizes the model of

Park, Burgess and McKenzie for the predicted

symmetry and homogeneity of the assumed

zones that do not exist in reality.

The second model is the sectoral model

developed by Hoyt (1939). It is based on the

empirical research on rental-fees of 30 United

States (US) -American cities (Heineberg 2017).

The model divides the city into a pattern of

relatively homogeneous sectors emerging from

the city center (Heineberg 2017) (see figure

6). Hoyt confirms the assumption of Park,

Burgess and McKenzie that the social gradient
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is increasing from the city center to the periphery. According to Heineberg (2017), the sectoral

model works well for working class settlements and industrial areas. Even though the model is

better adapted to the US-American society, it is still far away from reality (Hofmeister 1996).

Figure 7: Multiple nuclei model developed
by Harris and Ullman (1945) and reprinted
from Rubenstein (1999, p. 454). Over time,
homogeneous nuclei develop within a city. A
distinction is made between the CBD (1),
light manufacturing (2), low-class residentials
(3), middle-class residentials (4), high-class
residentials (5), heavy manufacturing (6),
outlying CBD (7), residential suburbs (8) and
industrial suburbs (9).

The third important model of the Chicago

School of Social Ecology is the multiple nuclei

model by Harris and Ullman (1945). It assumes

multiple homogeneous settlement nuclei inside

a city (see figure 7). It hypothesizes that

the growth of a city leads to an increasing

specialization and number of nuclei. This

model fits better to the reality of city structures

and moves away from the strict geometry of the

concentric zones or sectoral model (Faßmann

2009). Furthermore, the model paves the way

for the polycentric city, from which it is only

a small step to multi-centered city regions and

the central place theory (Zonneveld 2005).

The three classical models describe the

situation of US-American cities in the period

between the world wars, before the process of

sub-urbanization started. A combination of

two approaches, the functional and the socio-spatial, are used for the typification of intra-urban

structures (Heineberg 2017). The models are criticized for deficits in theory and a lack of empirical

verification of their claimed universality. They are not sufficient to explain the increasing diffusion

of city boundaries and intra-urban fragmentation of specialized functions (Heineberg 2020). Thus

they can only make an explanatory contribution in capitalistic states with a free market economy

and little influence by city planning (Heineberg 2017). Despite the critics, they provide a starting

point for the development of newer, more complex models in other cultural regions. Especially

the combination of all three models has been shown to be relevant. Furthermore, they fulfill an

important didactic function for understanding and visualizing urban structures (Heineberg 2020).

The models of social area analysis which follow up the concept of natural areas are seen in

contrast to the above mentioned models of Social Ecology (Hofmeister 1996). These natural areas

(cf. Hatt 1946) are physical and morphological boundaries or barriers that separate areas from

each other. This causes a development of similar behaviors and a residential population with

cultural, social and economic homogeneous characteristics. The social area concept was further

developed by Shevky and Williams (1949) and Shevky and Bell (1955) by considering statistical

features of social, economic and ethical status for the formation of units. Of course, the selection

and categorization of those variables to map the reality offers opportunity for criticism. The

antinomic models of social area analysis and of the Chicago School of Social Ecology reflect two
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main ideas in urban geography, whether the ’physical form defines the functions of a city’ or ’the

functions of a city define the physical form’.

Other models like the land use theory and bid rent models, as a part of urban economics, consider

prices for land, rental fees and transportation costs and are influenced by the models of Thünen

(2014) and Christaller (1933). The bid rent models explain different land use in countries with

a free market, driven by the overbidding of competing commercial, residential and industrial

agents. The restriction of available land, which is always the case in central areas, combined

with an increasing demand will rise the ground rents and exclude less bidding agents (Heineberg

2017). An example is the monocentric city model developed by Alonso (1964) with a CBD in

its center and functions modelling the price and supply of real estate. Further models by Mills

(1967) and Muth (1969) were aggregated and formalized by Wheaton (1974) in the so-called

Alonso-Mills-Muth model and include transportation costs and the value of alternative land uses

(Kulish, Richards and Gillitzer 2012). Prices and functions determine the urban form. This

results in the construction of tall buildings with small units close to the city center and more

spacious buildings with smaller height further away from the city center. Criticized is the use

of a monocentric model which often does not represent today’s city structures (cf. Adolphson 2009).

The cultural-genetic approach dates back to Passarge (1930) who differentiated between eight

specific cultural city types in his book ’Stadtlandschaften der Erde’. It is based on large cultural

areas for which a respective specific cultural-genetic type exists (Heineberg 2017). The concept of

cultural areas was further developed by Kolb (1962) who created ten different cultural areas and

Huntington (1993) with his classification of civilizations. Hofmeister (1996) developed 12 cultural

city types in his book Die Stadtstruktur, first published in 1980. He modified the intercultural

comparison of city structures also with the use of the historico-genetic approach. Models of the

pre-industrial city (Sjoberg 1960) to the industrial (Wirth 1938) and the post-industrial or after

Vance (1971) post-capitalistic city are used to compare and determine specific phases of city

development on a global scale (Hofmeister 1996). It is based under the conception that, even

though processes of urbanization and internal differentiation of cities are similar, each culture

provides a different starting point and premises. Furthermore, the reaction of the population

on similar processes result in different outcomes (Hofmeister 1996). Hofmeister concludes in

defining the European, Russian, Chinese, Middle Eastern, Indian, Southeast Asian, Tropical

African Latin American, Anglo American, South African, Australian-New Zealand and Japanese

city. But again, like many approaches within the cultural-genetic paradigm, those models are

subject to controversial discussions (see cultural-genetic approach in chapter 2.2).

Structural city models develop social and economic functions, regionalize by aggregating similar

elements to homogeneous areas, build hierarchies and typify, all with the goal to either explore

and explain certain phenomena or provide planning schemes of a city. They largely rely on

subjective ideas or qualitative data that are hardly scalable for a global approach. The models are

based only little on consistent empirical data and are hardly comparable (Taubenböck, Debray

et al. 2020). There is a lack of consistent parameters and standardized methods to characterize
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cities on a global scale (Bechtel, Alexander et al. 2015). The scarcity and inconsistency of

available data results in an absence of globally comparative studies (Taubenböck, Debray et al.

2020). After this broad overview on structural city models, the master thesis continues exploring

the field of urban morphology for data-driven approaches that go beyond the scope of the ideas

presented so far.

2.4 Exploring Urban Morphology

Urban morphological approaches compare and examine patterns of spatial form. It is a study of

urban tissues which are areas with a homogeneous morphology and functions (see chapter 2.2).

Cities can be seen as composed by a set of different physical elements. It is these fundamental

elements that are similar in each city, yet their diverse composition creates different patterns

and forms distinct urban regions (Oliveira 2016). The complexity of cities is hence reflected by

the unique configuration of their urban patterns (Taubenböck, Debray et al. 2020). To deal with

the complexity of cities, the basic elements can be aggregated and a hierarchical view of cities

can be constructed (Oliveira 2016). Different attempts to classify the basic elements of a city

(such as a CBD or residential areas for example) and to arrange them to structural models or

hierarchical views have been conducted in the past (see chapter 2.3). The urban morphology

can be explored on the scale of individual building types up to the aggregation of larger areas

and cities. The rise of geographic data science in combination with the increasing availability

of geodata allowed data-driven morphometric studies (Fleischmann, Feliciotti, Romice et al. 2021).

The study of urban morphology through the measurement of metric parameters focused for

a long time on connectivity assessments such as the space syntax developed by Hillier (1996).

Representations of space are retrieved from street networks and their spatial relations are

investigated. Place syntax added accessibility and socio-economic attraction measurements to

the parameters (St̊ahle, Marcus and Karlström 2005). A study of Marcus et al. (2017) performs a

step towards an architectural model of pure spatial form by combining the components of space

and place syntax. Yet, this study and the approaches using space and place syntax focus mainly

on functional variables and street networks while leaving out most of the physical characteristics

of buildings. Berghauser-Pont and Haupt (2010) set with the creation of space matrix the

focus on the density of urban blocks. Based on those variables Berghauser-Pont and Olsson

(2017) created a building typology and clustered neighborhoods with multiple buildings, still

leaving aside the concepts of geometry and urban fabric. Moving towards building characteristics,

Dibble et al. (2019) derive morphometric parameters of urban areas enclosed by main streets

and measure their similarity with a hierarchical clustering. On the level of individual buildings

Fleischmann, Feliciotti and Kerr (2021) analyze in their study different historical periods of

city development on the base of morphometric characters. In a next step they develop the

morphometric characterization of buildings to a numerical taxonomy of urban form (Fleischmann,

Feliciotti, Romice et al. 2021). With a hierarchical clustering of individual buildings they are

capable to derive urban types. It is the development towards a reproducible and unsupervised

numerical classification of urban patterns. Still, the use of fine-grained data on the level of
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individual buildings impedes these morphometric studies for a global comparative approach.

More general classification schemes focus on a medium scale and can be generated based on EO

data such as Urban Structural Types (Lehner and Blaschke 2019) or the Local Climate Zones

(LCZs) developed by Stewart and Oke (2012). The exploration of urban morphology based on

global available EO data will be the subject of the following subchapter.

2.5 Urban Morphology through the Scope of Earth Observation

The rise of free EO data promoted their increased usage in scientific studies. The global coverage

allows a consistent generation of knowledge, decoupled from manual data acquisition as used

previously in urban morphological studies. It allows to continue the mathematical approaches in

urban morphology. Yet, the use of EO data for a worldwide investigation of urban areas started

in the recent years.

Early studies attempted to generate knowledge on human settlements based on EO data with land

cover masks mapping urban areas (cf. Small and Sousa 2016). Global products were developed

from spectral EO imagery such as the ’MODIS 500m Map of Global extent’ (Schneider, Friedl

and Potere 2010) or from spaceborne synthetic aperture radar (SAR) data like the Global Urban

Footprint (GUF) with a resolution of 0.4 arcsec (∼12 meter) (Esch et al. 2013). Yet, they

provide only a binary mask without any differentiation, internal structure or texture of urban

areas (Bechtel, Alexander et al. 2015). Urban footprints are used in studies on urban growth

(Taubenböck, Esch et al. 2012) or landscape configurations (Taubenböck, Wurm et al. 2019)

but are of course thematically constrained (Taubenböck, Debray et al. 2020). Also comparative

analyses of urban morphology based on EO data are often limited only to a few cities (cf. Seto

and Fragkias 2005; cf. Cai, Huang and Song 2017).

The challenges for an empirical investigation of cities and their intra-urban structures on a

global scale are manifold. A common definition of a city is a difficult task (see chapter 2.1) and

determining their spatial boundaries poses another challenge. Finding boundaries of urban areas

is important more than ever since these administrative and political units of cities are rather

arbitrary and do not represent their spatial extend adequately (Taubenböck, Weigand et al. 2019).

Furthermore, the subjective cognitive perception of urban morphology makes it hard to find a

global applicable classification system. Hence, there is clearly a need for a comparable framework

to assess intra-urban structures and for a common definition of urban areas. Several studies

overcame these challenges with the help of global EO data and development of classification

frameworks on urban form.

In 2012, Stewart and Oke developed a land cover classification scheme, called the Local Climate

Zones (LCZs), with the purpose of standardizing temperature studies in urban areas. To

investigate urban meteorological effects such as the Urban Heat Island (UHI) effect, a consistent

knowledge of site properties is necessary to standardize measurements and allow intersite
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comparison, since the main causes of UHI are structural and land cover differences (Stewart

and Oke 2012). The LCZs are defined “as regions of uniform surface cover, structure, material

and human activity that span hundreds of meters to several kilometers” (Stewart and Oke 2012,

p. 1884). The developed classification scheme takes several parameters into account such as

the surface structure, surface cover, building materials and a row of further qualitative and

quantitative attributes (Stewart and Oke 2012). The result is a distinction between 17 LCZ

classes, from which ten classes are built types and seven are non-built types (see figure 8).

Even though the classification scheme was developed for UHI studies, it also provides a solid

framework for the description of urban configurations. The LCZs provide comprehensive

information on their physical characteristics such as urban structures and the urban fabric

(Bechtel, Foley et al. 2015). Therefore, it is no wonder the LCZs soon found their usage in the

field of urban morphology, as similar attempts of categorization have been made in the past (see

for example the structural city models of the Chicago School of Social Ecology 2.3). Of course,

like all classifications, the LCZs are restricted in their function (Stewart and Oke 2012) and

imply homogeneous structures (Bechtel, Alexander et al. 2015). Yet, they rely on “universal,

standardized and measurable parameters of urban form” (Taubenböck, Debray et al. 2020, p. 2)

and hence allow a global comparative approach of urban morphology.

First attempts for mapping LCZs with the use of EO data were conducted by Bechtel, Alexander

et al. (2015) which showed to be a challenging task due to the different spectral properties in

the distinct regions of the world. They provide a conceptual classification protocol and publish

results of tested cities in the World Urban Database and Portal Tool (WUDAPT) (Ching et al.

2018), but the community-driven mapping approach is not suited for large scale mapping.

After a series of further mapping attempts (cf. Yokoya et al. 2018; cf. Hu, Ghamisi and Zhu

2018) the work of Qiu, Mou et al. (2019) and Qiu, Schmitt and Zhu (2019) achieved a reliable

mapping of LCZs on a global scale with a resolution of 100m ∗ 100m. By combining a recurrent

network and a residual neural network (ResNet) the LCZ classification of Sentinel-2 (S2) multi-

seasonal imagery achieved an accuracy of 86.7% (Qiu, Schmitt and Zhu 2019). Even though

there is room left for improvement regarding the achieved accuracy and the limited separability

of specific classes, it is the first global classification product with structural information on

urban morphology that goes beyond a binary mask. With this mapping a comparison of urban

morphology on a global scale is possible, yet an applicable delineation of urban areas is missing.

The built LCZ classes 1-10 can somehow be seen as urban areas, however they do not define the

border between a city and its surroundings.

The question where settlements change from urban to rural was tackled by Taubenböck, Weigand

et al. (2019) with the development of Morphological Urban Areas (MUAs) based on EO data.

They understand urban areas as “places dominated by the built environment” (Taubenböck,

Weigand et al. 2019, p. 2) which include roads, buildings and other human-built elements. By

combining GUF data, information on the building density and Open Street Map (OSM) data,
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Built types

LCZ 1
Compact high-rise

LCZ 2
Compact midrise

LCZ 3
Compact low-rise

LCZ 4
Open high-rise

LCZ 5
Open midrise

LCZ 6
Open low-rise

LCZ 7
Lightweight low-rise

LCZ 8
Large low-rise

LCZ 9
Sparsely built

LCZ 10
Heavy industry

Non-built types

LCZ 11
Dense trees

LCZ 12
Scattered trees

LCZ 13
Bush, scrub

LCZ 14
Low plants

LCZ 15
Bare rock or paved

LCZ 16
Bare soil or sand

LCZ 17
Water

Local Climate Zones Built types
represented as LCZ 1-10.

Local Climate Zones Land cover
types represented as LCZ 11-17.

Figure 8: Local Climate Zones (LCZs) with 17 classes defined by Stewart and Oke (2012). The
LCZs characterize specific configurations of the built-environment which is represented by LCZ 1-10
and the non-built environment represented by LCZ 11-17. Visualization of the LCZs reprinted from
Stewart and Oke (2012, p. 1885).

the morphological settlement index (MSI) was developed to define a cut-off within a sectoral

monocentric city model, determining the MUAs boundary (Taubenböck, Weigand et al. 2019).

The method was applied to all cities with more than 300.000 inhabitants (representing the status

in 2015, cf. United Nations 2015), resulting in 1692 MUAs worldwide (Taubenböck, Weigand
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et al. 2019). This consistent method provides a comparable database on a global scale respecting

the reality of urban extents compared to the arbitrary administrative units. This includes the

merge of multiple cities to urban agglomerations, if their theoretical boundaries (based on the

developed model) are overlapping. The usage of a monocentric city model limits the adequate

delineation of polycentric cities, yet it is suitable enough for a simplified urban spatial model.

The LCZs describing urban morphological characteristics and the MUAs delineating city

boundaries, both in a comparable way, provide a baseline for the investigation of urban

morphological features across the world. Taubenböck, Debray et al. (2020) aim to examine the

intra-urban morphological attributes and group cities with similar spatial configurations. They

developed a framework for an empirical study based on the LCZs classified by Qiu, Schmitt and

Zhu (2019) and the MUAs of 110 cities, a representative selection across the globe (Taubenböck,

Debray et al. 2020). The authors understand the LCZs as the basic elements that form the

urban morphological configuration of cities through their unique composition. Hence, looking

for similarities and differences between cities can be conducted on the spatial and statistical

distribution of the LCZs. Therefore, they cluster cities on the basis of the statistical proportions

and of the spatial location of the individual LCZ classes inside the MUAs. In their study they

create a feature space based on the LCZs inside the MUAs for each city and cluster the cities

based on this feature space in a second step. Two methods for creating a feature space are

applied:

1) A 17-dimensional feature space is created with the relative coverage of the 17 LCZs.

2) A 1700-dimensional feature space is created with the relative coverage of the 17 LCZs in

100 relative concentric zones around the city center.

Further, they took the size of the MUAs as an additional feature into account, resulting in

four different feature spaces. With an unsupervised approach, a clustering with the k-means

and expectation-maximization methods were performed and the optimal number of clusters

determined via the gap statistic algorithm. As a result, an average number of seven clusters was

found for all possible variations on the choice of feature space and cluster algorithm, even though

the spatial compositions varied slightly (Taubenböck, Debray et al. 2020). Moreover, the seven

city clusters found showed similarities with the theorized cultural areas from Huntington (1993).

The authors conclude that the seven city clusters represent different intra-urban morphological

configurations that can be found around the world. The city clusters form spatial arrangements

that show partially similarities with geographic-cultural areas as proposed in the literature (see

cultural-genetic approach in chapter 2.3). On the other hand, some clusters that span multiple

continents suggest similar urban configurations that are not spatially restricted to the cultural

areas (Taubenböck, Debray et al. 2020).

This study comes with uncertainties regarding the database and the selection of cities used

for the analysis. The distribution of city sizes is not equal among the continents, since only

a representative choice on the largest cities per continent is used in the study. Since the

urban morphological configurations might be influenced by the city size, this could lead to a
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bias regarding the spatial arrangement of clusters similar to the geographic-cultural areas. To

overcome this, a following study with a larger database is of interest. The selection of the feature

space is a reasonable, yet limited approach for the investigation of urban morphology. The

statistical distribution of the LCZ classes describe the city as one object, but they do not reflect

the spatial arrangement. Adding the geographic element of monocentric rings to the feature

space brings in a spatial component, still the statistical distribution of the LCZs is the key feature

inside those rings. Considering this, two cities might have a similar statistical distribution and

thus a similar feature space, but the spatial arrangement of the LCZ classes can be fundamentally

different. Further, the monocentric rings do not always represent the true spatial structure of

cities. Even though the MUAs are developed on a monocentric city model, they result sometimes

in the formation of urban agglomerations from merged MUAs (cf. Taubenböck, Weigand et al.

2019). In consequence, those merged MUAs are composed by multiple monocentric models and

hence limit a comparison of cities based on a monocentric ring feature space (see for example the

Pearl River Delta in Taubenböck, Weigand et al. (2019)).

Nevertheless, the study of Taubenböck, Debray et al. (2020) is a first step towards a consistent,

scalable and unsupervised comparative approach of urban morphological configurations around

the globe. They found spatial clusters of cities with similar urban configurations using a

quantitative data-driven approach. An investigation on why the spatial patterns appear is

promising to give interesting insights and might even lead to the development of new theories

and paradigms in the field of urban geography. Due to the controversy about cultural areas, a

comparison with geographical areas might be more expedient. So far, patterns of intra-urban

configurations (represented by the LCZs) are investigated mostly in their statistical, less in their

spatial composition. This master thesis aims to overcome some of these weaknesses with a new

method and an extensive database.
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3 Framework and Research Questions

In the previous chapter, a brief overview on the current state of the art was presented. New

solid datasets like the LCZs and MUAs were created and provide the basis for a comparable

research framework in the field of urban morphology. First approaches in a global comparison of

morphological configurations were conducted and give hints on the formation of geographical

clusters of cities with similar characteristics (cf. Taubenböck, Debray et al. 2020). Yet, the

limitations of the previous studies call for a more sophisticated methodology and a larger database.

This master thesis aims to go one step further in the investigation of urban morphological

configurations. The LCZs classification developed by Stewart and Oke (2012) is a good approach

in the description of urban structures and can be seen as the basic units composing a city. This

master thesis focuses not only on the statistical distribution of classes, but also on their spatial

arrangement inside a city and the formation of morphological patterns. A morphological pattern

can be seen as a re-occuring spatial arrangement of similar urban configurations, represented by

the LCZs, that can be found in multiple cities. This results in a more significant meaning of

morphological configuration, since it brings in the key component of any geographic analysis:

space. Once patterns of morphological configurations are found, a comparative analysis of cities

based on these results is more meaningful. With the LCZs mapping by Qiu, Schmitt and Zhu

(2019) and the MUAs developed by Taubenböck, Weigand et al. (2019), this master thesis

intends to apply new experimental approaches of unsupervised learning to investigate urban

morphological configurations. The objective is a comparative analysis on a larger database of 1569

urban agglomerations which include all the MUAs provided by Taubenböck, Weigand et al. (2019).

