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Abstract 

During the last decade, the developments in computer and communication technology have 
expanded to such an extent that the concept of computing not only applies to isolated 
computers anymore, but to entire networks of computing devices. As a result we have new 
forms of harvesting computing power in social media, and new technological frameworks 
such as urban computing, ubiquitous computing and crowd sourcing are emerging quickly 
and bringing new unstructured observational capacity in form of urban data streams that are 
conceptually different than the classical notion of data, which are the results of hypothetical 
tests and designed experiments. These data streams can be considered as a new urban 
infrastructure that has changed the landscape of urban sensing. Further, they induce a change 
in how we can understand the role of modeling in urban design.  

On the other side, modeling paradigms act as a necessary element of any scientific 
investigation, like a pair of glasses, impacting the way we conceive of the real world. Thus 
classically, modeling cities as complex environments with multidimensional aspects becomes 
a challenging case and in fact there are such a huge variety of competing paradigms to look at 
cities. Nevertheless, our main hypothesis in this research is that there is a conceptual 
mismatch between the majority of traditional computational urban modeling approaches and 
the new modeling and computational capacities offered by these new unstructured urban data 
streams.   

In order to find a ground for comparison of different approaches in terms of their limits and 
their capacities, this research seeks an abstract understanding by relating modeling paradigms 
to different levels of abstraction in mathematics and philosophy of science. Based on a 
hypothetical genealogy of modeling we aim to distinguish and investigate the usefulness and 
the limits of a computational modeling approach, which we call pre-specific modeling. 

In the first step, in a conceptual level we formalize pre-specific modeling. Based on the 
concepts of idealization, representation and the problem of universals from a set theoretical 
point of view, we highlight the main aspects and limits of the current state of the art in 
computational urban modeling. Further, we develop the concept of pre-specific modeling 
using the notion of concrete universals from category theory, which suggests a way out of 
idealized representations. Considering category theory as the theory of concrete universals 
that has a different flavor from set theory as the theory of abstract universals, we develop an 
alternative conceptual set up for the issues of representation of objects from a property based 
approach to an object-dependent approach and further to an indexical computation approach 
for the problem of relations between objects (in terms of causal or correlating relations).  

Next in a technical level, we focus on two generic computational approaches including 
Markov Chains and Self Organizing Maps that in a coexistence with data streams align very 
well with the conceptual set up of pre-specific modeling. 

Next in an applied level, since pre-specific modeling is a generic approach we implement its 
ideas in different real scenarios for different application domains including urban traffic 
modeling, urban air pollution estimation, and in the domain of multi-variate geographic 
mapping as we call it contextual mapping. 

Finally, we should mention that in this work our aim is not to develop pre-specific modeling 
as a modeling package, but rather we prefer to open up and unravel the fundamental 
assumptions lying behind many practical modeling approaches that might be hidden for urban 
designers, if they deal with these computational methods as black-box software products.
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Zusammenfassung 

Innerhalb des letzten Jahrzehnts haben sich Entwicklungen in Computer- und 
Kommunikationstechnologie dermassen beschleunigt, dass sich das Konzept von 
Computing nicht mehr nur auf einzelne isolierte Computer bezieht, sondern auf ganze 
Netzwerke von Rechengeräten. Als Folge davon entstehen neue Wege, diese 
Rechenleistungen aus sozialen Medien zu ernten. Neue technologische Strukturen wie 
urbanes computing, ubiquitäres computing und crowd sourcing entwickeln sich rasant 
und ermöglichen neue unstrukturierte Beobachtungskapazitäten in Form von urbanen 
Datenströmen. Diese unterscheiden sich konzeptuell vom klassischen Datenbegriff 
bei welchem Daten das Resultat von hypothetischen Tests und entworfenen 
Experimenten sind. Diese Datenströme können als neue urbane Infrastruktur 
angesehen werden, die die Landschaft städtischer Vermessung verändert haben. Des 
weiteren leiten sie einen Wechsel darin ein, wie wir die Rolle des Modellierens im 
Städtebau verstehen. 
Auf der anderen Seite stellen Modellierungs-Paradigmen ein zentrales Element 
jeglicher wissenschaftlicher Untersuchung dar. Wie eine Brille, deren Gläser unsere 
Wahrnehmung der realen Welt beeinflussen. So ist normalerweise das Modellieren 
von Städten als komplexe Umgebung mit vielschichtigen Aspekten ein 
anspruchsvolles Vorhaben. Es existiert auch eine grosse Vielfalt an sich 
konkurrierenden Paradigmen, wie Städte betrachtet werden können und sollen. 
Nichtsdestotrotz ist unsere Haupthypothese in dieser Forschung, dass eine 
konzeptuelle Diskrepanz besteht zwischen der Mehrheit der traditionellen 
rechnergestützten Herangehensweisen an städtische Modellierung auf der einen, und 
den Potentialen und Kapazitäten, die solch neue unstrukturierte urbane Datenströme 
bieten, auf der anderen Seite. 