Within this framework following research questions are formulated for this master thesis:

1) Is it possible to find patterns of urban morphological configurations based on the LCZs

across the world?

2) And if yes, do cities form geographical clusters when comparing them based on the found

patterns?

The framework of this master thesis is further expanded by two ablation studies. The formation

of geographical city clusters is examined additionally by (i) clustering only the 110 MUAs used in

the study of Taubenböck, Debray et al. (2020) and (ii) clustering all MUAs with the methodology

developed by Taubenböck, Debray et al. (2020).
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4 Methodology

This chapter begins with an introduction to the theoretical background on the methods used in

this master thesis. In the second part, the data used for this work are presented. In the third

part, the methods and analyses of this master thesis are explained in detail.

4.1 Theoretical Background

To begin the theoretical background, some general thoughts on the framework implementation

with the use of machine learning methods are made. Following, the fundamental concepts of

neuronal networks used in computer vision are explained. The theoretical background of the

methodology is concluded with a short review of the state of the art methods on unsupervised

image clustering.

4.1.1 Conceptualization

In the research framework, the aim for finding urban morphological patterns as re-occuring

spatial arrangements is formulated. But from which perspective can this issue be tackled and

how exactly is it possible to find those patterns? To answer these questions, some theoretical

considerations have to be made.

A pattern found in the objects of investigation induces a certain degree of similarity among the

elements belonging to it. Further, elements that are part of a found pattern are more similar to

each other than they are to elements belonging to a different pattern. This leads to the necessity

of making comparisons and comes to a result of similarity or dissimilarity. To do so, in a first

step the characteristics of an object need to be described through elementary properties (Sonka,

Hlaváč and Boyle 2008). Second, based on these properties a comparison and the search of

patterns can be conducted.

It is clear, that a manual comparison for such a large database is not feasible. To process such

large amounts of data and to eliminate the ’subjective’ view and errors produced by humans,

this task is best to be performed by a more ’objective’ computer algorithm. The fast evolving

field of machine learning analyzes data through mathematical algorithms to detect regularities

or abnormalities, patterns and perform classification, clustering and regression tasks. Automatic

pattern detection can be conducted in two ways:

(i) A syntactical approach describes a pattern through the inter-relationship of sub-patterns.

With it comes the need for a formal grammar, a set of rules, which define the membership of

a pattern. Within the framework of this master thesis, this could be achieved by creating a

syntax including the type of LCZs as the sub-elements and the spatial organization as their

relationship. But the problem of finding and defining patterns is just postponed to the element

of sub-patterns. A city can be divided into subsets which can be divided further up to the atomic
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elements of the single LCZ classes. Building manually a typology from those basic elements up

to the aggregation level of cities is not practicable. A formal qualitative description of a pattern

requires a profound empirical knowledge on urban morphological patterns which does not exist

to this date. In conclusion, this approach is not suited without a prior knowledge on urban

patterns.

(ii) A statistical approach calculates the likelihood for an object to belong to one or to another

pattern. It has no pre-built rules like the syntactical approach, instead it is a mathematical

function that assigns the object to a category, based on its properties. Considering the aim of

this master thesis, the properties of cities (or subsets of cities) can be measured and patterns

may be found through a mathematical model. This approach is better suited, since it does not

require a prior knowledge on the searched patterns. Yet, it requires an adequate data description

and careful model selection to achieve the desirable results. Therefore, a closer look at the

possibilities of statistical pattern recognition is taken.

Figure 9: Typical workflow used in statistical pattern recognition (own illustration). It consists of
data preparation (orange), preparation of the feature space (blue) and a statistical model (green).
In the process of development, all components can be adapted (yellow) to achieve the desirable
results. When building a framework for pattern recognition, all components underlie a constant
adaptation and reconfiguration (yellow) achieve the desirable results. At the beginning, the data are
pre-processed if necessary to a form suitable for machine processing. Features are then extracted
and a feature space is built. Dependent on the data, a feature reduction may be performed to avoid
the curse of dimensionality. If it is possible to label training samples, a supervised classification task
can be performed. Else, an unsupervised clustering may be an option.

Figure 9 shows a typical workflow used in a statistical machine learning approach. In a first step

the database is pre-processed to a form suitable for machine processing. Second, the properties

that describe an object have to be measured and extracted. These selected properties, also

described as features, form a feature space which is the basis for distinguishing and finding

patterns (Beyerer, Richter and Nagel 2018). A feature reduction can be performed to remove

redundant characteristics of the feature space (Géron 2020). The more dimensions a feature

space has, the more data are necessary to avoid the danger of overfitting the model (Géron

2020). This phenomenon is called the curse of dimensionality. Since data are usually scarce or

limited to a certain degree, the feature space needs to be adapted to the existing database. The

feature space is the foundation on which the search of patterns is conducted. Generally, two

main approaches exist in machine learning:
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In supervised machine learning, the task is to assign objects to previously defined classes (patterns)

based on similarity properties (Beyerer, Richter and Nagel 2018). Therefore, an algorithm is

trained with labeled training samples to ’learn’ and generalize the properties of the searched

patterns (Géron 2020). A trained classification algorithm then can be used to detect and classify

patterns it has ’learned’ in unknown data. But again, it requires an a priori knowledge on

patterns to label data and create a set of training samples (Sonka, Hlaváč and Boyle 2008). A

formal definition is needed to collect samples and create a classification system of individual

urban morphological patterns, which does not exist in the context of this master thesis.

This leaves the unsupervised approach in pattern recognition. It does not require training data

and learns without supervision (Géron 2020). The goal is to group similar elements into clusters

without prior knowledge on the resulting clusters. Thus, it allows a data exploration with a

high impartiality and reduce possible biases. This method seems best suited for an explorative

analysis to find urban morphological configurations. Yet, it requires a clear definition of the

feature space on which the search of patterns should be conducted and a suitable choice of

clustering algorithm.

Considering that there are many choices on the design of a clustering algorithm, is there one

that performs best? Chen and Peter Ho (2008) answer this theoretical question with a clear

no, since the result and thus the performance of an algorithm is always dependent on the data,

the pre-processing and the selection of the feature space. To choose a reasonable model, it is

essential to make assumptions on the data that are used. Some data can be described best by a

linear model, while other data can be modeled better by artificial neural networks. This is known

as the no free lunch (NFL) theorem which was formalized by Wolpert (1996). It states that

all algorithms perform equally well “when averaged across all possible problems” (Wolpert and

Macready 2005, p. 721). The only way to ensure the best model is to test all possible algorithms

on the dataset (Géron 2020). Géron concludes that since this is not feasible, the best way is

to make assumptions on the data and base thereon a reasonable design of classifiers. So far,

this master thesis already made some theoretical assumptions on urban morphological patterns.

For the methodological implementation of the framework, this will be continued with the data

preparation and the choice of feature space (see figure 9).

To find urban morphological patterns, the search has to be conducted in a comparable framework.

This concerns especially the design of a feature space. The database consists of cities with

different sizes. This poses a major challenge, since patterns should have a similar extent to be

comparable. A solution is to look at subsets of cities with a similar size, with the intent to

recognize patterns as the spatial arrangement of the LCZs. Taubenböck, Debray et al. (2020)

create their own feature space based on the relative coverage of the LCZs inside the city or inside

concentric zones around a monocentric city center. The first method does not include any spatial

relation and the latter only in a limited way (see chapter 2.5).
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The LCZs can be regarded as image data, with the class representing a pixel value while the MUAs

determine the boundary of the image. An image is already in a machine readable form. It can be

broken down to a subset of smaller image parts. The creation of subsets with a comparable size

allows the uniform search for patterns with an unsupervised clustering approach. Following, the

similarity of cities can be described through the similarity of patterns that is found in their subsets.

“Capturing the complexity of urban form requires more than the characterization

of street networks and a handful of other measurable characters.” (Fleischmann,

Feliciotti and Kerr 2021, p. 2)

To conduct an explorative search of urban morphological patterns, a feature space that represents

those informations needs to be developed. Since it is not possible to formalize a logic of urban

patterns, the manual development of a suitable feature space seems unrealistic. Every feature

selection would mean a formalization of those. To avoid this, a simple and pure assumption is

made: An image itself is a pattern of spatially arranged LCZs and contains thus all information

necessary. Hence, instead of constructing a sophisticated feature space, the search is conducted

directly on the subsets of cities.

Having a basic idea of the database on which the search can be conducted, it is time to

make assumptions on the clustering algorithm. Geographical data have often continuous

properties without hard boundaries. Therefore it is questionable if homogeneous patterns

of urban morphological configurations can be found. It is more likely that urban morphological

patterns will have a typological overlap. Considering the LCZ database, a clustering algorithm

should not perform a hard classification that assigns an image exclusively to a cluster (Jensen

2005). Hence, a fuzzy clustering algorithm that assigns a partial membership to different classes

(patterns) would be better suited. It is still possible to associate an image with a specific class

(based on the highest probability), yet a fuzzy membership contains information on a partial

overlap with other classes. In this way, it is possible to achieve a better representation of the

morphologic reality. Further, it allows a continuous similarity measurement when comparing the

found patterns. With these general thoughts and assumptions on the methodological concept,

the master thesis continues with an introduction to neuronal networks used in computer vision

and takes a look at suitable machine learning methods.

4.1.2 Introduction to Deep Learning in Computer Vision

To ensure an understanding of the methods presented and used in this master thesis, this

subchapter provides an introduction to the field of deep learning in computer vision. It starts

with the basic elements of a neural network, the neurons, which can be connected to complex

architectures. Based on this foundation, the concept of specialized state of the art networks for

image processing are explained. They will play a key role in the methodology of this master thesis.
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Figure 10: A single threshold logic unit (TLU)
used in the perceptron developed by Rosenblatt
(1958) (own illustration). The sum of the
weighted input is given to an activation function
(for example equation 1) and results in the
output hw(X) = f(XTw)).

Figure 11: The postcentral gyrus, a part of the
cerebral cortex, reprinted from Ramón y Cajal
([1899] 1988, p. 214). The biological neurons are
highly connected with each other and form a
biological neural network. A structure of more
and less dense ’layers’ can be observed. The
image is a visualization where the inspiration
of ANN architectures originates from. Similar
to the biological version, layered structures of
TLUs can be used to build complex networks.

Artificial neural networks (ANNs) are machine

learning models inspired from the architecture

of the biological neurons in our brains. The

initial idea came with the first architecture of

an ANN developed by McCulloch and Pitts

(1943). But it took several decades up to

the 1990s, after a focus on other machine

learning methods, for the idea to experience

a revival in scientific research (Géron 2020).

This is due to bigger amounts of available

training data, development of new network

architectures and algorithms, improvements

of graphical processing units (GPUs) and the

increase of computational power, which all play

an important role in ANNs.

A simple architecture of an ANN is the

perceptron invented by Rosenblatt (1958). A

single unit, which imitates a neuron, is called

a threshold logic unit (TLU) (see figure 10).

It calculates the weighted sum z = XTw of a

numerical input X = {x1, ..., xn} and applies

an activation function f(z) = f(XTw) to the

result (specific activation functions will be

presented later). The numeric output of the

perceptron is written as hw(X) = f(XTw).

The TLU is a single elementary processor of a

network. Multiple TLUs can be combined by

using the output of one as the input of another

one (Sonka, Hlaváč and Boyle 2008). This idea is similar to the neural connections in our brain,

which transmit electrical impulses. Figure 11 is a drawing from Ramón y Cajal of neurons in a

human cerebral cortex. It shows the highly interconnected neuronal cells within more and less

dense ’layered’ structures, bringing up the idea of building similar artificial networks.

Using multiple TLUs next to each other form a layer. If all TLUs are connected to all neurons of

the input layer, it is called a dense layer. Usually, an additional bias-neuron b is added to each of

the TLUs layers (Géron 2020). The output of a dense layer is hW,b(X) = f(XW + b). Stacking

an input layer with one or more hidden layers of TLUs and a final TLU output layer (as shown

in figure 12) forms a multilayer perceptron (MLP). Several activation functions exist to introduce

non-linearity to the model. An activation function frequently used due to its fast calculation in

the hidden layers of ANNs is the Rectified Linear Units (ReLU) function (see equation 1). If

z ≥ 0 the output is linear, else the output is 0 (rectified) (Beyerer, Richter and Nagel 2018).
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fReLU (z) = max(0, z) (1)

In a MLP each layer is fully connected with the following layer. When neurons of one layer

are connected only to the following layer and not to themselves, it is a feed-forward network

(Beyerer, Richter and Nagel 2018). The input data of a network are represented in the image

space I. It travels in one direction towards the output, which is called the embedding space E

(Sonka, Hlaváč and Boyle 2008).

Figure 12: Multilayer perceptron (MLP) with
one hidden layer and a softmax activation
function on the output layer (own illustration).
The input layer (green) passes the input data to
the following TLU layer (blue). Each TLU of a
layer has individual weights for the input. The
added bias (yellow) is shared across the layer.
An activation function is applied and the output
is used as the input for the next TLU layer.
For clustering, a special activation function like
the softmax function can be applied on the last
layer.

To train a network such as the MLP shown

in figure 12, the weights are initialized first

with random values. The goal of the training

process is to adapt the weights of a network

in such a way, that the input of the network

produces a requested output. In a supervised

way, this may be the already known labels of

a given image. The tasks to train a network in

an unsupervised and self-supervised way will

be discussed later in section 4.1.3. Typically,

the training data are divided into mini-batches

to accelerate the training process.

But how is it possible to adapt the weights

of a network, given an input and the

desired output? For feed-forward networks,

the back-propagation algorithm developed by

Rumelhart, Hinton and Williams (1986) is

used. In a first step, data are passed through

the network to the output. For a mini-batch, each instance is fed to the input layer and passed

through to the next layers (feed-forward). The intermediate results of each layer are kept.

When using a MLP for classification tasks, the output layer has a neuron for each class c in

C = {c1, ..., c|C|}. The values of the output layer in the embedding space E are called logits.

It is a |C|-dimensional vector z. The logits are passed to a softmax activation function (see

equation 2) to ensure that the probabilities of belonging to one or to another class are in the

range [0, 1] and sum up to 1 (Géron 2020).

fsoftmax(zi) =
exp(zi)

C
∑

j=1

exp(zj)

for i = 1, ..., |C|. (2)

The output layer is then compared with the desirable result and an error is measured with a

loss function L. In the second step, the back-propagation is performed. The gradient of the
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error is calculated to see how the weights and the bias of the previous layer need to be adapted

to minimize the error (and thus get the desired output). Going backwards, this is performed

for all previous layers based on the stored intermediate results (back propagation). Having

processed the whole mini-batch, the gradient descent is performed in a gradient-step. When

all mini-batches have run through the network, the model was trained for one epoch. A model

is commonly trained for multiple epochs. To allow the calculation of gradients, the activation

functions are ideally continuous functions.

Convolutional neural networks (CNNs) are specialized architectures to work with multi-dimensional

image data in the field of computer vision. They perform well in tasks like object recognition,

object detection and semantic segmentation. A CNN takes the entire pattern (an image) as an

input (Beyerer, Richter and Nagel 2018). The information of each pixel is given to an input

neuron of the network. Based on the previous concept of artificial neurons, two essential elements

of a CNN are now introduced, the convolutional layers and the pooling layers. Together, they

form the architecture of a CNN.

The neurons of a convolutional layer are not fully connected with the neurons of the input layer.

Instead, the weighted sum of a small receptive field, again with a set of weights and a bias, is

connected to a single neuron. The receptive field slides on the input layer, each time calculating

the output of a new neuron (see figure 13). It functions as a (through the training process

adaptable) filter applied to the input layers. Multiple input layers can be transformed with one

receptive field to a single convolutional layer. Multiple receptive fields create, each with their set

of individual weights, a convolutional layer. These layers can be stacked to one convolutional

block, which again can serve as input data. The creation of a convolutional layer is controlled

with three important parameters. The kernel size of the receptive field determines how many

neurons from the input layer are connected to the new neuron. The stride determines the offset

of the receptive field. The padding determines how many rows with which values are added

around the input image. Since the size of the output layer is reduced from the input layer, a

padding can be added to keep the size of the original input layer. A zero padding adds the value

0 around the input image, the receptive field now slides on this extended input and produces an

output equal to the original extent of the input image (also referred to as ’same’-padding). A

valid padding adds no values and simply ignores the input if the perceptive field exceeds the

borders.

A common problem with CNNs is the high number of parameters that need to be stored for

training the network with a back-propagation. When using multiple receptive windows, stacking

multiple convolutional layers to one block and building deep networks with multiple blocks, the

number of parameters and amount of storage space grow very fast. To avoid this, pooling layers

are used to reduce the number of parameters (neurons) in a network. Further, they have the

capability to improve the tolerance for noise in the data and reduce the risk of overfitting (see

the curse of dimensionality in chapter 4.1.1). A max-pooling layer, for example, sub-samples the

input layer by passing only the maximum activation value of a small receptive window to the
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Figure 13: Example of creating a convolutional
layer (own illustration). The receptive window
with a kernel size 3x3 neurons slides on the
input image with a stride of 1. Each time the
output of a new neuron is calculated. To keep
the original input extent (same-padding), a zero
padding is added to the input layer.

Figure 14: Example of a max-pooling layer
(own illustration). The receptive windows has a
kernel size of 2x2 and moves with a stride of 2
neurons. The maximum value of the kernel is
passed to the next layer. Here, a valid padding
is used, meaning some rows and columns are
ignored if the perceptive field exceeds the border.

following layer (Beyerer, Richter and Nagel 2018). Average-pooling layers take the average of

the values in a receptive window. The example of a pooling layer with a valid padding is shown

in figure 14.

Now, building a CNN architecture includes typically convolution blocks with an increasing

number of layers, followed by pooling layers to decrease the layer size. Deep networks can be

built by stacking this combination multiple times. Figure 15 shows an exemplary architecture

of a CNN capable of clustering images. Low level-features are learned in the first convolution

blocks and aggregated to high-level features in the following blocks. A fully connected MLP

appended to the end is used as a cluster-head to perform a clustering or classification of images.

Figure 15: Example of a CNN architecture (own illustration). Beginning from the input layers, a
block of convolutional layers is created. By doubling the number of kernels, the number of layers
also doubled and passed through a ReLU activation function. The following max-pooling passes the
maximum activation value in a kernel to the neurons of the next layer and thus reduces the layer
size. Both steps can pe performed multiple times, increasing the number of layers on one side while
reducing the layer size on the other side. Towards the end, an average-pooling can be performed. It
aggregates the average of each layer towards one output neuron. For clustering, a fully connected
MLP (as shown in figure 12) can be added.
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Building deeper networks increases the capability of learning more complex feature representations,

yet they were difficult to train. The problems of vanishing or exploding gradients could be tackled

by the normalized initialization of weights (Glorot and Bengio 2010) and batch normalization

(BN) of intermediate layers (Ioffe and Szegedy 2015). Still, a degradation problem remained,

meaning deeper networks performed worse than shallower networks (He, Zhang et al. 2015a).

This could be resolved through residual learning introduced by He, Zhang et al. (2015a), now

allowing to build and effectively train very deep networks. Their new residual neural network

(ResNet) architecture is composed of multiple stacked residual units. Within a residual unit, the

input x is mapped by multiple successive layers g(x). Through a shortcut connection, the input

is added to the mapping and results in the output h(x) = g(x) + x (see figure 16a). An example

for using this concept for convolutional layers is shown in figure 16b. If the dimensions are

kept, the shortcut connection can directly be added to the output of the mapping g(x). When

changing the dimensions (for example doubling the number of layers from d=64 to d=128 while

halving the size with a stride s=2) within the mapping g(x), the dimensions of the shortcut

connection are adapted with a 1x1 kernel and a stride of 2 as shown in figure 16c. Within the

ResNet architecture, multiple residual units are stacked together, for example figure 16b can be

used as the input for figure 16c.

(a) Schema of a residual
unit with two weighted
layers and a shortcut
connection.

(b) Residual unit without
change in dimensions. The
shortcut is added directly to the
output.

(c) Residual unit with change in
dimensions. The shortcut connection
is adapted to match the output.

Figure 16: Concept of residual blocks (own illustration). A ResNet can be built by stacking multiple
residual blocks, using the output of one block as the input for the following block.

Based on this short introduction on ANNs, the next subchapter continues with state of the art

methods in unsupervised image clustering that are of interest for this master thesis.

4.1.3 Methods for Unsupervised Image Clustering

The unsupervised clustering of images is a major challenge in computer vision. The aim is

to group a set of images D = {X1, ..., X|D|} into semantic similar classes C = {c1, ..., c|C|}. A

cluster algorithm determines the class membership of an image and assigns it to a class with

similar traits (Park, Han et al. 2020). Since this challenge in computer vision is not new, there is

a vast variety of fast improving algorithms that compete for comparability on image benchmark
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datasets (cf. Papers with Code 2022). This subsection reviews a range from simple to current

state of the art methods on unsupervised image clustering.

Reviewing the chapter ’Conceptualization’ 4.1.1, each pixel of an image represents a value in

a specific location. A pixel is therefore a feature of this image. Hence, it is possible to build

a feature space out of the pixels of an image and cluster images based on this feature space.

This very simple approach can easily detect identical images, but is not capable of recognizing

semantic similarities. The method is vulnerable to slight offsets, rotation and differences of an

image, since the location of a pixel value changes. It is assumed, that no two identical urban

morphological patterns will be found. Instead, a class representing a type of urban morphology

consists of a set with similar, but not identical images. Thus, a method that allows a certain

degree of generalization is required to answer the research question.

Sequential approaches introduce generalization to a model by reducing the high-dimensional

feature space of an image. It is possible to transform the feature space to a low-dimensional

embedding space E or extract relevant features. This can be done through a principal component

analysis (PCA) with a simple linear dimensionality reduction (cf. Ding and He 2004) or

autoencoders which perform a parametric feature extraction (encoder) to an embedding space E

and try to reconstruct the image space I (decoder) (cf. Baldi 2012; cf. Bourlard and Kamp 1988).

Conventional density- or distance-based clustering methods can be applied on the embedding

space E, but the extracted features of these models are not well suited for semantic clustering

(Park, Han et al. 2020).

Recent advances in self-supervised learning within a CNN architecture allow more sophisticated

feature extraction by solving pre-defined tasks, called pretext tasks. A pretext task τ is used

to build an embedding space E and force the underlying network Φ to learn relevant semantic

features of an image. The idea is to make transformations T (X) of an image X agree with each

other in the embedding space E (Chen, Kornblith et al. 2020). These representations are learned

solely through the image itself, by adapting the weights Θ of a neural network ΦΘ. Examples for

pretext tasks are jigsaw puzzles (Noroozi and Favaro 2016), predicting image colors (Zhang, Isola

and Efros 2016), rotation prediction (Gidaris, Singh and Komodakis 2018) or reconstructing the

missing parts of an image (Pathak et al. 2016). In a second step, either a cluster-head is added

and trained in a semi-supervised way (which is commonly used to compare the performance of

the learned representations on a benchmark dataset) or an unsupervised clustering is performed

directly on the embedding space of the pre-trained network. Contrastive learning methods

combine these augmentations and achieve good results on benchmark datasets (Niu and Wang

2021). Especially the Simple Framework for Contrastive Learning of Visual Representations

(SimCLR) developed by Chen, Kornblith et al. (2020) outperformed previous work and showed

the capability of learning high-level semantic features in an unsupervised way.

End-to-end pipelines like Deep Cluster (Caron et al. 2018), Deep Embedded Clustering (Xie,

Girshick and Farhadi 2016) and Deep Adaptive Image Clustering (Chang et al. 2017) use combined
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approaches of feature learning and clustering. Features are learned through transformations

tasks and pseudo-labels are assigned to the images. The weights of the underlying network are

then updated by trying to predict these pseudo-labels. This means the learning of features and

the clustering of images goes hand in hand. A constraint in learning meaningful representation

in these end-to-end pipelines approaches is that they are sensitive to the network initialization

and may focus only on low-level features (Gansbeke et al. 2020).

A two-step approach in unsupervised image classification is the framework Semantic Clustering

by Adopting Nearest neighbors (SCAN) delevoped by Gansbeke et al. (2020). It was state of

the art on four benchmark datasets in 2020 (cf. Papers with Code 2022). They combined the

self-supervised representation learning and the end-to end approach in a two-step framework

leveraging the achieved accuracy on the benchmark datatsets CIFAR10 to 88.3%, CIFAR 100-20

to 50.7% and STL10 to 80.9% and outperforming previous methods by large margins (Gansbeke

et al. 2020).

Figure 17: Example clusters achieved with SCAN on the ImageNet-1000 benchmark dataset,
reprinted from Gansbeke et al. (2020, p. 23). It is a beautiful example of the algorithm capability to
cluster semantically similar images without using labels.

Figure 17 shows a clustering example achieved with SCAN on the ImageNet-1000 dataset. These

results are astonishing, considering they have not used any labels for the image clustering. The

framework trains in a first step a CNN ΦΘ by solving a self-supervised pretext task τ to learn

semantically meaningful image representations. Any pretext task that minimizes the distance d

between an image X and its transformation T [X] in the embedding space E can be used (see

equation 3).
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min
Θ

d(ΦΘ (X), ΦΘ (T [X])) (3)

Gansbeke et al. (2020) adopt the SimCLR framework for benchmark datasets with up to 20

classes and the Momentum Contrast for Unsupervised Visual Representation Learning (MoCo)

framework (He, Fan et al. 2019) for the ImageNet dataset with 1000 classes. They empirically

found that in many cases the neighbors in the embedding space E of the pre-trained network ΦΘ

belong to the same semantic class. In a second step, they initialize a CNN Φη with the learned

weights from ΦΘ and train it to cluster an image X together with its k-nearest neighbors NXi
.

This two-step approach enables to retrieve high-level features a priori to the cluster learning

(Gansbeke et al. 2020). Yet, the SCAN framework has some drawbacks. The k-nearest neighbors

NX contain noise, meaning not all nearest neighbors belong to the same semantic cluster. When

using false samples in the early stage of training, the model can become overconfident and cause

false predictions (Park, Han et al. 2020).

The remarkable results of Gansbeke et al. (2020) were even further improved through the Robust

learning for Unsupervised Clustering (RUC) framework developed by Park, Han et al. (2020)

which was state of the art on four benchmark datasets in 2021 (Papers with Code 2022). It is

an additional module to existing clustering approaches (such as SCAN) developed to overcome

some of their restrictions. RUC considers an already clustered dataset with pseudo-labels as

noisy with miss-classified samples. During a re-training process, unclean samples are filtered via

three possible sampling strategies: (i) a confidence-based strategy selects samples by a confidence

threshold, (ii) a metric-based strategy trains an additional embedding network (for example

SimCLR) to measure the credibility based on the k-nearest neighbors and (iii) a hybrid strategy

combines both methods. The model then is re-trained only with the clean samples via robust

learning techniques (Park, Han et al. 2020). The overconfident results of the previous model

are softened and re-calibrated. The best accuracies were achieved through a combination of

the SCAN and RUC framework, on the CIFAR-10 and STL-10 benchmark datasets with the

confidence-based strategy and on CIFAR-20 with the hybrid-strategy.

Would it be possible to adapt the presented state of the art methods to answer the research

questions of this master thesis? Finding spatial patterns of urban configurations in the database

of the LCZs should be similar to the task of clustering semantic similar images of benchmark

datasets. Yet, the LCZs pixel values represent categorial data, while the benchmark dataset

images usually show a single object with gradient pixel values in a Red, Green and Blue channel.

For example, one image of a white dog and one of a grey dog would still show the semantically

similar object of a hypothetical class ’dog’. This means, the exact pixel values of both images

matter less then the actual semantic object in the image. Opposite to this, differences in the

categorial pixel values of the LCZs matter more, since an image consisting of the LCZs class 1

and another image with class 2 show fundamentally different urban configurations (see figure 8).

Hence, the presented methods cannot be adopted directly. However, it is assumed that adapting

the state of the art methods to the characteristics of the LCZs dataset might produce acceptable

32



results. This assumption is made considering that there is no possible way of verifying the

results of the explorative search on urban morphological patterns. Hence, the best performing

state of the art methods might be the best choice to cluster unsupervised images and thus find

intra-urban patterns and answer the research question of this master thesis.

In conclusion, this master thesis adapts the SCAN framework with the SimCLR implementation

to find spatial urban morphological configurations in subsets of cities. Additionally, the RUC

framework is implemented to correct miss-classified images and allow a more fuzzy class

membership, compared to the overconfident results produced by SCAN. Concluding the theoretical

background, the master thesis continues with the presentation of the data that will be used for

this analysis.

4.2 Data Basis

In this subchapter the data basis used in this master thesis is presented. It consists of the

LCZs to describe the urban morphology and the MUAs to determine the boundary of urban

agglomerations. Essential for the usage of both datasets is the acquisition date from 2019. This

ensures consistency in the delineation of the urban areas.

4.2.1 Local Climate Zones

The Local Climate Zones (LCZs) mapping developed and provided by Qiu, Schmitt and Zhu

(2019) dates from 2019. It is an enhanced version of the database used by Taubenböck, Debray

et al. (2020), consisting now of 1692 raster tiles covering urban areas around the world. The

raster tiles are provided in their local WGS84 / UTM Zone projection. Some of the LCZ tiles are

partially overlapping. The border of the raster tiles show occasionally stripes of miss-classified

LCZs. The false data are likely an implication of processing the underlying remote sensing data.

The size of the miss-classified stripe varies, but it does not exceed 3% of the complete raster tile

size on each of the four edges. The overall accuracy of the LCZs mapping product is given with

86.7% (Qiu, Schmitt and Zhu 2019).

4.2.2 Morphological Urban Areas

The Morphological Urban Areas (MUAs) are developed and provided by Taubenböck, Weigand

et al. (2019). The dataset consists of 1569 shapefiles delineating the boundary of the MUAs.

The data are provided in the World Geodetic System 1984 (EPSG:4326). The MUAs delineate

the boundaries of urban areas and partially exclude areas with water (as seen in figure 18). A

full list of the MUAs is provided in table 7, found in the appendix.
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Figure 18: Mannheim in Germany with the Administrative Area, the Morphological Urban Area
(MUA) and the Local Climate Zones (LCZs). It is a good example of an administrative area not
representing the morphologic reality of urban areas. Partially included to the MUA of Mannheim
is the city of Ludwigshafen, so a MUA can represent urban agglomerations of multiple cities. The
MUAs provide a data-driven consistent delineation of urban areas around the world and allow thus
a comparative approach of urban areas.

4.3 Methods

This subchapter presents the methods and analyses used to answer the research questions. First,

the data are cleaned and prepared for the unsupervised image clustering (chapter 4.3.1). Second,

the unsupervised image clustering is performed using an adaption of the SimCLR and SCAN

framework (chapter 4.3.2). Third, the clustering results are corrected with the RUC framework

(chapter 4.3.3). Based on the clustered images, which are supposed to represent patterns of urban

morphological configurations, the similarity of cities is calculated (chapter 4.3.4). In a final step,

the cities are clustered on the basis of the calculated similarity (chapter 4.3.5). Additionally, the

methods developed by Taubenböck, Debray et al. (2020) are applied on the extended database of

MUAs (chapter 4.3.6). Figure 19 shows the workflow of the components used in this explorative

master thesis.

4.3.1 Data Preparation

To find patterns of urban morphological configurations and implement the proposed workflow

(see chapter 4.1.3), the LCZs data have to be brought into a consistent form to feed them to

a neural network. The data preparation consists of eliminating false data in the LCZs and

extracting smaller subsets based on the delineation of the MUAs.
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Figure 19: Methodological components of this master thesis. Starting with a data preparation, the
SimCLR and SCAN framework are used to cluster patches. The results are corrected with the RUC
framework. The similarity between cities is calculated based on the clustered patches and the cities
are clustered. For the first ablation study, the number of cities used for clustering is reduced. For
the second ablation study, a 18-dimensional feature space developed by Taubenböck, Debray et al.
(2020) is derived for 1523 cities ans used for clustering.

Figure 20: Edge removal on the LCZ raster tile
of the urban region Dongguan in China. The
raster tile contains a stripe with miss-classified
data.

In a first step, the edges from the LCZ raster

tiles are partially excluded from the analysis.

The size of miss-classified data varies and

cannot be determined unambiguously by its

shape or values. Therefore, 3% of the raster tile

size are cut off each edge. Figure 20 shows a

LCZs raster tile of the urban area of Dongguan

in China. On the left image, the original tile

extent and miss-classified data on the image

border can be seen. The right image shows the

new raster tile extent after the cut off. This

process reduced the raster tile image by a total

of 6% on its x- and y-axis.

In a second step, the MUAs are pre-processed. The LCZ class ’water’ (LCZ-17) is so far partially

excluded from the MUAs (see for example figure 18). This master thesis assumes that the

class ’water’ has an influence on the urban morphological configurations and should therefore be

included to a certain degree. To underline these assumptions with some examples, one might

think about the location of ’heavy industry’ (LCZ-10) near rivers or coastlines for accessibility to

waterway infrastructure, or ’open midrise’ (LCZ-6) buildings representing possible upper-class

single-family houses near recreational areas such as lakes or parks. This brings in the argument

to further extend the MUAs to include more of the ’non-built type’ (LCZ 11-17) surroundings.

The MUAs are very restricted to the actual urban areas (LCZ 1-10), yet the ’non-built types’

might also have an influence on the urban configurations. Therefore, the MUAs are re-projected

to a metric projection (EPSG:3857) and extended with a buffer size of 1000 meters. This buffer

size is chosen quite arbitrarily, but under the consideration of including more of the surroundings

while still keeping the focus on the urban areas.
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Figure 21: The agglomerative urban area of Guangzhou in China. The buffered MUA (red line)
is covered by multiple LCZ tiles in different projections (cyan line in EPSG:32679; yellow line in
EPSG:32650). The LCZs data do not cover completely the buffered MUA, missing data are found in
the bottom right corner.

In a third step, the LCZ raster tiles are adapted to the MUAs. Both datasets do not align well

with each other. Multiple LCZ tiles cover (partially) the MUAs, but also multiple MUAs are

inside a LCZ raster tile. The LCZ raster tiles are sometimes overlapping and have different

projections (respective to their location). As an example, the buffered MUA of Guangzhou in

China is visualized in figure 21 with the available LCZ raster tiles and their projections. The

goal of this step is to prepare a consistent LCZ coverage for each buffered MUA. Hence, the

available LCZ raster tiles have to be merged. For each LCZ tile, the MUAs are reprojected to

the same projection and the overlapping area is calculated. This is done to create a hierarchy for

merging the LCZ tiles. The biggest overlapping raster for each MUA is chosen to be the basis for

merging and reprojection. Descending from the second largest to the smallest overlapping raster,

they are reprojected if necessary and gradually merged to the basis raster. A nearest neighbor

interpolation is used to ensure the consistency of the categorial data. If parts are overlapping,

the LCZs from the biggest raster are kept, while suppressing the data from the smaller raster

tile. When all LCZ raster tiles are merged, the resulting file is clipped with the corresponding

reprojected MUA. The result of the consistent LCZs in the MUA of Guangzhou is shown in

figure 22. There is not always a full coverage of the MUAs with the LCZs. A full overview of the

MUA size, the corresponding LCZs size and the resulting percental coverage of the MUAs is

provided in table 7, found in the appendix.

In a fourth step, the image subsets that will be used in the unsupervised clustering are created.

For each of the pre-processed LCZs linked to a MUA, subsets with a size of 32 ∗ 32 pixels and an
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offset of 10 pixels are extracted, beginning with the top-left corner. Hereby, subsets are only

accepted if the class ’water’ (LCZ-17) does not cover an area greater than or equal to 85% of the

image subset to maintain a focus on the urban morphological configurations. Further, subsets

are rejected if they are not fully covered by LCZ class values.

The size of the subsets is chosen based on two considerations. A subset size of 32 ∗ 32 pixels with

a pixel length of 100m ∗ 100m represents an area of 10.24km2. This can be seen as a balanced

medium scale in which a search on urban morphological configurations can be conducted. A

subset too small would consider not enough of the urban surroundings in the search of urban

configurations and generalize the patterns too much. A subset too large would generalize

not enough and look for too specific urban configurations. This size is assumed to allow a

balanced approach for the search of patterns and the comparability of cities. Moreover, a direct

implementation of the standard ResNet-18 network as used in the framework of Gansbeke et al.

(2020) is possible. Larger subset sizes would need an additional pooling layer or the use of larger

networks and hence more computational power.

Figure 22: The agglomerative urban area of Guangzhou in China with consistent LCZs data.
The LCZs are re-projected if necessary (in this example the yellow LCZ tile from EPSG:32650 to
EPSG:32649) and gradually merged, beginning with the largest overlapping tile. The merged LCZs
are then clipped to the extend of the buffered MUA.

The subsets are overlapping by approximately 2/3 (due to the 10 pixel offset during the extraction

process). This allows a more continuous representations of cities and search of patterns. In

result, a total of P = 316, 536 image subsets for 1523 out of the 1569 MUAs are extracted. 46

cities do not fulfill the subset size or the above mentioned restrictions and have in consequence

no subsets extracted. Those 46 cities are excluded from the analysis. Let D = x1, ..., xP denote
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the datasets with the image subsets x in this work. The subsets of cities are henceforth referred

to as patches. An overview of the number of extracted patches for each city is found in table 7 in

the appendix. Figure 23 shows some exemplary patches, randomly chosen from the large dataset.

In the following subchapter, the search of urban morphological patterns is conducted on these

patches with an unsupervised clustering approach.

Figure 23: An exemplary random selection of extracted patches with 32 ∗ 32 pixels. They will be
used in the following unsupervised clustering. The goal is to cluster patches with similar urban
configurations into the same group and thus find patterns.

4.3.2 Semantic Clustering by Adopting Nearest Neighbors

The aim of this processing step is to cluster the extracted patches x ∈ D intro groups CD.

Patches that are semantically similar should be assigned to the same cluster, while patches that

are considered as dissimilar should be assigned to different clusters. The challenge in grouping

these patches results from the lack of a prior knowledge on the searched patterns. This master

thesis aims to solve this by adapting Semantic Clustering by Adopting Nearest neighbors (SCAN),

a state of the art method for unsupervised clustering. The framework consists of three processing

steps:

1) Solving a pretext task with the SimCLR framework.

2) Clustering patches by adopting nearest neighbors.

3) Improving the cluster results with a self-labeling step.
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Each of these steps makes relevant contributions towards the good results achieved in the work

of Gansbeke et al. (2020). Yet, they need to be adapted to the characteristics of the LCZs data

used in this master thesis (see chapter 4.1.3). Following the methodology of SCAN, adaptations

will be mentioned along the way. The underlying network for all three steps of this framework is

a ResNet-18 architecture (see figure 24). Larger networks (such as a ResNet-50 architecture)

may achieve better results, but they need more processing power and computational time, both

limited in the scope of this master thesis. The ResNet-18 is an 18-layered CNN built with residual

blocks (see chapter 4.1.2). Let a block be a residual block with two convolutional layers as shown

in figure 16. If the dimensions do not change within a block, the architecture of figure 16b is used,

else the dimensions are adapted using the architecture of figure 16c. To handle the categorial

data of the LCZs correctly within the network, the patches are one-hot encoded to 17 layers,

each representing a binary image of one of the 17 LCZ classes. To feed the one-hot encoded

patches with a dimensionality of 17 ∗ 32 ∗ 32 to the ResNet-18, the first convolution layer of the

network is adapted to receive a 17-layered input.

1) Solving a pretext task with the SimCLR framework.

The SCAN framework begins with solving a pretext task τ with the SimCLR framework. The goal

is to learn semantically meaningful features and to mine nearest neighbors of a patch that will be

used for clustering in the second step. SimCLR does this by maximizing the agreement between

two augmented versions T [X] of an image X with a Contrastive Loss Lcon in the embedding

space E (Chen, Kornblith et al. 2020). To start with, the architecture of the underlying network

is explained.

Figure 24: Network ΦΘ built with a ResNet-18 f(·) and a Contrastive Head g(·) (own illustration).
A patch X (or its augmentation T [X]) is one-hot encoded to 17 binary layers representing the 17
LCZs, before feeding it to the network. The input and output dimensions are shown in each step.
The blocks of the ResNet-18 architecture correspond to the residual blocks presented in figure 16.
The Contrastive Head is a fully connected MLP with one hidden layer.

A network ΦΘ is built with a ResNet-18 f(·) and a Contrastive Head g(·). The Contrastive Head

g(·) is a fully connected MLP with one hidden layer and a L2 normalization. Figure 24 shows

the architecture of the network. The weights of convolutional layers in f(·) are set with the He
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initialization (cf. He, Zhang et al. 2015b). The last BN within each block is zero-initialized (cf.

Goyal et al. 2017) while the remaining BNs are initialized with weights = 1 and bias = 0.

Figure 25: Major components of the SimCLR
framework (own illustration). Two augmented
versions x̃i,j are created for each sample x
in a mini-batch B. The augmented versions
are passed through the ResNet-18 f(·) and
the Contrastive Head g(·) and result in the
representations zi,j in the embedding space. The
loss function Lcon (see equation 4) maximizes
the agreement of two augmented versions of the
same patch, while minimizing the agreement
with the other augmented versions of the other
patches in the mini-batch.

SimCLR consists of the major components

shown in figure 25, following the work of Chen,

Kornblith et al. (2020). For a patch x, two

data augmentation operators are created from

the adapted transformations Tcon (ti ∼ Tcon

and tj ∼ Tcon) and applied to the patch,

resulting in the pair x̃i and x̃j (an example

of an original patch and possible resulting

augmentations are shown in figure 55). The

transformations Tcon are adapted to the

categorial nature of the LCZs data by

discarding all color distortion operations while

keeping, adapting and expanding the geometric

distortion operators. The details of the

transformations Tcon used in this work are

presented in table 1, found in the appendix.