Um eine Grundlage für Vergleiche der verschiedenen Herangehensweisen in Bezug 
auf deren Grenzen und Kapazitäten zu schaffen, sucht diese Forschung eine abstrakte 
Lesart indem sie Modellierparadigmen mit verschiedenen Graden von Abstraktion in 
Mathematik und Wissenschaftsphilosophie in Beziehung setzt. Basierend auf eine 
hypothetische Genealogie des Modellierens zielen wir darauf, die Brauchbarkeit und 
Grenzen eines rechnerbasierten Verfahrens zu unterscheiden und zu untersuchen, 
welches wir prä-spezifisches Modellieren nennen. 
In einem ersten Schritt auf konzeptueller Ebene wird prä-spezifisches Modellieren 
formalisiert. Gründend auf den Konzepten Idealisierung, Repräsentation und dem 
Universalienproblem aus der Sicht der Mengenlehre, werden die Hauptaspekte und 
Beschränkungen rechnergestützten Modellierens nach heutigem Stand der Technik 
beleuchtet. Weiter entwickelt wird das Konzept des prä-spezifischen Modellierens mit 
Hilfe des Begriffs der konkreten Universale aus der Kategorientheorie, welche einen 
Ausweg aus idealisierten Repräsentationen bietet. Betrachten wir Kategorientheorie 
als die Theorie konkreter Universale, die sich von Mengenlehre als der Theorie 
abstrakter Universale unterscheidet, können wir ein alternatives konzeptuelles 
Rahmenwerk für die Frage der Repräsentation aufstellen - weg von einem 
eigenschaftsbasierten hin zu einem Objekt unabhängigen Zugang und weiter zu einem 
index-basierten Zugang zu dem Problem der Beziehungen zwischen Objekten (im 
Sinne von zufälligen oder korrelierten Beziehungen). 
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Danach wird auf technischer Ebene auf zwei generische Vorgehensweisen fokussiert, 
nämlich Markow Ketten und Self Organizing Maps, welche sich in Verbindung mit 
Datenströmen besonders gut eignen für den konzeptuellen Aufbau prä-spezifischer 
Modelle. 

Da prä-spezifisches Modellieren ein generischer Zugang ist werden danach auf 
Anwendungsebene dessen Ideen in verschiedenen echten Szenarien implementiert. 
Diese verschiedenen Anwendungsgebiete umfassen städtische Verkehrsmodellierung, 
Schätzung von Luftverschmutzungswerten, das Modellieren der Dynamik von 
Immobilienmärkten und das Gebiet der multivariaten geografischen Kartierung die 
wir kontextuelle Abbildung nennen. 

Schlussendlich sollte erwähnt werden, dass das Ziel dieser Arbeit nicht das 
Entwickeln prä-spezifischen Modellierens als Programmpaket ist. Vielmehr wollen 
wir die fundamentalen Annahmen hinter vielen praktischen Modellierungsweisen 
entwirren und aufschlüsseln, welche für Städtebauer und -entwickler verborgen 
bleiben, wenn sie diese Rechenmethoden als Black Box Software Pakete behandeln.
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Chapter 1 

1.1. Motivations and Scope of the Study 

Historically, the way we communicate and conceive of our environments is dictated 

through the way we encode the target phenomena. According to Foucault (2002), in 

an abstract level of analysis there have been always different historical periods, where 

certain bodies of thinking or technologies of thoughts have been influencing the way 

we are encoding the real world phenomena across different disciplines. Therefore, in 

an intertwined process, the science (where new technologies would be explored or be 

introduced) shapes and re-shapes the life styles and the cultures (where the 

technologies are repeatedly practiced and exploited) and vice versa. For example, 

from the time of cities with up-sides and down-sides segments, which was based on 

the concept of naturally downward flow of water streams (an as a result, the clean 

water was on the up-side and the dirty water in the down side of the city for the poor 

people), to flat cities where nature of water in coexistence with the mechanical 

technologies of water pumps changed these city segmentations, or from concentric 

design of urban and its hinterland where the land and territorial power was the major 

factor of power to the infrastructural and logistical thinking of industrial and modern 

cities, in all of these cases the way we have been encoding the so called “real 

environments” have changed our conceptions of that (real) environment and these 

conceptual shifts have been redefining new real environments at the same time.   