Both augmented versions x̃i and x̃j are

one-hot encoded and passed through the

ResNet-18 f(·). Thus, the representations

hi,j = f(x̃i,j) = ResNet-18(x̃i,j) are obtained. They are passed further to the Contrastive Head

g(·) (see figure 24) and result in the representations zi,j in the embedding space E. A mini-batch

with B examples is randomly sampled and passed through these components, resulting in 2B

augmentations x̃k and thus representations zk. The Contrastive Loss Lcon (see equation 4)

handles x̃i,j as a positive pair and the remaining 2(B − 1) as negative examples. Given x̃i, the

goal is to identify the corresponding x̃j in {x̃k}k 6=i. With sim(u, v) = uTv/‖u‖‖v‖ as the cosine

similarity between u and v, the loss function Lcon for a positive pair (i, j) is defined as

Lcon(i, j) = − log
exp ( sim ( zi, zj) / κ)

2B
∑

k=1

✶[k 6=i] exp ( sim ( zi, zk) / κ)

(4)

The temperature parameter κ regulates the training process of each epoch and the indicator

function ✶[k 6=i] ∈ {0, 1} evaluates if k 6= i. It is calculated for all positive pairs (i, j) and (j, i)

of the mini-batch, resulting in the final loss. After processing one mini-batch, a training step

is performed. Since SimCLR profits from large batch sizes, this work uses the largest possible

mini-batch size of 256 samples (restrictions result from the GPU storage capacity available for

this master thesis). The network ΦΘ is trained for 500 epochs.

To recapitulate the SimCLR framework in one sentence: The loss function forces two augmented

versions of one patch to be close to each other (’agree with each other’ ) in the embedding space E,
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while enforcing distance (’disagree with each other’ ) with the augmented versions of the remaining

patches in the mini-batch. This allows the network f(·) to learn semantically meaningful features

because the transformations of a patch show similar urban morphological configurations and

thus force the network to look out for similarities in these versions, even though they are not

identical. Most importantly, it is possible to feed the original (not augmented) patches to the

trained network and mine the nearest neighbors of each patch. Since the network is trained to

position similar patches close to each other in the embedding space E, the nearest neighbors

of one patch are expected to share semantic similarities. Mining the k-nearest neighbors and

clustering the patches will be the subject of the second step of the SCAN framework.

2) Clustering patches by adopting nearest neighbors.

In this step, the aim is to cluster the patches X of the dataset D with a new network Φη. The

new network is built with a ResNet-18 f(·) and a Cluster Head c(·) (see figure 26). The previously
learned weights Θ of the network ΦΘ are used to initialize the new ResNet-18 f(·), while the

former Contrastive Head g(·) is not used any further. The Cluster Head is a fully connected

single layer with dimensions |C| ∗ 1 ∗ 1, where |C| denotes the number of possible classes a patch

can be assigned to.

Figure 26: Network Φη built with a ResNet-18 f(·) and a Cluster Head c(·) (own illustration).
A patch X (or its augmentation T [X]) is one-hot encoded to 17 binary layers representing the 17
LCZs, before feeding it to the network. The ResNet-18 f(·) is initialized with the weights Θ of the
prior trained network ΦΘ. With this initialization, the features learned by ΦΘ are used in the new
network. The Cluster Head is a fully connected single layer with the output dimensions |C| ∗ 1 ∗ 1.
|C| is referring to the number of classes.

Prior to this task, the network ΦΘ was trained in a self-supervised manner by solving a pretext

task τ with the SimCLR framework. The trained network is used to mine the K nearest neighbors

for every patch Xi ∈ D in the embedding space E. A set NXi
is defined as the K nearest neighbors

of a patch Xi. Gansbeke et al. (2020) empirically show that the nearest neighbors of an image

tend to be in the same semantic class. Thus, they propose to adopt the nearest neighbors for

their semantic clustering approach. Further they show that the results are insensitive to number

of nearest neighbors K in the range [5, 50]. In this work the 20 nearest neighbors are mined for
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each patch. Figure 27 shows an example of randomly selected patches (’anchor image’) and their

five nearest neighbors mined in the embedding space of ΦΘ.

Anchor Image Five Nearest Neighbors

Figure 27: Exemplary patches (anchor image) and their five nearest neighbors. The patches can
be considered as semantically similar. Some of the neighbors shown in this figure are partially
overlapping with the anchor image. The K-nearest neighbors NXi

for each patch are mined in the
embedding space E of the trained network ΦΘ.

Figure 28: Clustering by adopting nearest
neighbors (own illustration). For each sample
x ∈ B one of the 20 nearest neighbors NXi

is
randomly chosen. The image and its nearest
neighbor are augmented with t Tscan and
passed through the network f(·) and c(·). The
loss function aims to maximize the agreement
between the representations zi and zn, while
maintaining an equal distribution of x assigned
to the available classes.

Even though this master thesis has no metric

to measure the similarity of these patches yet, a

visual comparison discloses a high resemblance

of the statistical and spatial LCZs patterns

between an anchor image and its five nearest

neighbors. These intermediate results motivate

to continue with the SCAN framework.

To train the network Φη, a nearest neighbor

xn ∈ NXi
is randomly chosen for each

sample xi of a mini-batch (see figure 28).

Both patches are transformed with two

augmentation operators created from the

adapted transformations Tscan (ti ∼ Tscan and

tn ∼ Tscan). Again, only geometric distortions

are kept (for a detailed description of the

adapted augmentations see table 2 in the
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appendix). An example of an original patch and possible augmentations are shown in figure 56.

The augmented versions are passed through the network f(·) and c(·). The loss function Lscan

(see equation 5) tries to assign the representations of a patch x and its nearest neighbor xn

to the same class, while maintaining an equal class distribution among the samples. The first

term, the dot product operator 〈·〉, is maximal when both patches are consistent (assigned to the

same class) and confident (one-hot) of belonging to that class. The second term includes a cross

entropy term for a uniform distributed assignment of the patches to the classes C (Gansbeke

et al. 2020).

Lscan = − 1

|D|
∑

x∈D

∑

xn∈NX

log 〈Φη(x),Φη(xn) 〉+ λ
∑

c∈C

Φ
′c
η log Φ

′c
η

with Φ
′c
η =

1

|D|
∑

x∈D

Φc
η(X)

(5)

The number of classes has to be known in advance, which is a major impediment in unsupervised

image clustering. Gansbeke et al. (2020) test their framework on benchmark datasets and simply

take the already known number of classes. Further, they know that the samples of the benchmark

datasets (such as STL-10 or CIFAR-10) are distributed equally among the classes. In the scope

of this explorative master thesis, neither the number nor the distribution of different patterns

representing urban morphological configurations are known. Hence, it is assumed that choosing a

small number of classes might interfere with the search of patterns and generalize them too much.

On the contrary, a large number of clusters is beneficial to the correct classification of urban

patterns since it allows a more detailed distinction between the patterns. Even though there is a

risk of over-clustering, it might be possible to merge similar clusters or re-assign patches to a

smaller number of clusters in a later procedure. With these considerations, a number of 1024

classes is chosen. Since the loss function Lscan enforces a uniform distribution of a mini-batch

over the given number of classes |C|, the largest batchsize for this network is chosen with 384

patches (again limited by the available hardware). The network is trained for 50 epochs, following

the work of Gansbeke et al. (2020). The result of this second step is a clustering of all patches to

the previously defined number of 1024 possible classes with a more or less uniform distribution.

Patches are assigned to a class, based on their highest likelihood. The following third step in the

SCAN framework aims to improve the obtained clustering results.

3) Improving the cluster results with a self-labeling step.

The network Φη was trained to assign semantically similar patches to one cluster with the help

of the 20 nearest neighbors NXi
mined for each sample in the first network ΦΘ. Even though

the nearest neighbors are likely to be semantically similar, it is inevitable that some samples

with different characteristics (false positive samples) are among NXi
. This introduces noise to

the training process and clustering results of the network Φη. Gansbeke et al. (2020) developed

a self-labeling step which re-trains the network Φη solely with highly confident samples. The

confidence of a patch is described by the logits passed through the softmax function in the

embedding space E of the network Φη (see chapter 4.1.2 and figure 26). Patches that have a high
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confidence of belonging to a class c can be seen as prototypes representing this class. Re-training

Φη with prototypes allows the network to correct itself by reclassifying missclassified patches

and maintain the already correctly classified patches. Gansbeke et al. (2020) use a confidence

threshold of p = 99.9% for selecting prototypes. This is not applicable in this work, since the

patches do not reach such high confidence values for their classes. Figure 29 shows the sample

confidence of exemplary classes. Each class contains only the patches that are assigned to it.

Due to the variance among the classes, a fix threshold is not a good solution. Instead, a flexible,

class dependent threshold is developed for this work.

Figure 29: Boxplot of the sample confidence for exemplary classes (10 out of 1024 classes) resulting
from the intermediate SCAN clustering. The samples have a mean confidence of 20-30% of belonging
to the class they are assigned to. This is a result of over-clustering by choosing a high number of
classes |C|. No samples exist with a confidence p > 99.9% as used in the framework of Gansbeke
et al. (2020).

Figure 30: Re-training the network Φη with
the self-labeling step (own illustration). Each
patch x ∈ B is passed through the network f(·)
and c(·). The target class ct = argmax(z) is
obtained to get the class specific threshold pct .
If the max3 threshold px > pct , the patch is
augmented and used for training. The aim of
the loss function is to learn the target class ct
for the representation in zi.

For each class c ∈ C, the threshold

pc is individually defined as

pc = max(confidence)− σ(confidence) where

σ denotes the standard deviation over the

samples belonging to the class c. Further, the

confidence px of a single patch xi is not defined

as the highest confidence max(z), but as the

sum of the three highest class confidence values

defined as px =
∑

max3(zi).

The network is re-trained by feeding each patch

x (not augmented) of a mini-batch B to the

network Φη and retrieving the target class ct as

well as the confidence value px (see figure 30).

With the threshold value of the respective

target class ct it is checked if px > pct . If the

confidence is greater than the class dependent
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threshold (meaning the sample can be regarded as a prototype), it is used for training. Else

it is deprecated for this epoch. The patches used for training are transformed with adapted

augmentations operators ti ∼ Tself to avoid overfitting (for details see table 3 in the appendix).

Figure 57 shows some exemplary transformed patches. The augmented patches are passed

through the network and a cross entropy loss function LCE

LCE = −
C
∑

n=1

cn log( zn ) (6)

is minimized to learn the target class ct. The network is trained for 200 epochs. The batch

size with 800 samples is again as large as possible (restrictions result from the available hardware).

This third step determines the final result of the SCAN framework. A network Φη was trained to

cluster the patches into semantically similar classes. The dataset D ← {(xi, yi = Φη(xi))|x ∈ D}
is updated to contain now the SCAN results yi for each patch xi. All in all, the patches are

assigned to 138 different classes. The third step maintains the possible 1024 classes in the cluster

head c(·), but is able to re-aggregate patches due to the new loss function. Figure 31 shows the

patch confidence of some exemplary classes.

Figure 31: Boxplot of the sample confidence for exemplary classes (10 out of 138 classes) resulting
from the intermediate self-label clustering.

Most of the patches show a high confidence of belonging to the class they have been assigned

to. It visualizes the over-confident clustering criticized by Park, Han et al. (2020), which is also

adverse for a direct patch comparison in this work (see chapter 4.1.3). This leads to the RUC

framework to further improve the cluster results and smooth the sample confidence.

4.3.3 Robust learning for Unsupervised Clustering

The Robust learning for Unsupervised Clustering (RUC) framework developed by Park, Han

et al. (2020) improves the existing model Φη by filtering unclean samples and re-training with
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robust learning techniques. It is an additional module for already trained unsupervised networks.

The RUC framework is composed of two components:

1) Extract clean samples with a confidence based strategy.

2) Re-train the model with the refined dataset.

The aim is to revise miss-classified samples and adjust the model confidence (Park, Han et al.

2020). This master thesis follows the RUC framework and adapts it to the needs of the LCZs

data where necessary.

1) Extract clean samples with a confidence based strategy

The RUC framework begins with a confidence based sample strategy. The cluster results from

the SCAN trained network Φη are considered as pseudo-labels y. The dataset D = (xi, yi)
P
i=1 in

this framework contains for each image xi the respective label yi = Φη(xi). The goal in this step

is to divide the dataset D = S ∪ U in a set with clean samples (x, y) ∈ S and unclean samples

u ∈ U where the labels are discarded. A sample (x, y) ∈ D is assigned to the clean set S if the

pseudo-label has a high confidence value max(y) > 99%. Otherwise the sample is assigned to U .

The high threshold used by Park, Han et al. (2020) works well for the patches clustered with Φη,

since each class has some very high confidence samples (see figure 31). The datasets S and U are

used to refine the network in the second step.

2) Re-train the model with the refined dataset

In this step, two networks Φδ(1,2) are initialized as a copy of the trained network Φη and re-trained

via robust learning methods. For an epoch, both networks Φδ(1,2) are iteratively trained (starting

with Φδ(1)). In the following process the trained network (r) is referred to as Φδ(r), its counter

network (o) as Φδ(o). Mini-batches B of an epoch are randomly sampled from D = S ∪ U . The

training process (shown in figure 32) consists of four major components: (i) Co-refinement, (ii)

MixMatch, (iii) Label-smoothing and (iv) Co-refurbishing. The first three components contribute

to the final loss function Lruc(r) and result in a training step for each mini-batch. The fourth

component extracts clean samples at the end of each epoch for the following epoch.

(i) Co-refinement

The first component refines the labels within a mini-batch by using the predictions of both

networks Φδ(r,o). To describe the mechanism in simplified terms: For a patch x, the predictions

of both networks are mixed and the result is sharpened again. This step intends to reduce

overfitting and make the predictions more reliable (Park, Han et al. 2020). The component

functions are as follows: The labels y of the clean samples S = {(xb, yb) : b ∈ (1, ..., B)} in the

mini-batch B are co-refined to y with the equations 7a and 7b, following the work of Li, Socher

and Hoi (2020):
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Figure 32: The major components of the RUC framework developed by Park, Han et al. (2020) (own
illustration). The dataset D is split into a set of clean S and unclean U samples with a confidence
based strategy. Two networks Φδ(1,2) are trained within one epoch. Labels are (i) co-refined, the
data are augmented with (ii) Mixmatch and a (iii) label-smoothing is performed. The final loss is
calculated after these components and a training step is performed. After processing all mini-batches,
the clean dataset S is updated via (iv) co-refurbishing for the following epoch.

y = (1 − ω(o)) ∗ y + ω(o) ∗ Φδ(o)(x) (7a)

y = Sharpen( y, κ) = y c 1
κ

/

C
∑

c=1

y c 1
κ , for c = 1, 2, ..., C (7b)

with ω(o) as the confidence value of x in the counter network Φδ(o) and κ as a sharpening

temperature parameter.

The unclean samples U = {(ub) : b ∈ (1, ..., B)} in the mini-batch B are transformed with M = 2

weak augmentation operators (tw ∼ Tweak) resulting in ũm where m = 1, ...,M denotes the m-th

augmentation (for details on Tweak see table 4 in the appendix). For a sample u, a pseudo-label

q is guessed with the help of both networks with the equations 8a and 8b:

q =
1

2M

M
∑

m=1

( Φδ(r)(ũm) + Φδ(o)(ũm)) (8a)

q = Sharpen( q, κ) = q c 1
κ

/

C
∑

c=1

q c 1
κ , for c = 1, 2, ..., C (8b)

This co-refinement step results in the datasets (x, y) ∈ S
(r)

and (u, q) ∈ U
(r)

with refined labels.

(ii) MixMatch

The second component uses the MixMatch framework developed by Berthelot et al. (2019) to

improve the noise resistance. Therefore patch x and its label y are mixed with the label

from another randomly chosen patch. Let (x, y) denote a patch with its label from the

combined co-refinement datasets S
(r) ∪ U

(r)
. A random data pair (x1, y1) ∧ (x2, y2) ∈ S

(r) ∪ U
(r)

is augmented to (x′, y′) with the equations 9a- 9d:
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λ ∼ Beta(α, α) (9a)

λ′ = max(λ, 1− λ) (9b)

x′ = λ′x1 + (1− λ′)x2 (9c)

y′ = λ′y1 + (1− λ′)y2 (9d)

where λ is a random sample from a Beta-distribution with the hyper-parameter α = 4. The

MixMatch component results in the augmented datasets (x̂, ŷ) ∈ Ŝ(r) and (û, q̂) ∈ Û (r). They

are used to build two loss functions L
Ŝ(r) defined in equation 10 and L

Û(r) defined in equation 11,

both a part of the final loss function Lruc(r).

L
Ŝ(r) =

1

|Ŝ(r)|
∑

x̂,ŷ∈Ŝ(r)

C
∑

n=1

ŷn log(Φδ(r)(x̂n) ) (10)

L
Û(r) =

1

|Û (r)|
∑

û,q̂∈Û(r)

‖q̂ − Φδ(r)(û)‖22 (11)

(iii) Label-smoothing

The third component regulates overconfident noise predictions of the model Park, Han et al.

(2020). The clean samples S = {(xb) : b ∈ (1, ..., B)} in the mini-batch B are transformed with a

strong augmentation operator (ts ∼ Tstrong) and result in x̃s (for details on Tstrong see table 5 in

the appendix). Further, for all clean samples (x, y) ∈ S uniform noise is injected into all classes

C of the label y. The smoothed label ỹ is defined with the following equation 12:

ỹ = (1− ǫ) ∗ y + ǫ

(|C| − 1)
∗ (1− y) (12)

with ǫ as a smoothing hyper-parameter and |C| as the number of classes. If ǫ = 0, then ỹ = y and

if ǫ = 1, then ỹ is a uniform distribution over C. Park, Han et al. (2020) use in their exemplary

code ǫ = 0.5 which is adopted in this work. The strong augmentation x̃s and its corresponding

smoothed label ỹ are used to build the loss function L
S
(r)
strong

(see equation 13) which is also a

part of the final loss function Lruc(r).

L
S
(r)
strong

=
1

|S(r)|
∑

x̃s,ỹ∈S(r)

C
∑

n=1

ỹn log(Φδ(r)(x̃n) ) (13)

Thus, having the components (i)-(iii) processed for a mini-batch, the final loss function is defined

as

Lruc(r) = L
S
(r)
strong

+ L
Ŝ(r) + λU ∗ LÛ(r) (14)
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with a hyper-parameter λU to control the effect of L
Û(r) (Park, Han et al. 2020). A training

step is performed by adapting the weights δ of the network Φδ(r) to minimize Lruc(r). After all

mini-batches are processed, the trained network is referred to as Φδ(r′). The RUC framework

continues with the last component to provide clean samples for the next epoch.

(iv) Co-refurbishing

With this component, the unclean samples U are revised and added to the clean samples X

after training the network Φδ(r) to Φδ(r′). Therefore unclean samples u ∈ U are assigned to S

if Φδ(r)(u) and Φδ(r′)(u) predict the same label and the confidence value exceeds a threshold

greater than or equal to 99% following equation 15:

S ← S ∪ {u ∈ U | argmax(Φδ(r)(u)) = argmax(Φδ(r′)(u)) ∧maxΦδ(r′)(u) ≥ 0.99} (15)

The four components (i-iv) are also conducted for Φδ(2) as Φδ(r) with Φδ(r′) now as the opposing

network Φδ(o). Concluding the training for both networks Φδ(1,2), one epoch is successfully

processed. The RUC framework is trained for 200 epochs with a mini-batch size of 110

samples. With the RUC framework uncertain samples are re-assigned to different clusters and

the overconfidence of the results of the network is reduced. For each patch x ∈ D a cluster result

y = Φδ(1)(x) is obtained. Thus the dataset is updated with D ← {(x, y = Φδ(1)(x)) | x ∈ D}.
The cluster c to which a path is assigned can be obtained with c = argmax(y). The patches are

assigned to 138 different classes CD = c1, ..., c138, which is the same number of classes obtained

by the SCAN framework. Figure 33 shows the confidence of patches assigned to their respective

cluster. The confidence within each class is now better calibrated, compared to the confidence

values obtained with the SCAN framework shown in figure 31.

Figure 33: Boxplot of the sample confidence for exemplary classes (10 out of 138 classes) from the
final RUC clustering result. The samples show a better calibration and less overconfident results
compared to the SCAN results in figure 31. This work assumes that it is a better representation of
the urban morphological reality and a good base for assessing the similarity of patches.
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The clusters retrieved from the RUC framework denote the patterns of urban morphological

configurations searched by the first research question. The found patterns build the foundation for

the second research question, whose methodology is explained in the following subchapters 4.3.4-

4.3.5. A detailed presentation of the cluster results obtained with RUC is provided in chapter 5.

4.3.4 Distance Calculation with Hungarian Matching

The second research questions aims to compare cities based on the found urban morphological

patterns and examine the possible formation of geographic clusters. Therefore, a method to

measure the similarity between cities has to be developed. This work uses the Kuhn–Munkres

algorithm (Munkres 1957), also known as Hungarian matching, to calculate a similarity metric

between the cities.

So far, this work has conducted a search of morphological patterns on the subsets of cities

(referred to as patches in this work). Thus, a description y of each patch x was obtained, which

represents not only knowledge on a specific type of cluster with c = argmax(y), but also a fuzzy

membership among all classes C (see chapter 4.1.1). Since each city is composed by a set of

patches, the similarity of cities is measured by comparing the fuzzy membership y of their patches

x. If the set of patches of one city is similar to the set of patches of another city, both cities can

also be considered as similar.

The patches x are described by a 1024-dimensional vector y, thus y is the feature space of x.

The 1024 dimensions represent the confidence values of the possible classes C as defined in

the SCAN and RUC frameworks. Before starting with a comparison of patches, the feature

space is reduced to remove irrelevant characteristics and decrease the computational time (see

chapter 4.1.1). Since the patches are assigned to only 138 out of the possible 1024 classes, its is

an indication that the remaining 886 classes did not play an important role for re-training the

network and clustering the patches in RUC. Thus, a feature reduction is conducted by keeping

only the relevant 138 dimensions of y.

The similarity between two patches can be described by the similarity of their representations y.

Since y is a vector, the similarity of two patches x1 and x2 can be expressed by the Euclidean

distance between y1 and y2. The Euclidean distance is defined as

d21,2 = ‖y1 − y2‖2 (16)

with d21,2 in range [0,
√
2]. If two patches are similar, the distance is close to 0. If two patches

are different and hence very certain of belonging to two different classes c (and thus have two

one-hot encoded vectors for different classes c), the distance is
√
2. This results from the softmax

activation function where values of y are in range [0, 1] (see chapter 4.1.2).

50



Let V = {v1, ..., v1523} denote a set of all 1523 MUAs used in this work and a MUA

vi = { y | (x, y) ∈ D ∧ within(vi, x)} denote a set of vectors y from the patches x within the

MUA vi. To compare the patches of one city vi with the patches from another city vj , a distance

matrix Ai,j is calculated in the equations 17- 18 with the Euclidean distance

pmm,n = d2m,n = ‖am − bn‖2, for a1, ..., am ∈ vi, b1, ..., bn ∈ vj ; (17)

PMi,j = (pmm,n) (18)

Figure 34: Distance calculation via Hungarian
matching (own illustration). Each patch of one
city is assigned to the patch of another city by
minimizing the overall costs dtotal(vi, vj) with
equations 19- 20. If |vi| > |vj |, not all patches
are assigned.

Having the distance matrix PMi,j with size

m∗n for two cities vi and vj , it is now possible

to calculate a distance metric dfinal(vi, vj)

between both cities via Hungarian matching.

The Hungarian matching algorithm tries to

assign each patch of a city to the patch of

the other city by minimizing the overall costs

dtotal(vi, vj) (see figure 34). The costs are in

this case the distances between the patches,

represented in the distance matrix PMi,j =

(pmm,n). It is a linear assignment problem,

where a patch is assigned to only one other

patch. If m 6= n it is an unbalanced assignment

problem, meaning not all patches from a larger

city can be assigned to a smaller city. The

Hungarian matching algorithm determines the variables xm,n which denote the assignment of

patches

xm,n =







1, if patch m and n are assigned to each other

0, otherwise
(19)

by minimizing the overall costs dtotal(vi, vj)

minimize dtotal(vi, vj) =

m
∑

k=1

n
∑

l=1

xk,l ak,l

under the conditions

m
∑

k=1

xk,l = 1 for l = 1, ..., n ;

n
∑

l=1

xk,l = 1 for k = 1, ...,m

(20)

The costs dtotal are dependent on the number of patches in the MUAs. The more patches can be

coupled, the higher are the costs. To allow a comparison between pairs of small cities and pairs

of large cities, the totals dtotal are normalized by the number of assigned patches and result in

the final costs dfinal defined as
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dfinal(vi, vj) =
dtotal(vi, vj)

min(m,n)
, with m = |vi|, n = |vj | (21)

The final cost dfinal(vi, vj) is the metric value to describe the similarity of two cities vi and

vj based on the similarity of their patches. With this mathematical foundation, the similarity

between all cities v ∈ V is calculated. The result is a distance matrix CMV defined as

cmi,j = dfinal(vi, vj), for i, j = 1, ..., |V | ; v ∈ V (22)

CMV = (cmi,j) (23)

The city distance matrix CMV represents a similarity metric between all cities. It is the

foundation on which the similarity of cities is further explored. To examine the formation of

possible geographical clusters similar to the work of Taubenböck, Debray et al. (2020), the next

subchapter continues with clustering similar cities.

4.3.5 Clustering Cities based on Urban Morphological Configurations

So far, this work searched patterns of similar urban morphological configurations and calculated

thereon a metric to measure the similarity between cities with new explorative approaches. This

work continues to group cities based on their similarity and examine the possible formation

of geographic clusters with the baseline used by Taubenböck, Debray et al. (2020). They use

the k-means algorithm for clustering cities, while the optimal number of clusters is determined

with the gap statistic algorithm. However, having only the city distance matrix CMV poses a

problem for k-means clustering. The k-means algorithm implies Euclidean distances to minimizes

the squared deviations between data points and the centroids of k-clusters. Thus, the distance

matrix has to be transformed to a n-dimensional Euclidean space.

Multi-dimensional scaling (MDS) embeds the elements of a distance matrix into a n-dimensional

space EMDS with the aim to preserve the distances between the elements (Borg and Groenen 2005).

Let di,j denote the original distance dfinal(vi, vj) between two cities calculated in equation 22.

The stress value of a MDS gives a hint on how well the distance di,j is represented by d̂i,j in

the transformed space. The stress value for transforming the city distance matrix via MDS is

defined as

stress =
∑

i 6=j=1, ..., |V |

(di,j − d̂i,j)
2 (24)

The stress value is dependent on the number of dimensions n. The more dimensions are used by

MDS to represent the elements in the embedding space EMDS , the better the original distances

of CMV can be preserved. Figure 35 shows the MDS stress value for mapping CMV with the use
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of dimensions n in range [1, 15]. The stress value decreases with the use of more dimensions n.

Figure 35: Multi-dimensional scaling (MDS) stress value for transforming the similarity of all 1523
cities represented in CMV to n-dimensions in range [1, 15]. The stress value indicates how well the
true distances in CMV can be represented with the given number of dimensions. A lower stress value
indicates a better representation. With the elbow method n = 4 dimensions are manually chosen.

On the other side, the reduction of the stress value decreases constantly with additional dimensions.

This means, that additional dimensions contribute less and less to the correct representation of

the original distance di,j . Since more dimensions constrain the clustering due to the curse of

dimensionality (see chapter 4.1.1), its is not effective to use a very high number of dimensions.

Thus, a number of dimensions has to be selected that adequately represents the true distances of

CMV while avoiding redundant dimensions. A method to determine an acceptable number is the

manual selection of dimensions n with the elbow method (cf. Yuan and Yang 2019). In figure 35,

n = 4 dimensions are selected, even though a sharp elbow is not identified unambiguously.

Thus, CMV is transformed to a 4-dimensional embedded space EMDS . Let HM1523 = {−→v |V |
i=1}

denote the coordinates −→v of CMV in EMDS for all cities v ∈ V . For the ablation study

(see chapter 3), the same procedure is repeated with a reduced city distance matrix CMV 110,

containing only the 110 cities used in the study of Taubenböck, Debray et al. (2020) (see figure 36).

Again, n = 4 dimensions are chosen manually. CMV 110 is transformed via MDS and thus

HM110 = {−→v 110
i=1} is obtained, representing the coordinates −→v of CMV 110 in EMDS for all 110

cities of the reduced dataset.

Following the work of Taubenböck, Debray et al. (2020), the master thesis continues with the

clustering of cities. As a prerequisite for using the k-means clustering algorithm, the similarity of

cities was transformed with MDS to a representation of cities in a four-dimensional coordinate

space. The k-means algorithm divides a dataset HM into k-clusters C = {ckr=1} (cf. MacQueen

et al. 1967). Each cluster in C is described by a centroid µr.
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Figure 36: Multi-dimensional scaling (MDS) stress value for transforming the 110 cities used by
Taubenböck, Debray et al. (2020) to n-dimensions in range [1, 15]. The true distances in CMV 110

can be represented better with more dimensions (lower stress value). With the elbow method n = 4
dimensions are manually chosen.

The k-means algorithm works in the following way:

(i) Initialize k-centroids µr with the k-means++ initialization (cf. Arthur and Vassilvitskii

2006).

(ii) Assign elements −→v ∈ HM to clusters C, based on the smallest distance to the centroids

µr.

(iii) Re-calculate the centroids µr as the mean of elements assigned to the clusters C.

The steps (ii)-(iii) are repeated, until either 300 iterations are reached or the Frobenius norm of

the difference between µr of two iterations falls below a threshold of 1e−4 (meaning the centroids

do not significantly move anymore). Thus, k-means aims to minimize

|HM |
∑

i=1

min
µj∈K

(‖xi − µr‖2) (25)

Yet, the number of clusters k has to be known in advance. Taubenböck, Debray et al. (2020) use

the gap statistic algorithm to determine the optimal number of clusters k∗. The gap statistic

method developed by Tibshirani, Walther and Hastie (2001) measures with Gap(k) the difference

between the within-cluster dispersion Wk of the dataset HM and a random uniform distribution

E∗ with k clusters. Let di,j = ‖−→v i −−→v j‖2 denote the squared Euclidean distance between

two cities −→v i,j ∈ HM for i, j = 1, ..., |HM |. Further, let C = {c1, ..., ck} be the k-means cluster

result with k clusters and cr ∈ C denote the elements in cluster r with nr = |cr|. Following the

work of Tibshirani, Walther and Hastie (2001), the sum of pairwise Euclidean distances for a

cluster r is defined as

Dr =
∑

i,j∈cr

di,j (26)
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and the within-cluster variance over k clusters as

W (k) =

k
∑

r=1

1

2nr
Dr (27)

The gap metric Gap(k) is defined as

Gap(k) = E∗{log(W (k))} − log(W (k)) (28)

with E∗{log(W (k))} as the average of B = 3 random uniform distributions log(W ∗(k)) such that

E∗{log(W (k))} = 1

B

B
∑

b

log(W ∗
b (k)) (29)

The standard deviation sd(k) is computed as

sd(k) =

[

1

B

B
∑

b

{log(W ∗
b (k)− E∗{log(W (k))})}2

]
1
2

(30)

and the metric s(k) as

s(k) = sd(k)

√

1 +
1

B
(31)

Different ways of finding the optimal number of k∗ with these metrics of the gap statistic

algorithm exist. Taubenböck, Debray et al. (2020) use the firstSEmax method to find k∗ with

k∗ = argmin
k

{k ∈ Z
+ ∧ k ≥ 2 | (Gapdiff (k) = Gap(k)−Gap(k + 1)− s(k + 1)) > 0} (32)

which is the smallest k ≥ 2 that fulfills the condition of Gapdiff (k) > 0 in equation 32. The

optimal value k∗ can vary due to the random uniform distributions. Therefore the search of k∗ is

conducted 100 times with different seed keys. The final number of optimal clusters

k∗final = median(k∗ 100i=1 ) (33)

is the median value of the 100 calculates of k∗.

With these foundations, the aim is to find k∗final and cluster the datasets HM1523 and HM110.

Figure 37 shows the 100 calculations i of Gapdiff (k) on HM1523. The work of Taubenböck,

Debray et al. (2020) determine k∗ in the range [1, 25], which is extended to the range [1, 50] for

the larger dataset HM1523 containing 1523 cities. The optimal number of cluster k∗final = 7 is
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the median value of the clusters k∗i . Having found the optimal value, the 1523 cities in HM1523

are assigned to seven clusters with the k-means algorithm, resulting in the clusters CHM1523 .

Figure 37: The Gapdiff (k) value calculated 100 times on HM1523 with different key seeds following
the work of Tibshirani, Walther and Hastie (2001). Gapdiff (k) was calculated for k in range [1, 50].
The green dots show the optimal k∗i found with equation 32. The final optimal cluster k∗final is the
median value of all found k∗i (see equation 33).

The same procedure is performed for HM110 but with k in range [1, 25] to allow a better

comparison of the clustering result to the work of Taubenböck, Debray et al. (2020). The result

is shown in figure 38. Also for HM110 the optimal number of clusters is k∗final = 7. Hence, the

110 cities inHM110 are assigned with the k-means algorithm to seven clusters, resulting in CHM110 .

Figure 38: The Gapdiff (k) calculated 100 times on HM110 for k in range [1, 25]. The green dots
show the optimal k∗i found with equation 32. The final optimal cluster k∗final is the median value of
all found k∗i (see equation 33).
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This final step completes the clustering of cities based on the similarity metric developed in

the previous chapter 4.3.4. It also concludes the new explorative approaches developed in this

master thesis. For the second ablation study (see chapter 3), the master thesis uses in the next

subchapter the methodological baseline developed by Taubenböck, Debray et al. (2020) to extend

their analysis to a larger database.

4.3.6 Clustering Cities with a 18-dimensional Feature Space

The second ablation study (see chapter 3) continues the work of Taubenböck, Debray et al. (2020)

with a larger database. Therefore the 18-dimensional feature space used in their study is created

additionally for the 1523 cities. Similar to the data preparation process (see chapter 4.3.1), the

raw LCZs raster tiles are cleaned and merged, but clipped with the original MUAs which are not

buffered. The first 17 dimensions represent the relative coverage of the 17 LCZs classes within

each MUA. The 18th dimension represents the absolute area of LCZs within each MUA. The

first 17 dimensions are centered by the median and normalized with the min-max normalization.

The same procedure is performed for the 18th dimension, resulting in a 18-dimensional feature

space for the 1523 cities F1523.

To group similar cities together, their representations in F1523 are clustered with the k-means

algorithm. Therefore, the optimal number of clusters is determined with the gap statistic

algorithm, following the procedure presented in the previous chapter 4.3.5. The Gapdiff (k) is

calculated 100 times with different seed keys for k in range [1, 50] (see figure 39).

Figure 39: The Gapdiff (k) on F1523 for k in range [1, 50]. Gapdiff (k) is calculated 100 times
with different seed keys (as presented in chapter 4.3.5). The green dots show the optimal k∗i found
with equation 32. The final optimal cluster k∗final = 29 is the median value of all found k∗i (see
equation 33). The clusters k∗i are spread more evenly over the range [1, 50] and indicate no clear
k∗final, compared to the accumulated clusters found in CHM1523

and CHM110
. Additionally F1523 is

clustered with k∗manual = 7 to allow a better visual comparison with CHM1523
and CHM110

.
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For F1523 the optimal number of clusters is k∗final = 29. Therefore, the 1523 cities in F1523 are

assigned to 29 clusters with the k-means algorithm, resulting in CF1523 . To allow a better visual

comparison with the seven clusters found in CHM1523 , CHM110 and the seven clusters obtained

by Taubenböck, Debray et al. (2020), the 1523 cities of F1523 are additionally assigned to seven

clusters, resulting in C ∗7
F1523

.

This concludes the methodology of this master thesis. The methods used in this work were

presented in great detail, along with supplementary figures and tables in the appendix. The

following chapter 5 presents the results obtained with this analysis to answer the research

questions raised in chapter 3.
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5 Results

This explorative work investigates the urban morphology on a global scale through the scope of

new experimental approaches of unsupervised learning. The aim is to identify patterns of urban

morphological configurations and develop a similarity metric of cities, based on these found

patterns. Further, similar cities are grouped together to see if geographical clusters form. This

chapter presents the result of the research question raised in chapter 3, beginning with the search

of urban morphological patterns (chapter 5.1), followed by the clustering of cities (chapter 5.2)

and the ablation studies on clustering cities (chapter 5.3).

5.1 Patterns of Intra-urban Morphological Configurations

Is it possible to find patterns of urban morphological configurations based on the LCZs across the

world?

This work understands urban morphological patterns as re-occuring spatial arrangements of

similar urban configurations. Since there is no prior knowledge for the formalization of urban

patterns, the search was conducted with new unsupervised clustering approaches to group similar

subsets (here patches) of cities (see chapter 4.3.1- 4.3.3). The patches were assigned to 138

different clusters CD = c1, ..., c138. This work assumes that the obtained clusters represent

different patterns of urban morphological configurations. Each patch x ∈ D is associated with a

fuzzy membership function y which describes the likelihood of belonging to the clusters c ∈ CD.

A patch x can be assigned to a cluster with c = argmax(y). Presenting the 138 clusters found in

this work, along with the total amount of 316, 536 patches assigned to them, is not practicable.

Instead, a qualitative description is provided for some exemplary clusters.

Figure 40 shows patches assigned to a first exemplary cluster c1. The confidence value of belonging

to this cluster is provided along with the patches. The cluster c1 contains patches with a mixed

variety of LCZ classes. The most dominant urban morphological components are LCZ-3 (compact

low-rise) next to LCZ-6 (open low-rise) and LCZ-8 (large low-rise). These components come in

different shapes and arrangements within the patches of this cluster. The size can reach from

single scattered components covering only one pixel (100m ∗ 100m) to medium sized components

with almost 10 ∗ 10 pixels (1km2). Some of the dominant non-built land coverage classes include

LCZ-14 (low plants) and LCZ-16 (bare soil or sand). Further, some patches show the LCZ-17

(water) in form of a river or small lakes. The morphological impression of this exemplary class

c1 can be described as urban areas predominantly built with low-buildings in varying densities.

In between the built-environment are islands of low vegetation or open spaces and sometimes

small lakes or rivers. The patches themselves show a rather heterogeneous composition of the

above mentioned components. Even among very confident samples (confidence > 90%) the

compositions are ambiguous. Nevertheless, the overall picture of the patches assigned to this

class looks consistent, even though a direct comparison of its patches would sometimes unveil

different urban morphological configurations.
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Another exemplary cluster c2 is shown in figure 41. The patches of this cluster show large

homogeneous areas of LCZ-3 (compact low-rise) and LCZ-8 (large low-rise), each covering up to

2/3 of the patch. Along with it, some medium sized components of LCZ-6 (open low-rise) can

be found. Adjacent to the areas of LCZ-3 (compact low-rise), also higher built-up structures

of LCZ-2 (compact mid-rise) and for very few patches even LCZ-1 (compact high-rise) can be

found. The patches in c2 denote truly urban areas with only little non-built LCZ classes among

some patches. Some of the few non-built areas can be found with LCZ-12 (scattered trees),

LCZ-13 (bush-scrub) and a very few examples with LCZ-17 (water). The exemplary class c2

gives a morphological impression of more homogeneous urban areas (compared to cluster c1),

with mostly low-built buildings. Small clusters of mid-rise or high-rise buildings are among some

patches. A subjective impression of the cluster c2 suggests similar spatial forms and statistical

distributions of the components shared across the patches. Thus, the patches among this cluster

can be regarded as semantically similar, even though minor differences arise when comparing

patches directly with each other.

The exemplary cluster c3 shown in figure 42 contains patches with large homogeneous areas

of LCZ-7 (lightweight low-rise) covering up to 1/2 of the patch. But also similar large areas

of LCZ-8 (large low-rise) can be found. Further, components of LCZ-10 (heavy industry) and

also LCZ-6 (open low-rise) are among some patches. Also scattered areas of LCZ-5 (open

midrise) and LCZ-3 (compact low-rise) are shared across a few patches. Nevertheless, the

non-built environment also covers up to 1/3 of a patch assigned to this class. The predominant

non-built classes are LCZ-12 (scattered trees) and LCZ-13 (bush, scrub) also with some LCZ-

11 (dense-trees). Rivers and lakes with LCZ-17 (water) can be found among some patches,

often adjacent to other elements of the non-built environment. Similar to the other classes,

no clear pattern among the confidence values can be observed with a visual comparison of the

patches. The patches in this exemplary class c3 look semantically similar to each other, even

though the individual patches cover a broad variety of specific urban morphological configurations.

Figure 43 shows patches assigned to the exemplary cluster c4. The urban morphology among

these patches is diverse and compartmentalized, similar to c1. Most dominant classes of the built

environment are LCZ-8 (large low-rise) with a mixture of LCZ-5 (open midrise) and LCZ-6 (open

low-rise). Further, small components of LCZ-4 (open high-rise) and LCZ-1 (compact high-rise)

are found. The non-built environment is characterized by LCZ-14 (low plants) with small areas

of LCZ-16 (bare soil or sand) as well as LCZ-17 (water) forming rivers.
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Figure 40: Exemplary cluster c1 with 1043 patches in total. A random selection and their confidence
values is shown.

Figure 41: Exemplary cluster c2 with 2618 patches in total. A random selection and their confidence
values is shown.

61



Figure 42: Exemplary cluster c3 with 2476 patches in total. A random selection and their confidence
values is shown.

Figure 43: Exemplary cluster c4 with 3305 patches in total. A random selection and their confidence
values is shown.
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More exemplary clusters are shown in the figures 58 - 65 in the appendix. The clusters were

obtained without a supervised training process. This restricts the accuracy assessment to a

qualitative visual comparison of the patches assigned to their clusters. It is impossible to validate

whether the number of clusters or the patches assigned to it are correct. The patterns show

continuous configurations of urban patterns, represented by a fuzzy class membership. Since

there are no discrete classes of patterns defined in this work, the boundaries between the clusters

are fluid. Therefore, the assessment of the results relies on a visual impression of similarity

between the patches. The exemplary clusters in figures 40 - 65 show that patches assigned to

one cluster are more similar to each other than to the patches assigned to a different cluster.

The patches inside a cluster look consistent, even though there are of course some exceptions. In

conclusion, the first research question can be answered with: yes, it is possible to find patterns

of urban morphological configurations based on the LCZs across the world. A discussion of the

results will follow in chapter 6. The work continues with the second research question.

5.2 Clustering Cities based on Urban Morphological Patterns

Do cities form geographical clusters when comparing them based on the found patterns?