Along the same line, from the second half of the last century computers as abstract 

machines (Hovestadt and Buhlmann 2013) introduced a new way of looking at the 

world beyond mechanical or dynamic view of industrial city.  

In the domain of urban and architectural modeling during the last 20-30 years ago 

applications of computational methods in design and modeling in terms of CAAD, 

CAD/CAM or more recently parametric systems (either in the domain of design or 

simulations) have been booming. In parallel to these new applications, computational 

capacities themselves have been changing rapidly too and new capacities such as 

numerical methods; computational networks and recently urban data streams have 

been emerging on top of previous computational capacities. 
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However, the main hypothesis of this thesis is that due to several reasons in the 

domain of urban design, instead of considering computational technologies as a new 

way of looking at the world, they are being used just as software tools for doing the 

previous tasks (with previous mindsets) faster. Therefore, in many cases the 

computational techniques are considered as alternatives for human power (such as 

pure automation) as they are faster or since they can repeat accurate algorithmic 

procedures several times without being bored.  

This way of using computers has caused a major shift in the role of designers from 

having an active role to passive users of shining and promising computational 

technologies. At the same time since computational technologies have been evolving 

rapidly during last 60 years, there has been always around 20-30 years of time lag 

from the introduction of computational modeling approaches (e.g. Network models or 

Agent Based Simulations) to their applications in the field of urban design. Further, as 

a result of rapidly increasing number and diversity of computational approaches, 

nowadays the selection of an appropriate method for designers is getting problematic 

and confusing or in most cases, it becomes arbitrary to select a computational method 

for a specific purpose.  Another problematic outcome of this situation is that in many 

cases computational models are just getting fashionable or they are being used to 

justify the political decisions. Further, these computational modeling approaches that 

have been developed originally to offer new solutions, some times get a political 

power in a way that their analytical outputs will bias further decisions.  

More recently during the last few years, there has been hype around the idea of Big 

Data and at the moment of writing this text, it is one of the hottest topics in the field 

of computational modeling in cities. However, we think similar to the previous 

computational trends, without having an abstract understanding of these technologies, 

we cannot utilize their full potentials in the domain of urbanism.  

Therefore, in a conceptual level the ultimate goal of this thesis would be to reduce this 

technological gap and to be able to develop an abstract understanding of 

computational modeling approaches in the domain of urban design. Therefore, this 

thesis could be one step toward this vision that future architects and designers are 

computer scientists, where computation is a new kind of literacy. 
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Toward this goal as Figure 1 shows the scope of this research spans to different 

directions including urban modeling and urban theories, philosophy of science and 

mathematical concepts behind computational modeling and computer science and 

specially methods in the so called field of machine learning.  

 

Figure 1- The scope of the research 

 

1.2. Thesis Outline 

This thesis is organized around the interplay of modeling theories and computational 

capacities for urban modeling.  

In Chapter 2 we picture the rapidly changing landscape of computational modeling 

and their offered capacities for urban design and urban modeling. We highlight four 

major levels of abstractions including Analytical power, Computational power, 

Computational networks and finally the unstructured Urban Data Streams. We review 

the literature of computational urban modeling in respect to these four levels. Further, 

we discuss how what we call as urban data streams has inverted the notion of sensing 

and scientific observation in the domain of urbanism. We discuss how this inversion 

induces a change in the notion of modeling.  

In Chapter 3 we investigate and analyze computational modeling approaches in a 

domain independent view. In order to develop a classification of the ever-growing 

landscape of modeling approaches, we discuss formal definitions and categories of 

scientific modeling from the domain of philosophy of science. From there, we discuss 

the differences of many modeling approaches from the point of view of Idealization. 