To cluster cities, a metric to measure the similarity between cities was developed in this master

thesis. The foundation of this measurement is the fuzzy class membership y for each patch x

which describes the likelihood of belonging to the clusters c ∈ CD (see chapter 4.3.4 - 4.3.5). A

pairwise distance measure cmi,j of cities was created by comparing their patches via Hungarian

matching. Cities where thereon clustered with a k-means clustering algorithm. The optimal

number of clusters was determined with the gap statistic algorithm, following the work of

Taubenböck, Debray et al. (2020).

With this new explorative approach, the 1523 MUAs used in this master thesis were assigned to

seven clusters CHM1523 . An overview of the resulting seven clusters is shown in figure 44. Further,

the cluster results are also provided in table 7. The cities assigned to the seven clusters form

clusters of geographical regions. Even though not all geographical clusters have distinct and

sharp spatial boundaries, their cities still form agglomeration in specific geographical locations.

Since a visual recognition of 1523 individual cities assigned to seven clusters is tricky, the seven

clusters are separately shown in the figures 45- 51. Each of the seven clusters is presented with a

focus on their global geographical distribution. An example of cities assigned to the cluster is

provided in the appendix with figures 66- 72.
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Figure 45: Cluster CHM1523
(1) with cities mostly based in Northeast China.

CHM1523(1) - Northeast China

Figure 45 shows the cities assigned to the first cluster CHM1523(1). A total of 212 cities belong

to this cluster, of which 190 are located in China. This cluster is clearly dominated by eastern,

northeastern and northern Chinese cities, around the metropolitan regions of Beijing, Shanghai

and Zhengzhou. Some other Chinese cities are scattered near the southeastern coast of China and

the northwestern region of Xinjiang in China. 18 cities of this clusters are found along Central Asia

and Southern Europe. Three cities are located on the North American continent, two in India and

one in Japan. Two exemplary cities assigned to this cluster are shown in figure 66 in the appendix.

Figure 46: Cluster CHM1523
(2) with cities in the eastern United States, Nigeria, Southwest India

and Bangladesh.

CHM1523(2) - eastern United States of America, Nigeria, Southwest India, Bangladesh

The second cluster CHM1523(2) with 215 cities is shown in figure 46. The cities assigned to this

cluster are located more dispersed around the world, yet cities of this cluster form agglomerations
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in specific geographic regions. One specific region within this cluster is the eastern half of the

United States of America with 89 cities. Seven cities are located in Middle America and 15

spread across South America. Another small geographic region is formed by 16 cities located

close to each other near the Nigerian coast. Other cities on the African continent are spread from

the Central African region to the southeastern African region. In southern Asia, two distinct

regions are found. 14 cities are located close to each other in the southwestern part of India.

Another region with 12 cities is located in Northeast India and Bangladesh. Further cities are

spread across Southeast Asia, the Australian West Coast and New Zealand. Four cities are found

in Southern Europe, one in Turkey and two in Russia. Two exemplary cities assigned to this

cluster are shown in figure 67 in the appendix.

Figure 47: Cluster CHM1523
(3) with cities mostly in the Mediterranean region and Middle East.

CHM1523(3) - Mediterranean region and Middle East

A distinctive geographic cluster is shown in figure 47 with CHM1523(3). The cluster has 156 cities

of which around 130 cities are located within the Mediterranean region, the Middle East and the

Atlantic coast of Morocco. A smaller regional agglomeration with 10 cities is found in the region

northwest of Mexico and southwest of the US. The remaining cities are mostly spread in China,

India and South America. Two exemplary cities assigned to this cluster are shown in figure 68 in

the appendix.

CHM1523(4) - North India, Southeast Asia, East andWest Africa, Middle America and northwestern

South America

The 220 cities of cluster CHM1523(4) are spread over multiple regions (see figure 48). The cities

of this cluster form multiple agglomerations in specific parts of the world. One of the few dense

agglomerations is the northern part of India, Pakistan and Bangladesh with around 60 cities.

More cities are equally distributed over India. A less dense agglomeration is the Southeast Asian

region including the Philippines, Indonesia and Malaysia. Also in the western and eastern region

of Central Africa around 50 cities are assigned to this cluster. Further, 70 cities are located in
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Figure 48: Cluster CHM1523
(4) with cities in North India, Southeast Asia, East and West Africa,

Middle America and northwestern South America.

Middle America and South America with a focus on the northwestern part of South America.

Two exemplary cities assigned to this cluster are shown in figure 69 in the appendix.

Figure 49: Cluster CHM1523
(5) with cities in South China, Korea, Japan and the Eurasian region.

CHM1523(5) - South China, Korea, Japan and Eurasian region

CHM1523(5) shown in figure 49 has 263 cities assigned to it. The cluster has a very dominant

agglomeration of cities in the southeastern region of China (151 cities), North and South Korea

(16 cities) and Japan (12 cities). A second, more widespread agglomeration is the Eurasian

region with 51 cities. The remaining cities are scattered around the world with five cities in the

southwest of Brazil, five in Middle America, three in Africa and seven in Southeast Asia. Two

exemplary cities assigned to this cluster are shown in figure 70 in the appendix.
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Figure 50: Cluster CHM1523
(6) with cities in India, California, Central Mexico, southeastern South

America, West Africa and Southeast Asia.

CHM1523(6) - India, California, Central Mexico, southeastern South America, West Africa,

Southeast Asia

The cluster CHM1523(6) with 263 cities is distributed more dispersed around the world. This

cluster has many small and dense agglomerations in specific geographical regions. On the North

American continent small agglomerations are in Central Mexico (19 cities) and California (14

cities). Continuing with South America, one agglomeration is in Colombia (nine cities) and

two are in Brazil with 34 cities in an eastern and a southeastern cluster. 16 more cities are

spread across the southern part of South America. Another dominant cluster are 64 cities spread

across Central and South India. 33 more cities are spread across East Asia with a focus on the

Indonesian island Java. Other regional clusters are found in Central Asia and the Middle East.

33 cities are spread across the African continent with a more dense agglomeration in Nigeria.

Two exemplary cities assigned to this cluster are shown in figure 71 in the appendix.

Figure 51: Cluster CHM1523
(7) with cities mainly located in the European, Mediterranean and West

Russian region.
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CHM1523(7) - Europe, Mediterranean region and West Russia

The cluster CHM1523(7) shown in figure 51 is strongly dominated by European and Mediterranean

cities including the western region of Russia (165 out of 194 cities are within this area). Another

16 cities are spread across the US. The remaining few cities are scattered around the world. Two

exemplary cities assigned to this cluster are shown in figure 72 in the appendix.

With the qualitative description of the seven clusters CHM1523 it is possible to give a definitive

answer to the second research question: Yes, similar cities form geographical clusters when

comparing them based on the found patterns of intra-urban morphological configurations. Some

clusters form very distinct geographic regions, while others are a bit more ambiguous. Still,

within the disperse clusters the cities form spatial agglomerations in specific geographical regions.

The results will be discussed in chapter 6. To further examine the formation of geographic

clusters, the work continues with the results obtained for the two ablation studies formulated

within the research framework (see chapter 3).

5.3 Ablation Studies on Clustering Cities.

The first ablation aims to use the methodology developed in this work, but reduces the amount

of cities to the 110 cities used by Taubenböck, Debray et al. (2020) (see chapter 4.3.5). The

110 cities were clustered with k-means and the optimal number of clusters determined with the

gap statistic algorithm. In result, the 110 cities were assigned to seven clusters CHM110 shown

in figure 52. Also the clusters obtained with the reduced dataset form partially distinctive

geographical regions. The resulting seven clusters are shortly sketched:

CHM110(1) - China and Eastern Europe (Eurasia)

The first cluster CHM110(1) is mostly located in China and Eastern Europe.

CHM110(2) - America, Africa, Asia

The second cluster CHM110(2) is spread over North and South America, Central and South Africa,

East Asia and Australia.

CHM110(3) - Middle East

The third cluster CHM110(3) includes cities mainly in the Middle East with three cities in the

Indian/ Pakistani region and two in Africa.

CHM110(4) - East Africa, Pakistan, Northwest India

The cluster CHM110(4) is located mainly in East Africa and the region of Pakistan and Northwest

India.
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CHM110(5) - Asia

The cities assigned to Cluster CHM110(5) spread more broadly in the Asian region. Two cities are

located in Africa.

CHM110(6) - Africa

The cluster CHM110(6) contains cities located mainly in Africa. Two cities are found in India and

two in Southeast Asia.

CHM110(7) - Europe

The last cluster CHM110(7) is a distinctive European cluster.

The second ablation aims to cluster the 1523 cities with the 18-dimensional feature space

developed by Taubenböck, Debray et al. (2020). The feature space describes the statistical LCZ

class distribution within the MUAs as well as the size of the MUAs. The cities are assigned with

k-means to 29 clusters which were determined by the gap statistic algorithm (see chapter 4.3.6).

Additionally, the 1523 cities were also assigned to only seven clusters C ∗7
F1523

to provide a better

overview.

The 1523 cities assigned to the 29 individual clusters CF1523 are very difficult to distinguish (see

figure 53). Thus, not all 29 clusters will be examined individually. Instead, this work confines

itself to mention that similar cities form geographic regions when comparing them based on the

feature space developed by Taubenböck, Debray et al. (2020). Yet, some mentionable exemplary

clusters that can be distinguished on the map are CF1523(19) in Great Britain, CF1523(5) in the

western part of the US or CF1523(13) in Central Europe.

Figure 54 shows the 1523 cities assigned to the seven clusters C ∗7
F1523

. The clusters form partially

agglomerations in specific geographical regions, even though they are also spread widely around

the world. Their geographical distributions are shortly sketched:

C ∗7
F1523

(1) - Eurasia with focus on Northeast and Southeast China

The first cluster has its cities located widespread in Eurasia with two dominant regions in China.

One is located in the Northeast, the second is located in the southeast of China. Some other

cities assigned to this cluster are found in Middle America.

C ∗7
F1523

(2) - Worldwide with focus on Nigeria, Northeast and South India, Southeast Asia

This cluster is very ambiguous. The cities assigned to it are widespread over the world, yet they

form many local agglomerations in specific geographic regions. Geographical agglomerations are

found in Nigeria, Pakistan, southern and northeastern India, as well as Southeast Asia. But also

in Europe as well as on the North and South American continent, cities of this cluster are found.

C ∗7
F1523

(3) - Middle East

The cities assigned to this cluster form a distinctive area in the Middle East.

71



C ∗7
F1523

(4) - Worldwide with focus on India and Nigeria

The cluster is more widespread around the world, but has agglomerations mainly in India and

Nigeria.

C ∗7
F1523

(5) - Eurasia with focus on Central East and Southeast China

Cities assigned to this cluster C ∗7
F1523

(5) are mainly located in Central East and Southeast China.

Further, this cluster contains many cities in Europe and some located in Middle America.

C ∗7
F1523

(6) - America, Africa, Central and Southeast Asia

This cluster is widely spread across Middle and South America, the African continent as well as

Central and Southeast Asia.

C ∗7
F1523

(7) - Europe

The cluster is dominated by two geographical regions, Europe and the eastern part of the US.
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6 Discussion

Each city is constituted by a unique composition of elements with their specific interrelations. The

diversity of cities is reflected in a variety of functional, socio-economic and physical characteristics.

Yet, similar elements and features are shared among multiple cities and form patterns that can

be found across the world. The urban morphology can be regarded as a physical registration

plate for all urban processes but also defines the human perception of and activity within a city.

Multiple models were developed to examine the urban morphology and the formation of spatial

patterns to uncover the rules that form and shape a city. However, they are often limited by a

regional context, cultural bias and lack of comparable data (see chapter 2). Recent developments

in remote sensing allowed the derivation of consistent datasets to describe the urban morphology

and delineate city boundaries. Based on this empirical datasets, this work conducted in a first

part an explorative search of intra-urban morphological configurations on a global scale with

new unsupervised clustering approaches. The methodology and findings are discussed in the

following chapter 6.1. In the second part of this work, the found patterns build the foundation

to further group cities with similar urban morphological configurations through a comparative

approach. The resulting city clusters and the methodology are discussed in chapter 6.2.

6.1 Understanding Patterns of Urban Morphological Configurations

The first research question aimed to find patterns of urban morphological configurations. In the

context of this work, a pattern was defined as a re-occurring spatial arrangement of the urban

morphological components. The urban morphology of a city is classified by the LCZs and the

city boundaries delineated by the MUAs. The search of urban patterns was conducted on small

subsets of LCZs data (patches) within the MUAs by adapting state of the art approaches of

unsupervised clustering. In total, 138 clusters of urban morphological configurations were found

(see chapter 5.1).

With a qualitative interpretation of the obtained results, the patches within the exemplary

clusters (figures 40- 43 and figures 58- 65) can be considered as semantically similar, while the

clusters themselves are semantically different. The patches within one cluster mostly share a

similar statistical and spatial distribution of LCZs. In a patch, the individual pixels with the

same LCZs classes aggregate to components on a larger scale. The size and shape of those

components is also shared across the patches. This shows that the initial intention of clustering

semantically similar patches and thus finding patterns was successful.

However, when visually comparing two patches of the same cluster, there can be major differences

in some cases. That means, not all patches within a cluster have the same urban morphological

configuration. This raises the following questions: Are some patches assigned to a wrong cluster

and is there in consequence a correct cluster they should be assigned to instead? Or is the

morphologic reality represented by the LCZs so diverse that the patches assigned to one cluster

show inevitably differences? And is thus the assignment to the cluster still the best choice?
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These questions are closely linked to the amount of generalization the clusters provide. With a

very large number of individual clusters, one could expect each cluster to describe a more specific

urban morphological configuration and in consequence include only a few patches that are very

similar to each other. When reducing the overall amount of clusters, the patterns each cluster

represents are introduced to a higher level of generalization and thus contain a larger amount of

more diverse patches. It must be considered that the unsupervised clustering methods applied

in this master thesis obtain for exemplary benchmark datasets accuracy performances of 90.3%

on the CIFAR-10, 53.3% on CIFAR-20 and 86.7% on STL-10 (Park, Han et al. 2020). These

accuracy measurements cannot be mapped to this work, yet they indicate that also these cluster

results are likely to have miss-classified patches.

So what do these results suggest? Do the obtained clusters denote different types of urban

morphological configurations? As stated in chapter 4.1.1, there is no prior knowledge on types

of morphological configuration in the context of this master thesis. Subsequently, neither the

obtained number of clusters nor the patches assigned to the clusters are quantitatively validated.

Nevertheless, the results constitute a fundamental research baseline on urban morphological

patterns and thus can build a foundation for a qualitative formalization and quantitative

description of those. A similar motivated study of Fleischmann, Feliciotti, Romice et al. (2021)

created a taxonomy of urban form on the level of individual buildings. Patterns are described

with a hierarchical clustering based on morphometric characteristics. Could a similar idea be

conducted with the results of this work? A hierarchical clustering of patches is possible but

would require the derivation of a feature space which was omitted with these state of the art

clustering approaches. Still, the obtained results may contain usable information to tackle these

questions. The patches do not show distinguishable objects (such as the benchmark datasets)

which would allow a clear distinction between the different clusters. Instead, the patches represent

a continuous range of different LCZ classes and spatial arrangements. It may be possible, that

some configurations are more frequently found among the cities than others. These configurations

could denote a prototypical pattern type, while different sub-types describe patterns in between

clusters which share configurations across multiple pattern types.

This leads to the next question: Does the confidence value of the patches not already denote

such a system? Each patch is represented by a fuzzy membership function with a confidence

value which describes the likelihood of belonging to each of the 138 found clusters. In theory,

the patches assigned to a cluster with high confidence values could denote these prototypical

patterns, while patches with low confidence values inevitably share configurations with other

clusters. This also would mean that high confidence patches of one cluster have configurations

similar to the pattern type represented by this cluster and are thus very similar to each other.

Yet, in practice a first qualitative review of the patches and their confidence values could not

unveil such regularities. All these open questions demand a more detailed analysis of the results,

which goes beyond the scope of this master thesis. This might be a subject of interest for future

studies.
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Urban morphological patterns can be observed on multiple scales: for instance on the level of

buildings, on the level of neighborhoods or whole cities. Searching patterns on the underlying

LCZs data with a pixel size of 100m ∗ 100m requires to regard the context of those basic elements

and thus limits the scale. A patch size of 32 ∗ 32 pixels was chosen with an assumed balance

between generalization and specification of patterns (see chapter 4.3.1). The findings of this

study are thus limited only to this specific context and scale. However, the baseline developed in

this master thesis can be adapted to other scales and datasets, to take either a closer look at

more specific urban configurations or conduct a more generalized approach.

Throughout this master thesis, missing knowledge on the searched patterns had to be compensated

by making assumptions on the characteristics of the data and on the adaption of the methodology.

The results obtained in this work come along with a variety of uncertainties and limitations that

need to be discussed. These include (i) the data basis, (ii) the data preparation, (iii) the pretext

task, (iv) clustering with the SCAN framework and (v) the RUC framework.

(i) Data basis

The data basis consists of the externally provided datasets of LCZs and MUAs. Regarding

the search of urban morphological patterns, especially the adequate representation of the

morphological reality by the LCZ is of relevance. On one side, the representation of urban

morphological characteristics through the LCZ classification scheme developed by Stewart

and Oke (2012) comes with uncertainties. This is due to the level of generalization and the

original development for climate studies. On the other side, the LCZ mapping itself comes with

uncertainties. Qiu, Schmitt and Zhu (2019) give an overall accuracy of 86.7% for their LCZ

mapping. Yet, the classification accuracy varies among different cities and geographical areas, but

also among the specific LCZ classes different accuracies are achieved (cf. Qiu, Mou et al. 2019; cf.

Qiu, Schmitt and Zhu 2019). This is partially due to the challenge of deriving three-dimensional

knowledge (represented by the LCZ) from two-dimensional Sentinel-2 imagery. Other parameters

are the training strategy, the number of selected samples in different cities and the aggregation

of urban structures to spatial units of 100m ∗ 100m.

(ii) Data preparation

In the process of data preparation, multiple overlapping LCZ tiles are merged. The overlapping

parts do not have an identical LCZ mapping, instead tiles that cover the same area have slight

variations. This is resolved by keeping the mapping of the larger tile during the merging process

(see chapter 4.3.1). In reality, it is not known if the LCZ mapping of one tile is preferable over

the mapping of another tile. Further, some LCZ were re-projected in order to merge them

together. To avoid inconsistencies with the categorial LCZs data along the process of merging

and re-projecting, a nearest neighbor sampling was chosen. Still, minor divergences from the

original LCZs data can arise during this process.
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(iii) Pretext task with the SimCLR framework

A neural network ΦΘ was trained to learn semantically meaningful representations by solving the

pretext task τ with the SimCLR framework (see chapter 4.3.2). The framework was developed

by Chen, Kornblith et al. (2020) to support object classification of images with multiple color

channels.

Since the underlying LCZs of this work describe thematic categories and not color channels,

this work assumes that the data augmentation parameters used in the SimCLR framework need

to be adapted to the categorial LCZ pixel values (see chapter 4.1.3). The color distortions

were removed and the geometric distortions enhanced by a horizontal flip. Chen, Kornblith

et al. (2020) empirically show that the composition of augmentations, especially the combination

of color and geometric distortions, is key for representation learning. They further show that

images can be identified solely by their histogram of pixel intensities. A network might exploit

these characteristics during the training process and thus focus on statistical features instead of

learning generalized representations. This cannot be precluded with the use of LCZs data in this

master thesis. Even though color distortions are completely excluded in this work, small color

augmentations in a limited context could be helpful. Exploring their impact might be of interest

for future studies.

Other parameters to consider are the batch size and depth of the network. Chen, Kornblith

et al. (2020) achieve better results with larger batch sizes and deeper networks. In the context of

this master thesis, both were limited due to the available hardware components. Even better

results in this work may be achieved by leveraging both parameters. However, using the trained

network ΦΘ to mine k-nearest neighbors for the following task worked well and thus proved the

functional principle of this concept (see figure 27).

(iv) Clustering with the SCAN framework

Also the implementation of the SCAN framework comes with several restrictions. Beginning

with the augmentations, again all color distortions are discarded and the geometric distortions

are partially adapted (see table 2 and 3). This concerns also the cutout parameter for which

this works assumes that multiple smaller cutouts are better compared to one large cutout (1/4

of the original image). The overall urban configurations of the whole patch are considered to be

important. These are assumed to be better maintained with smaller cutouts. One large cutout

would force the network to focus on the remaining patch which could denote a different urban

configuration without the cutout part. Yet, the specific effects on the network performance are

also unknown here.

The SCAN framework expects that the number of clusters and the distribution of samples among

the clusters are known in advance (see chapter 4.3.2). If the distribution is not known, an even

distribution of the samples among given clusters is enforced by the second term of the loss function

78



Lscan (see equation 5). Gansbeke et al. (2020) achieve good results on benchmark datasets with

this ’trick’, yet they limit the approach for real-world applications where neither the number of

classes nor the distribution of samples among the classes is known. This also poses a challenge

for the search of urban morphological configurations. This work proposes a work-around by

over-clustering the patches with a high number of clusters. For this task, the arbitrary number

of 1024 classes was chosen. Even though the samples are automatically re-assigned during the

self-labeling step to a smaller number of clusters, the effect of this parameter on the final results

of this work is not known. Choosing a different number will likely lead to different results.

Further uncertainties arise from this adaption. For the clustering-step, the largest applicable

batch size with the given hardware is 384. Having two similar patches within a mini-batch, the

second part of the loss function Lscan inevitably punishes the assignment to the same cluster

(since all 384 samples should be assigned evenly to the possible 1024 classes). Developing a better

suited loss function for this task, which clusters similar patches on one side but still forces a

dispersion over a given number of classes on the other side, was out of the scope of this master

thesis. The uncertainty resulting from this dilemma could be reduced by leveraging the batch

size to a number much larger than the given 1024 classes.

The chosen parameters also affect the self-labeling step of the SCAN framework. Due to the

over-clustering, the patch confidence values turned out to be very low (see figure 29). Hence, the

threshold for sampling high confidence patches proposed by Gansbeke et al. (2020) could not be

used. Instead, a new sampling strategy was developed with a class dependent threshold. This

certainly impacted the choice of prototypical patterns, the training process and consequently the

resulting clusters.

(v) Refining results with the RUC framework

The intention of applying the additional RUC framework was to correct the overconfident results

obtained with SCAN (see figure 29). The RUC framework improves the classification result on

benchmark datasets by a few percental points (cf. Park, Han et al. 2020). It is uncertain how

much the RUC framework will improve the accuracy of the results obtained with SCAN. Small

changes will be difficult to notice with a visual comparison of the results. Yet, the framework

succeeds in re-balancing the confidence values of the overconfident results obtained with SCAN

(compare figure 29 with figure 33). This is assumed to be important for an adequate description

of the morphologic reality and comparison of patches.

Despite all the uncertainties that come along the methodology, 138 clusters were obtained with a

fully unsupervised approach. As discussed earlier, their validity cannot be verified and results

may change with the use of different parameters. However, the cluster results prove the functional

principle of the developed concept.
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6.2 Formation of Geographic Clusters with similar Cities

The second research question aimed to group similar cities based on their morphological patterns

and examine the formation of geographical clusters. Cities are delineated by the MUAs and

their patches characterize urban morphological patterns with a fuzzy membership function. The

fuzzy membership function of the patches was obtained with the previous results by clustering

the patches (see chapter 4.3.1 - 4.3.3). In this work, a new similarity metric for cities was

developed with a pairwise patch comparison (see chapter 4.3.4). Similar cities were grouped with

a fully unsupervised baseline which was adopted from Taubenböck, Debray et al. (2020). The

1523 cities used in this work were assigned to seven clusters CHM1523 via the k-means algorithm

(see chapter 4.3.5). Beginning with the main results, the spatial distribution of the clusters is

discussed (1). Second, the ablation studies are set in context with the main results and the work

of Taubenböck, Debray et al. (2020) (2). Lastly, uncertainties arising from the methodology are

discussed (3).

1) Spatial distribution of the seven clusters CHM1523

The cities of each of the seven clusters are not dispersed randomly around the world. They form

agglomerations in specific geographic regions (see figure 44). Some clusters are concentrated on

one or two specific regions, such as CHM1523(1) (China), CHM1523(3) (Mediterranean and Middle

East), CHM1523(5) (Asia and Eurasia), CHM1523(7) (Europe). Other clusters are spread over

multiple continents but the cities assigned to them are still found in distinctive geographic regions

on the world map, such as CHM1523(2) (eastern United States, Nigeria, India) and CHM1523(4)

(Middle and South America, Africa, India) and CHM1523(6) (India, Middle and South America).

These results are interesting as they come along with many fundamental questions on urban

morphology. Why do these spatial distributions appear within the clusters? May it be possible

that these clusters denote a certain city type?

Different city types and models have been described and developed in the past (see chapter 2).

These can be based on functional, socio-economical and morphological features. Yet, they

are often limited by a regional context or by a cultural bias. The lack of comparable data

impeded empirical approaches for a long time. Defining types of cities was often conducted with

a cultural-genetic approach including the concept of cultural areas. Can the spatial patterns

found in this master thesis be explained with this aspect? Does for example the European

cluster CHM1523(7) hints towards the theoretical concept of an European city as proposed by

Hofmeister (1996)? It cannot be denied that cities which are spatially close to each other are

often more similar compared to cities further away. But arguing with the concept of cultural

areas is deliberately omitted in this work. It is considered that homogeneous cultural areas as

proposed in the literature may not exist and thus are controversially discussed (see chapter 2.3).

Instead, this work assumes that a geographical perspective on the spatial distribution of city

clusters is more expedient.
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To understand why the spatial distribution of clusters is linked to geographical regions, it is

necessary to understand how these clusters form. Cities are clustered based on their intra-

urban morphological configurations. In consequence, each cluster describes a set of cities with

similar urban configurations. Comparing cities means automatically comparing a set of urban

morphological patterns. The results of this master thesis suggest that the formation of urban

morphological patterns are not random. Instead, similar patterns are likely to be found in

cities that are spatially close to each other. So what does this mean in consequence? Urban

morphological patterns emerge under the impact of factors linked to the geographic location.

To understand the spatial distribution of city clusters requires thus finding and exploring these

factors. This could be a promising tasks of future studies in urban morphology.

Even though the influencing factors have yet to be determined, seeing the clusters as a set

of cities with similar urban configurations helps to understand the geographical distribution.

The diverse distribution leads inevitably to the question why some clusters are restricted to

geographic regions while others are dispersed more around the world. Having clusters of cities

in distinctive regions such as Europe (CHM1523(7), figure 51) or the Middle East (CHM1523(3),

figure 47) would correspond to a subjective impression of similarity many people have. Contrary

to these clusters, what do the widely spread clusters such as CHM1523(2) (see figure 46) suggest?

Is a North American city similar to cities in Nigeria and Southwest India? Is a Californian city

as found in cluster CHM1523(6) (figure 50) characterized by urban morphological configurations

that are likely to be found in Indian and South American cities but not in European cities?

This is exactly what these results show. However, foremost it must be considered that these

clusters denote not a similarity in terms of economic power, functions and cultural heritage. It

is a similarity on the more abstract level of intra-urban morphological configurations described

by the LCZs. Understanding how the formation and spatial arrangement of these LCZs, which

denote urban morphological characteristics, are linked to all these diverse factors could result in

a more profound understanding of cities.

The spatial distribution of the seven clusters CHM1523 obtained in this work may also be partially

explained by the applied methodology. Especially the dispersed clusters CHM1523(2), CHM1523(4)

and CHM1523(6) indicate that more distinctive geographic regions might appear with the use

of more clusters. This is underlined by the fact that even though these clusters are spread

around the world they still form a number of small spatial agglomerations in distinct geographic

regions. The number of seven clusters was determined via the gap statistic method. Multiple

runs with different seed keys came to different cluster results (see figure 37). This shows that

there is no definitive correct amount of clusters and the results are highly depend on the random

initialization within the gap statistic method. Yet, the different gap statistic results are mainly

grouped around the optimal seven cluster in a range of around two to twelve clusters. This means

that even though the number of clusters is ambiguous their representation by k∗final = 7 optimal

clusters seems valid. Further, the number of seven clusters leaves enough room to examine

specific clusters, while maintaining a high level of generalization. To examine the formation of

geographic clusters in more detail, a higher number of clusters could be considered.
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So do these seven clusters CHM1523 denote seven city types? An answer for this question would

require a more detailed analysis of the characteristics of the found clusters. Yet, this work

assumes that the boundary between the seven clusters is continuous since cities can be composed

by a great variety of urban morphological patterns. However, it can be concluded that the cities

among the seven clusters are likely to show similar patterns of urban morphological configurations.

2) Ablation studies

(i) Clustering 110 cities based on urban morphological patterns

The first ablation study is based on the distance calculation performed in the main study of this

work, yet only 110 cities are used for clustering (see chapter 4.3.5). These 110 cities are the cities

used in the study by Taubenböck, Debray et al. (2020) to allow a comparative approach. In

result, seven clusters CHM110 are obtained (see figure 52). A comparison with the main findings

of this work will unveil similarities and differences but do not contribute to thematic insights.

If the same feature space is used but the number of samples to cluster is reduced the clusters

found with k-means will consequently change. More interesting is a qualitative comparison to

the work of Taubenböck, Debray et al. (2020). In their study they derive an 18-dimensional

feature space describing the percental share of the 17 LCZ classes with the MUAs. The 18-th

dimension describes the size of the MUAs. Based on this feature space, they also find seven

clusters, denoted here as CT110 .

Both cluster results CT110 and CHM110 are based on completely different feature spaces but their

baseline for clustering is the same. Both find seven optimal clusters which simplifies a qualitative

comparison. Surprisingly, the spatial distribution of both cluster results shows many similarities

(see Taubenböck, Debray et al. 2020, p. 7). The first cluster CT110(1) is described as mainly

Asian and African and corresponds to CHM110(4) which is also a mainly (East) African and Asian

(Pakistani, Northwest Indian) cluster. The cluster CT110(2) is described as mainly Asian and

American and corresponds to CHM110(2) which is an American, African and Asian cluster. Both

are very similar with the exception that CHM110(2) has cities included from the African continent,

while CT110(2) does not have any African cities. The third cluster CT110(3) described as European

corresponds to CHM110(7) also including mainly European cities. Differences arise in the eastern

part of Europe which is not included in CHM110(7). Cluster CT110(4) is described as eastern Asian

and eastern African and may correspond to CHM110(6) which has only African cities. The cluster

CT110(5) with Central African cities is not found in CHM110 . Therefore CHM110(1) describes a

Chinese and Eastern European cluster, which is not found in CT110 . CT110(6) corresponds to

CHM110(3), both with cities in the Middle East. CT110(7) is denoted to contain large cities but

may correspond to CT110(5) as a mainly Asian cluster.

The cluster results CT110 from Taubenböck, Debray et al. (2020) and CHM110 from this work

are very similar. Six out of the seven clusters show a high overlapping. Differences occur due
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to the different methodological approaches. Yet, the main findings of Taubenböck, Debray et

al. (2020) can be partially confirmed with the new methodological approach developed in this work.

(ii) Clustering 1523 cities based on a 18-dimensional feature space

The second ablation study derives a 18-dimensional feature space for the 1523 cities used in this

study with the methodology developed by Taubenböck, Debray et al. (2020) (see chapter 4.3.6).

With the same baseline for clustering, an optimal number of 29 clusters CF1523 was found (see

figure 53). To provide a generalized overview, the results were additionally clustered with only

seven clusters C ∗7
F1523

(see figure 54).

The 29 clusters found with this ablation study were determined with the gap statistic method

(see figure 39). The figure shows that multiple runs with different seed keys came to different

cluster results. The gap statistic results range from 2 to 50 clusters and are more ambiguous

than the gap statistic clusters obtained in the previous results (see for comparison figure 37

and figure 38). The gap statistic algorithm was limited to the range of [1, 50] clusters. Using

more clusters may have led to an even higher number of optimal clusters. In conclusion, the

number of 29 optimal clusters CF1523 is very uncertain. However, the high number of clusters

allows to examine the spatial distribution on a more detailed level. The clusters form spatial

agglomerations, some in very distinctive regions, some more widely dispersed around the world.

An extensive qualitative analysis of the 29 clusters would go beyond the scope of this master

thesis. Further, a qualitative comparison with the previous results is impeded by the different

number of clusters. Therefore, this work will analyze the 18-dimensional feature space clustered

with seven clusters C ∗7
F1523

in comparison to the main findings of this work CHM1523 .

The seven clusters C ∗7
F1523

show partially very clear formations of geographical agglomerations.

Yet, they cannot be mapped one to one to the cluster results of CHM1523 . The first cluster

C ∗7
F1523

(1) is a mainly Chinese cluster, but also spread across Eurasia with some cities in Middle

America. Cluster CHM1523(1) is instead focused only on China. The second cluster C ∗7
F1523

(2) is

very similar to CHM1523(2) but has fewer cities in the eastern part of the US. The third cluster

C ∗7
F1523

(3) is also very similar to CHM1523(3), yet cities of the Mediterranean region are missing.

Compared to CHM1523(4), the spatial distribution of the fourth cluster C ∗7
F1523

(4) is on one side

more dispersed on the world map but has on the other side a strong focus on the whole Indian

country. Cluster C ∗7
F1523

(5) and CHM1523(5) are both very similar and have only a few minor

differences. Also C ∗7
F1523

(6) and CHM1523(6) are similar, yet C ∗7
F1523

(5) is missing Indian cities

which were assigned to C ∗7
F1523

(4) instead. The last cluster C ∗7
F1523

(7) shows the same European

cluster as CHM1523(7) with additional cities in the eastern part of the US. These are mainly the

cities that were missing in C ∗7
F1523

(2).

In conclusion, both methods find very similar clusters. Some differences emerge from specific

geographic regions shifting from one cluster to another cluster. The results which were obtained

with the methodology developed by Taubenböck, Debray et al. (2020) applied to a larger dataset
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can be confirmed with the findings obtained with the methodology developed in this work.

Not only do similar cities form geographic clusters, but also the geographic clusters are mostly

congruent. Why do the obtained results show similar findings despite fundamentally different

methodological approaches? Both approaches use the same baseline for clustering, but have a

different feature space. To tackle this question, the feature space on which the clustering of cities

is performed needs to be examined.

F1523 is a feature space composed of the statistical distribution of the LCZ classes. Further, it

includes the MUA size as an additional feature. In F1523, the class LCZ-17 (water) is partially

excluded from the original MUAs and thus less present compared to the patches derived within

the buffered MUAs. The feature space HM1523 describes the similarity of cities based on their

patches assigned to urban morphological patterns. The similarity of cities is embedded in a four-

dimensional space via MDS. Similar patches have of course also a similar statistical distribution

of the LCZ classes, yet their spatial arrangement plays a key role. However, it is unclear how the

patch clustering is affected by the deprecation of the color augmentations (see chapter 6.1). It

is not ensured that the networks used in this work do not exploit the statistical features and

thus bias the representation learning and clustering of the patches (see chapter 6.1). Thus, both

feature spaces may come to similar results since both include characteristics of the statistical

distribution of the LCZs. A further possibility is that the differences in both feature spaces do

not play an important role in clustering and thus similar clusters emerge. This includes the size

of a city as well as the class LCZ-17 (water).

3) Uncertainties and limitations arising from the methodology

The development of a similarity metric for cities and the clustering of cities come with limitations

and uncertainties which will be discussed in the following part. These include (i) the data basis,

followed by (ii) the data preparation, (iii) distance calculation and (iv) the clustering of cities.

(i) Data basis

The data basis for clustering cities comes along with all the uncertainties mentioned in chapter 6.1.

Still, further aspects play a role in the clustering of cities and thus need to be mentioned. The

clustering of cities is closely linked to the clustering of patches and thus the underlying LCZ

data. When finding similar cities in distinctive geographic regions, the similarity of those cities

must be consequently reflected in the LCZs. However, the mapping of the LCZ itself may be

affected by a hidden geographical bias. This begins with the selection of training samples limited

to specific cities, continues with the interpretation based on expert knowledge and accumulates

to different accuracy values for different regions in the world.

The MUAs are relevant for a comparative approach of cities, since they delineate their boundaries.

They provide a consistent data driven approach and thus a comparable framework for cities.

However, the underlying sectoral monocentric city model does not always reflect the morphologic
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reality of cities (see chapter 2). This affects which urban morphological configurations are present

within the MUAs. Further, MUAs are not fully covered by the LCZ classification (see chapter 4.3.1

and table 7). Hence, the urban morphological configurations of urban agglomerations cannot

be fully represented by the available LCZs. This also limits the use of the MUAs size as an

additional feature in F1523. In consequence, the benefits of a comparable framework with the

MUAs cannot be fully exploited in this work.

(ii) Data Preparation

Further limitations come along with the data preparation. Miss-classification of the LCZs was

tackled with an edge-removal of 3% on each side of the LCZ raster tiles (see chapter 4.3.1. This

reduced the available coverage of the LCZs data. The definition of patches with a squared shape

and size of 32 ∗ 32 pixels limits the comparison of cities based on these patches to this spatial

context. Additionally, the patches have to be within the MUAs. To relax the spatial limitations,

include more LCZ data and enhance the available information to the surrounding context, the

MUA were increased with a 1000m buffer. This buffer is independent on the MUAs size and

thus has a relatively higher impact on small MUAs compared to large MUAs.

(iii) Distance calculation

The distance calculation developed in this work is based on a patch comparison of cities via

Hungarian matching (see chapter 4.3.4). Each patch is described with a fuzzy membership

functions which is dependent on the confidence balancing among the classes and underlies

uncertainties as discussed in chapter 6.1. However, the confidence values among the patches

seem to represent adequately the morphological diversity of patches (see figure 33) and the patch

clusters look consistent (see chapter 5.1).

The similarity measurement of cities by a distance calculation with Hungarian matching is limited

in several ways. The Hungarian algorithm tries to assign each patch of a city to a patch of

another city by minimizing the overall Euclidean distance (costs) between the patches. Thus,

the costs describe how similar a set of patches of one city is to a set of patches of another

city. The costs are normalized by dividing the overall costs by the number of matched patches.

Yet, the Hungarian algorithm performs solely a balanced assignment. If one city has more

patches compared to another city, the redundant patches are not considered in the distance

calculation. Differences in the city sizes introduce a bias towards a higher similarity. This

becomes apparent with the following example: comparing a city va with one patch to a city vb

with 100 patches will assign the patch of va to the best matching patch of vb and deprecate the

other 99 patches. Having a high number of patches in vb will increase the likelihood of having a

patch which is similar to the patch in va. In consequence, the cities va and vb will be considered

as similar, even though the remaining 99 patches might show fundamentally different urban

morphological configurations. Future studies can avoid this by including the distances of all

patches within two sets of cities and normalizing the costs by the number of patches of both cities.
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The Hungarian algorithm does not consider the spatial arrangement of patches within cities. The

spatial relation of the LCZs is only considered within the patches and thus limited to this context.

Considering the spatial relation of urban morphological patterns could provide interesting insights

and lead to a better understanding of urban morphological configurations in cities.

(iv) Clustering of cities

To cluster cities based on the similarity metric developed within this work, the distances were

transformed to a four-dimensional coordinate space via MDS. Embedding the distances to a fixed

number of dimensions results in a loss of the correct distance representation, shown with the

stress value in figures 35 and 36. The number of dimensions also affects the k-means algorithm

due to the curse of dimensionality and are thus kept to a low number which is determined with

the elbow method (see chapter 4.1.1 and 4.3.4). However, using a different number of dimensions

in MDS may lead to different clustering results.

The clustering baseline with the k-means algorithm was adopted from Taubenböck, Debray et al.

(2020). The k-means clustering algorithm results in Voronoi cells with a linear separation of the

clusters. This might be sub-optimal in delineating the true cluster boundaries. The number of

clusters is determined with the gap statistic method. As discussed earlier, the optimal number of

clusters is ambiguous. However, it is a valid approach for a fully unsupervised clustering without

prior knowledge on the searched clusters.
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7 Conclusion and Outlook

Cities are complex systems with a unique composition of many different constituents and their

specific relationships. Each city has a unique history and is formed by a range of functional,

social, economical and environmental factors. However, similar elements and patterns can be

observed among cities, especially in the physical environment. Exploring urban morphological

configurations has been a subject of interest in many studies to gain a profound understanding

of cities and to contribute towards an improvement of urban planning and the quality of living.

Recent developments in EO and machine learning promoted the creation of new consistent

datasets that allow the exploration of urban morphology with quantitative approaches on a global

scale. Global mapping products provide a description of urban morphological components like the

LCZ classification (cf. Qiu, Schmitt and Zhu 2019) or delineate urban areas in a comparable way

like the MUAs (cf. Taubenböck, Weigand et al. 2019). A first study conducted by Taubenböck,

Debray et al. (2020) hints towards different urban morphological configurations which are linked

to geographic regions, yet the study was limited mostly to statistical characteristics in their

methodological approaches.

This master thesis aimed to overcome previous shortcomings and contribute to the exploration

of urban morphological patterns. Patterns of re-occuring morphological configurations were

searched on subsets of cities without prior knowledge in a fully unsupervised manner. With the

adaptation of new state of the art methods for unsupervised image clustering, 138 clusters of

different urban morphological configurations were found. The clusters show subsets of cities with

similar statistical distributions and spatial arrangements of their morphologic components. The

found patterns describe urban morphological configurations on the aggregated level of the LCZs

and are a first step towards a global typification of urban morphological patterns. Even though

the results come with uncertainties, they denote a foundation for a qualitative formalization and

quantitative description of urban morphological patterns which is missing to this day.

The found patterns were further used to compare the urban morphological configurations between

cities with the aim to explore the formation of geographical regions. Therefore this work

developed a similarity metric between cities by comparing their subsets, which belong to the

previously found urban morphological patterns. The similarity metric was derived for 1523

cities worldwide and similar cities were grouped with a fully unsupervised clustering baseline.

Using the k-means algorithm and gap statistic method seven clusters were statistically found.