Further, we show how notion of idealization in relation to two other concepts of 

Universals and Representation are playing as abstract and underlying ideas of many 

Urban	  Theory

Urban	  
Modeling
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modeling approaches. From this standpoint, we discuss how majority of current 

computational urban modeling approaches are based on the ideas of Abstract 

Universals that can be seen as a Set Theoretical Modeling Approach. Further, we 

investigate how the ideas of Concrete Universals from Category Theory can be used 

to introduce a new paradigm of modeling. Finally, we conclude this chapter by 

providing a hypothetical genealogy of modeling approaches. We introduce the 

concept of Pre-specific Modeling as an alternative conceptual paradigm to the state of 

the art that we call Specific modeling.  

In Chapter 4 and 5, we formally introduce specific and pre-specific modeling 

respectively. We show, while there are fundamental limits in the application of 

Specific modeling in complex systems such as urban phenomena, how pre-specific 

modeling as a modeling paradigm can open up new levels of computational modeling 

in co-existence with urban data streams. 

In Chapter 6, in a technical level, we introduce two generic mathematical and 

computational methods, Markov Chains and Self Organizing Maps that support the 

concept of pre-specific modeling. While each of these methods have a rich literature, 

we introduce them in a way aligned with the story line of pre-specific modeling. 

Further, we show how these two generic approaches can dis-solve the problem of 

Representation and Causality in a coexistence with data streams. 

In Chapter 7, in an applied level, we discuss the potential applications of pre-specific 

modeling in different contexts. Although we do not claim pre-specific modeling as a 

modeling package, we show how same ideas can be applied to different domains. We 

discuss the results of three applications: Urban Traffic Modeling, Urban Air Pollution 

Estimation and finally a data driven mapping process in the domain of Multi-variate 

Geographic Mapping that we call Contextual Mapping.  

Finally, in Chapter 8, we conclude our research and draw the future research 

directions in the conceptual level, technical level and applied level.  
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Chapter 2 

On Ever Growing Diversity of Computational Modeling in 

Urban Design 

Diversity of Urban Problems, Ever-growing Diversity of Modeling Approaches, 
Complexity of Cities, Toward Unifications, Abstractions  

Modeling paradigms, as a necessary element of any scientific investigation, act like 

pairs of glasses, which impact the way in which we encode (conceive of) the real 

world. Therefore, any kind of intervention in the real world phenomena is affected by 

the chosen modeling paradigm onto the real phenomena under investigation. In the 

domain of urbanism and urban design that we are mainly focused in this thesis, cities 

as complex and open environments with dynamic and multidimensional aspects are 

challenging cases for modeling scholars, as there are many different urban 

phenomena that many researchers from different perspectives are focused on. Figure 

2 shows an arbitrary list of different functional aspects of urban phenomena in an 

indexical manner. Therefore, it is very common to hear that some one, who is doing 

research in urban design, is focused in any of these functional aspects of the cities. 

 

Figure 2- Different functional aspects of urban phenomena 

In addition to the diversity of functional urban problems, in a larger scope and in a 

theoretical level there is a huge variety of competing paradigms to look at cities – the 

city as an ecological phenomena that is optimally adjusted to an environment 

(economic, political, cultural) assumed to be “natural” for it, the city as a thermo 

dynamical system which needs to be balanced and which can be controlled, the city as 

a grammatical text with its own "syntactical laws", the city as a biological organism 
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following fractal growth patterns, and this is to name only a few of the competing 

paradigms.  

 

Figure 3- Variety of competing models to look at the cities. Keywords collected via automatic Google search using 
a small piece of automatic query 

It is important to note that in principle, many of these modeling approaches are 

developed to give a better impression of complex phenomena, but later they get a 

political power in planning and in may cases they will be (ab-) used for justification 

of decisions in a political level. For example, looking metaphorically at cities as 

mechanical or dynamical machines should not imply that cities are really machines.  

Therefore, it is one of the main motivations of this research to find an appropriate way 

for urban designers to be engaged pro-actively in the field of modeling rather than 

basing the design decisions to the output of some type of synthetic models of the city 

environments without investigating the fundamental concepts behind those models or 

the consequences of massive implementation of those models into cities. 

Along the same line, from a historical perspective to urban theories one can refer to 

archetypical city models such as the City of Faith, the City as a Machine and the 

Organic City (Lynch 1984) and specially, since the advent of computers from the 

second half of the last century, as the age of informational cities (Castells 1989).  

Although comparing to classical science and its engineering disciplines, urban design, 

planning and modeling is a rather young discipline, doing a quick search around the 

keywords central to this field, one gets quickly confused by the huge number of 

different approaches proposed and the variety of practical problems, which are to be 

comprehended by this discipline. For example, to see the diversity of modeling 

approaches in dealing with different urban phenomena one can refer to Wilson 
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(2012), a collection of different modeling approaches in 5 volumes with 2600 pages. 