Grouping cities to seven clusters led to a partially emergence of geographic regions with similar

cities. Some clusters are very congruent to distinctive geographic regions, while other clusters

are ambiguous and spread more widely around the world. Cities are compared by their set

of patterns, hence similar cities show similar urban morphological patterns. The formation of

city clusters as geographic regions means in consequence that the formation of patterns with

similar urban morphological configurations is linked to the geographical location. These findings

provide a baseline to determine relevant factors that lead to the formation of urban morphological

patterns and thus contributes towards a comprehensive understanding on the emergence of urban

morphological elements.
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Two ablation studies were conducted to compare the outcome of different methodological

approaches. Therefore (i) the number of used cities is changed to 110 cities for a comparison with

the results obtained by Taubenböck, Debray et al. (2020) and (ii) the methodology developed

by Taubenböck, Debray et al. (2020) is applied on 1523 cities for a comparison with the results

of this work. The ablation studies show that both methodological approaches come to similar

results, on a large dataset with 1523 cities as well as on a small dataset with the 110 cities

used by Taubenböck, Debray et al. (2020). Despite small differences, the results confirm that

cities with similar urban morphological configurations form groups linked to partially distinctive

geographic regions.

The findings of this work motivate to continue the exploration of urban morphological patterns

and their link to the geographic location. To overcome the limitations of this study, an extension

of the methodological implementation could be considered. For example the spatial arrangement

of urban morphological patterns in cities could be included in a similarity metric. The results

obtained in this master thesis raise multiple new questions. Why do cities in similar geographic

locations have similar patterns of urban morphological configurations? What are the factors

that lead to the formation of these patterns and how are these factors linked to the geographic

location? The knowledge on space obtained with this work allows to examine how different

functional, social, economical, physical and historical factors relate to the city clusters and

thus might explain the formation of spatial patterns. Finding these answers will likely lead to

a profound understanding of urban morphological processes and may be a subject of interest

for future studies. Furthermore, the finding of urban morphological patterns in this work can

contribute to the development of a comprehensive morphological city model. Based on these

results, future studies might be able to create generalized prototypical patterns with the use

of generative adversarial networks. This can be continued to create generalized models of

prototypical cities, composed by prototypical patterns, for the seven clusters found in this work.

In addition, the generation of those models could be linked to the factors responsible for the

formation of patterns and linked to the geographical context. Thus, the master thesis provides a

foundation for many new approaches in the exploration of urban morphology and contributes to

a better understanding of cities.
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Taubenböck, H., Müller, A. and Dech, S. (2013). “Urban Footprint Processor—Fully Automated

Processing Chain Generating Settlement Masks From Global Data of the TanDEM-X Mission”.

In: IEEE Geoscience and Remote Sensing Letters 10.6, pp. 1617–1621. doi: 10.1109/LGRS.

2013.2272953.

Faßmann, H. (2009). Allgemeine Stadtgeographie. ger. 2nd ed. Das geographische Seminar.

Braunschweig: Westermann, 256 pages. isbn: 978-3-14-160364-4.

Fleischmann, M., Feliciotti, A. and Kerr, W. (2021). “Evolution of Urban Patterns: Urban

Morphology as an Open Reproducible Data Science”. In: Geographical Analysis. issn: 0016-

7363. doi: 10.1111/gean.12302. url: https://doi.org/10.1111/gean.12302.

Fleischmann, M., Feliciotti, A., Romice, O. and Porta, S. (2021). “Methodological foundation of

a numerical taxonomy of urban form”. In: Environment and Planning B: Urban Analytics

and City Science. issn: 2399-8083. doi: 10.1177/23998083211059835. url: https://doi.

org/10.1177/23998083211059835.

91

https://doi.org/10.1175/BAMS-D-16-0236.1
https://journals.ametsoc.org/view/journals/bams/99/9/bams-d-16-0236.1.xml
http://www.jstor.org/stable/621094
http://www.jstor.org/stable/621094
https://doi.org/10.1007/978-3-030-12381-9_1
https://doi.org/10.1007/978-3-030-12381-9_1
https://doi.org/10.1007/978-3-030-12381-9_1
https://doi.org/10.1177/2399808317725075
https://doi.org/10.1177/2399808317725075
https://doi.org/http://doi.acm.org/10.1145/1015330.1015408
https://doi.org/http://doi.acm.org/10.1145/1015330.1015408
https://doi.org/10.1109/LGRS.2013.2272953
https://doi.org/10.1109/LGRS.2013.2272953
https://doi.org/10.1111/gean.12302
https://doi.org/10.1111/gean.12302
https://doi.org/10.1177/23998083211059835
https://doi.org/10.1177/23998083211059835
https://doi.org/10.1177/23998083211059835


Fritz, J. (1894). Deutsche Stadtanlagen. Beilage zum Programm Nr. 520 des Lyseums zu Strassburg

i. Elsass. Heitz. url: https://books.google.de/books?id=Op0%5C_AAAAYAAJ.
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Taubenböck, H., Esch, T., Felbier, A., Wiesner, M., Roth, A. and Dech, S. (2012). “Monitoring

urbanization in mega cities from space”. In: Remote Sensing of Environment 117. Remote

Sensing of Urban Environments, pp. 162–176. issn: 0034-4257. doi: https://doi.org/10.

1016/j.rse.2011.09.015. url: https://www.sciencedirect.com/science/article/

pii/S0034425711003427.
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Appendix

Table 1: Transformations used by Gansbeke et al. (2020) for the SimCLR pretext task and the adapted
transformation used in this work for the SimCLR pretext task. Geometric transformations are kept, the
Random Resized Crop is scaled to 75-100% and an additional Vertical Flip is added. The color distortions
are deprecated due to the categorial nature of the LCZs data.

Transformation Tcon Original Tcon Adaptation

Random Resized Crop Size: 32, Scale: [0.2-1.0] Size: 32, Scale: [0.75-1.0]

Color Jitter Probability: 80% -

Random Grayscale Probability: 20% -

Normalization data dependent -

Horizontal Flip Probability: 50% Probability: 50%

Vertical Flip - Probability: 50%

Figure 55: Four exemplary transformations of a patch with Tcon (see table 1).

Table 2: Transformations used by Gansbeke et al. (2020) for the clustering task and the adapted
transformation used in this work. Four random augmentations from the set of Randaugment are used (see
table 6). The Cutout parameter with 16 ∗ 16 pixels is changed to 32 holes with 2 ∗ 2 pixels. The original
Cutout parameter with 16 ∗ 16 is assumed to be beneficial for images with a single object (such as the
benchmark datasets), but less for the LCZs data. Considering that a large cutout forces the network to
focus on the remaining characteristics of an object shown in an image, this work assumes that this is
not applicable on the LCZ data. Here, the overall distribution is more relevant, hence the parameter is
changed to smaller and scattered cutouts (32 holes with size 2 ∗ 2) of the LCZs data.

Transformation Tscan Original Tscan Adaptation

Horizontal Flip Probability: 50% Probability: 50%

RSCAN Adaptation (table 6) no. augmentations: 4 no. augmentations: 4

Normalization data dependent -

Cutout no. holes: 1, size: 16 ∗ 16 no. holes: 32, size: 2 ∗ 2
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Figure 56: Four exemplary transformations of a patch with Tscan (see table 2).

Table 3: Transformations used by Gansbeke et al. (2020) for the self-labeling task and the adapted
transformation used in this work. Four augmentations from Randaugment are randomly chosen (see
table 6). The Cutout parameter with 16 ∗ 16 pixels is changed to four holes with 2 ∗ 2 pixels. This
work expects that urban morphological patterns have no distinct boundaries and the transition between
different types is fluent. To support the clustering of patches, the amount of generalization is reduced by
using only four cutout holes.

Transformation Tself Original Tself Adaptation

Horizontal Flip Probability: 50% Probability: 50%

RSCAN Adaptation (table 6) no. augmentations: 4 no. augmentations: 4

Normalization data dependent -

Cutout no. holes: 1, size: 16 ∗ 16 no. holes: 4, size: 2 ∗ 2

Figure 57: Four exemplary transformations of a patch with Tself (see table 3).

Table 4: The weak augmentations used in the RUC framework developed by Park, Han et al. (2020) and
the adapted transformation for this work. An additional Vertical Flip is added.

Transformation Tweak Original Tweak Adaptation

Random Resized Crop Size: 32, Scale: [0.2-1.0] Size: 32, Scale: [0.75-1.0]

Normalization data dependent -

Horizontal Flip Probability: 50% Probability: 50%

Vertical Flip - Probability: 50%
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Table 5: The strong augmentations used in the RUC framework developed by Park, Han et al. (2020)
and the adapted transformation for this work. Again, the Cutout is changed to smaller, scattered cutouts.

Transformation Tstrong Original Tstrong Adaptation

Random Resized Crop Size: 32, Scale: [0.2-1.0] Size: 32, Scale: [0.75-1.0]

Horizontal Flip Probability: 50% Probability: 50%

RRUC Adaptation (table 6) no. augmentations: 2 no. augmentations: 2

Normalization data dependent -

Cutout no. holes: 1, size: 16 ∗ 16 no. holes: 32, size: 2 ∗ 2

Table 6: Randaugment developed by Cubuk et al. (2020) is a set of possible augmentations. They are
used in the SCAN framework of Gansbeke et al. (2020) with parameters RSCAN Original which are
adapted to RSCAN Adaptation for this master thesis. They are also used in the RUC framework of Park,
Han et al. (2020) with parameters RRUC Original which are adapted to RRUC Adaptation in this work.
From this set, a specific number of augmentations is randomly chosen in the tables 2, 3 and 5.. All color
distortions are deprecated due to the categorial nature of the LCZ data. The geometric distortions are
kept.

Transformation RSCAN Original RSCAN Adaptation RRUC Original RRUC Adaptation

Identity Yes Yes Yes Yes

Autocontrast Yes - Yes -

Equalize Yes - Yes -

Rotate [-30, 30] [-30, 30] [-45, 45] [-45, 45]

Solarize [0, 256] - [0, 256] -

Color [0.05, 0.95] - [0.01, 0.99] -

Contrast [0.05, 0.95] - [0.01, 0.99] -

Brightness [0.05, 0.95] - [0.01, 0.99] -

Sharpness [0.05, 0.95] - [0.01, 0.99] -

Shear X [-0.1, 0.1] [-0.1, 0.1] [-0.3, 0.3] [-0.3, 0.3]

Translation X [-0.1, 0.1] [-0.1, 0.1] [-0.3, 0.3] [-0.3, 0.3]

Translation Y [-0.1, 0.1] [-0.1, 0.1] [-0.3, 0.3] [-0.3, 0.3]

Posterize [4, 8] - [1, 8] -

Shear Y [-0.1, 0.1] [-0.1, 0.1] [-0.3, 0.3] [-0.3, 0.3]
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Figure 58: Exemplary cluster c5 with 4121 patches in total. A random selection and their confidence
values is shown.

Figure 59: Exemplary cluster c6 with 2069 patches in total. A random selection and their confidence
values is shown.
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Figure 60: Exemplary cluster c7 with 2032 patches in total. A random selection and their confidence
values is shown.

Figure 61: Exemplary cluster c8 with 2307 patches in total. A random selection and their confidence
values is shown.

104



Figure 62: Exemplary cluster c9 with 1180 patches in total. A random selection and their confidence
values is shown.

Figure 63: Exemplary cluster c10 with 2172 patches in total. A random selection and their confidence
values is shown.
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Figure 64: Exemplary cluster c11 with 2596 patches in total. A random selection and their confidence
values is shown.

Figure 65: Exemplary cluster c12 with 1741 patches in total. A random selection and their confidence
values is shown.
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Figure 66: Two exemplary cities assigned to cluster CHM1523
(1).

Figure 67: Two exemplary cities assigned to cluster CHM1523
(2).
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Figure 68: Two exemplary cities assigned to cluster CHM1523
(3).

Figure 69: Two exemplary cities assigned to cluster CHM1523
(4).
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Figure 70: Two exemplary cities assigned to cluster CHM1523
(5).

Figure 71: Two exemplary cities assigned to cluster CHM1523
(6).
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Figure 72: Two exemplary cities assigned to cluster CHM1523
(7).
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ä
n
cä
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ré
k
o
ré
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éb

ec
C
a
n
a
d
a

4
9
6
.1
8

4
8
4
.4
9

9
7
.6
4

2
3
6

7
-

7
6

8
8
2

Q
u
et
ta

P
a
k
is
ta
n

2
6
6
.6
1

2
6
5
.3
1

9
9
.5
1

1
4
0

3
-

3
8

8
8
3

Q
u
it
o

E
cu

a
d
o
r

8
3
6
.9
7

5
4
9
.6
5

6
5
.6
7

3
7
1

2
-

2
1
9

8
8
4

Q
u
ji
n
g

C
h
in
a

2
3
8
.9
1

2
0
0
.5
4

8
3
.9
4

9
6

5
-

1
2

8
8
5

Q
u
zh

o
u

C
h
in
a

2
6
6
.0
4

3
6
.1
9

1
3
.6
0

1
0

1
-

1
2

8
8
6

R
a
b
a
t

M
o
ro
cc
o

3
0
4
.9
0

2
7
2
.8
3

8
9
.4
8

1
3
3

7
-

7
1
4

8
8
7

R
a
h
im

Y
a
r
K
h
a
n

P
a
k
is
ta
n

1
2
7
.0
1

1
2
7
.0
2

1
0
0
.0
1

5
5

6
-

4
1
7

8
8
8

R
a
jk
o
t

In
d
ia

2
1
8
.7
7

2
1
7
.5
7

9
9
.4
5

1
2
0

3
-

1
5

C
o
n
ti
n
u
ed

o
n
n
e
x
t
p
a
g
e

146



ID
C
it
y
N
a
m
e(
s)

C
o
u
n
tr
y

M
U
A

A
re
a

(k
m

2
)

L
C
Z
s
A
re
a

(k
m

2
)

L
C
Z
s

C
ov
er
a
g
e
(%

)

N
o
.
P
a
tc
h
es

C
H

M
1
5
2
3

C
H

M
1
1
0

C
F

∗
7

1
5
2
3

C
F
1
5
2
3

8
8
9

R
a
js
h
a
h
i

B
a
n
g
la
d
es
h

1
1
8
.6
8

8
2
.6
6

6
9
.6
5

3
5

2
-

2
2
5

8
9
0

R
a
m
a
d
i

Ir
a
q

1
6
7
.0
5

1
4
5

8
6
.8
0

5
6

3
-

3
8

8
9
1

R
a
m
p
u
r

In
d
ia

1
0
4
.6
4

8
6
.1
9

8
2
.3
6

3
3

4
-

4
1
5

8
9
2

R
a
n
g
p
u
r

B
a
n
g
la
d
es
h

1
0
7
.2
1

2
4
.4
8

2
2
.8
3

4
2

-
2

1
8

8
9
3

R
a
sh
t

Ir
a
n
(I
sl
a
m
ic

R
ep

u
b
li
c

o
f)

1
5
7
.2
9

1
5
7
.1
4

9
9
.9
0

7
3

4
-

6
1
5

8
9
4

R
a
u
rk
el
a

In
d
ia

2
0
3
.5
0

1
0
9
.5
3

5
3
.8
2

5
1

2
-

4
1

8
9
5

R
ay
o
n
g

T
h
a
il
a
n
d

3
5
1
.1
5

1
8
7
.8

5
3
.4
8

9
3

6
-

1
5

8
9
6

R
ea
d
in
g
-W

o
k
in
g
h
a
m

U
n
it
ed

K
in
g
d
o
m

1
1
4
.9
7

4
3
.6
3

3
7
.9
5

1
1

7
-

7
2
0

8
9
7

R
ec
if
e

B
ra
zi
l

5
4
5
.1
9

4
6
3
.9
5

8
5
.1
0

2
9
3

4
-

7
1
9

8
9
8

R
en

n
es

F
ra
n
ce

1
3
0
.2
2

1
3
0
.2
1

9
9
.9
9

4
7

7
-

7
1

8
9
9

R
en

o
U
n
it
ed

S
ta
te
s
o
f

A
m
er
ic
a

5
2
4
.7
3

5
2
4
.5

9
9
.9
6

3
4
0

6
-

7
2
7

9
0
0

R
en

q
iu

C
h
in
a

1
8
4
.7
4

1
8
4
.5
2

9
9
.8
8

7
4

1
-

1
5

9
0
1

R
ic
h
m
o
n
d

U
n
it
ed

S
ta
te
s
o
f

A
m
er
ic
a

2
8
2
.6
9

2
6
6
.3
5

9
4
.2
2

9
4

2
-

7
6

9
0
2

R
ig
a

L
a
tv
ia

2
0
4
.5
4

1
8
6
.7
7

9
1
.3
1

7
6

5
-

5
1
1

9
0
3

R
io

B
ra
n
co

B
ra
zi
l

2
3
7
.0
3

1
9
8
.0
6

8
3
.5
6

1
0
8

2
-

4
7

9
0
4

R
io

d
e
J
a
n
ei
ro

B
ra
zi
l

1
,5
1
0
.3
7

2
7
7

1
8
.3
4

1
1
0

4
2

6
3

9
0
5

R
iz
h
a
o

C
h
in
a

6
4
2
.8
8

3
7
7
.4
2

5
8
.7
1

1
8
3

1
-

1
2

9
0
6

R
o
ch
es
te
r

U
n
it
ed

S
ta
te
s
o
f

A
m
er
ic
a

4
3
9
.2
8

4
3
4
.7
4

9
8
.9
7

2
6
5

2
-

7
6

9
0
7

R
o
ck
fo
rd

U
n
it
ed

S
ta
te
s
o
f

A
m
er
ic
a

3
4
8
.5
4

2
8
2
.7
9

8
1
.1
4

1
6
2

2
-

7
6

9
0
8

R
o
h
ta
k

In
d
ia

1
3
9
.9
2

1
1
4
.7
2

8
1
.9
9

5
4

4
-

4
1
7

9
0
9

R
o
m
a
(R

o
m
e)

It
a
ly

8
4
0
.1
1

8
3
4
.6
9

9
9
.3
6

5
5
9

7
7

1
1

9
1
0

R
o
n
g
ch
en

g
C
h
in
a

2
1
9
.7
3

1
2
4
.0
1

5
6
.4
4

5
2

1
-

1
1
2

9
1
1

R
o
sa
ri
o

A
rg
en

ti
n
a

3
5
3
.3
9

3
2
0
.1
3

9
0
.5
9

1
7
9

6
-

6
2
1

C
o
n
ti
n
u
ed

o
n
n
e
x
t
p
a
g
e

147



ID
C
it
y
N
a
m
e(
s)

C
o
u
n
tr
y

M
U
A

A
re
a

(k
m

2
)

L
C
Z
s
A
re
a

(k
m

2
)

L
C
Z
s

C
ov
er
a
g
e
(%

)

N
o
.
P
a
tc
h
es

C
H

M
1
5
2
3

C
H

M
1
1
0

C
F

∗
7

1
5
2
3

C
F
1
5
2
3

9
1
2

R
o
st
ov

-n
a
-D

o
n
u

(R
o
st
ov

-o
n
-D

o
n
)

R
u
ss
ia
n
F
ed

er
a
ti
o
n

3
6
9
.5
8

3
6
9
.2
6

9
9
.9
1

2
2
2

7
-

1
1

9
1
3

R
o
tt
er
d
a
m

s-
G
ra
v
en

h
a
g
e

(T
h
e
H
a
g
u
e)

N
et
h
er
la
n
d
s

1
,2
5
0
.7
5

1
0
6
7
.4
5

8
5
.3
4

7
3
3

7
-

7
1

9
1
4

R
o
u
en

F
ra
n
ce

1
9
7
.1
1

1
9
7
.1
1

1
0
0
.0
0

9
4

7
-

7
1
4

9
1
5

W
en

zh
o
u
W
en

zh
o
u
R
u
ia
n

Y
u
eq
in
g

C
h
in
a

1
,7
2
5
.2
8

9
6
9
.1
6

5
6
.1
7

6
1
2

5
-

5
1
1

9
1
6

R
u
st
en

b
u
rg

S
o
u
th

A
fr
ic
a

1
9
2
.5
3

1
9
1
.7
7

9
9
.6
1

9
8

6
-

4
1

9
1
7

R
y
a
za
n

R
u
ss
ia
n
F
ed

er
a
ti
o
n

2
3
8
.0
1

3
.9

1
.6
4

0
-

-
-

-

9
1
8

S
a
cr
a
m
en

to
U
n
it
ed

S
ta
te
s
o
f

A
m
er
ic
a

1
,4
8
7
.4
6

1
3
5
3
.9
5

9
1
.0
2

1
0
4
6

6
-

6
1
9

9
1
9

S
a
fa
q
is

T
u
n
is
ia

3
2
6
.1
9

3
1
1
.7
3

9
5
.5
7

1
7
0

7
-

7
2
0

9
2
0

S
a
fi

M
o
ro
cc
o

9
7
.9
8

7
3
.6
7

7
5
.1
9

2
0

3
-

4
1
2

9
2
1

S
a
g
a
r

In
d
ia

9
7
.9
4

8
3
.9
3

8
5
.7
0

3
4

4
-

4
1
7

9
2
2

S
a
in
t-
É
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sé

d
o
R
io

P
re
to

B
ra
zi
l

2
4
5
.2
9

2
4
5
.1
4

9
9
.9
4

1
4
2

6
-

6
1
0

9
5
8

S
ã
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eó
n

M
ex
ic
o

5
1
8
.9
3

6
.2
4

1
.2
0

0
-

-
-

-

1
5
6
2

M
a
ce
ió
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