As a result, every researcher faces a difficult situation of how to select the best-suited 

approach for his work; a broad range of case-based canonization has emerged, and the 

applied techniques are developed for specific urban functions such as urban land-use, 

urban transportation, urban economy, urban social patterns and so on. As a result, the 

lack of a more abstract categorization of the applied techniques makes comparison 

between them very hard. 

Starting from mid 20th century, one of the main trends towards unification of different 

disciplinary modeling practices was General Systems Theory (Von Bertalanffy 1993). 

In principle, the main underlying idea of systems theory is the promotion of a unified 

view to modernist-reductionist science, which was diversified around variety of 

application and functional domains. Although, interdisciplinary views such as making 

analogies within disciplines, (e.g. hydraulic theories to describe biological systems) 

was not new, systems theory’s formalization, as an orthogonal view to classically 

diversified scientific and practical problems, reached to a point that according to 

George Klir (1984), systemic tasks such as modeling, optimization, simulation etc. 

emerged as distinct scientific disciplines for their own. However, taking systems 

theory as a body of knowledge (rather than a specific and singular theory), one could 

expect a gradual divergence of its methods, starting from its unified principles. 

Advent of computational methods by Turing in 1940s and later the democratization of 

computational methods in 1980s have created a new diversified landscape of system 

modeling approaches. As a result, today what we encounter is a competitive 

ecosystem of different modeling species with different capacities and trade-offs. 

Figure 4 shows a collection of different modeling methodologies in an indexical 

manner. 

 

Figure 4- competitive ecosystem of different modeling methodologies 
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Therefore, the first motivation of this work is to find a unifying (abstract) perspective 

for assessment of different (inter-disciplinary) modeling approaches, while keeping 

the diversities. By this we mean we need a meta-level understanding of current eco-

system of modeling approaches, otherwise it is easy to be trapped by one specific 

(usually hot topic) modeling approach, without knowing why. We think toward this 

aim we need to investigate the mathematical and philosophical grounds of scientific 

modeling in an abstract manner and in fact, the main part of this thesis discusses the 

notions of scientific modeling in general.  

In addition to the theoretical aspects of modeling approaches, from the mid last 

century, the computational technologies have been playing a major and pragmatic role 

in introduction and evolution of many of modeling approaches to a level that 

nowadays in many disciplines, when people are talking about modeling, the 

computational power is already assumed. In the next section we present a hypothetical 

picture of evolving landscape of computational technologies in relations to their 

different capacities for modeling at different historical periods. This hypothetical 

picture will be one of the main pillars of our foundation for what we call as pre-

specific modeling in this research. 

2.1. The Rapidly Changing Ground of Computational Technologies 
Technology and Encoding, Bodies of Thinking, Computational Capacities, Encoding, 
Algorithms, Turing Machine 

Considering the interrelations between technologies and the way we are looking at 

our cities and assuming that computational power has been one of the most dominant 

technological factors of the last century, in this section we investigate the historical 

developments in computational technologies and their offered capacities for modeling 

urban phenomena. A detailed description of this section can be found in our paper 

(Moosavi 2015). 

First we draw a historical map of analytical and computational capacities starting 

from mid 1950s. What we mean by capacity is those (distinctive) core functions and 

opportunities offered by different technologies of encoding the real world phenomena 

into a communicable body. Then, in the next section, we discuss the historical 

developments of different urban modeling approaches alongside the evolution of 

computational capacities. Finally, we show that from the last few years a fundamental 

shift in the role of computation in our cities has happened, which has opened up a new 



 17 

way of looking at the cities and urban environments. We claim that from a theoretical 

point of view, this shift demands an inversion in the concept of city modeling.  

2.1.1. Analytical Power  

Descriptive Theories as the Ground, Analysis, Static Models, Natural Models and 
Cultural Cosmos  
Classically there are two general approaches for solving a mathematical model, 

known as analytical and numerical approaches. Although for lots of mathematical 

problems, there is no analytical solution, for a long time the manual operation of 

numerical approximations of large-scale problems was a cumbersome and expensive 

task.  Therefore, historically the majority of modeling approaches had more 

tendencies toward finding general laws of nature in forms of descriptive theories, 

which could be generalized and applied analytically to other cases. We call the 

category of models that are based on this analytical capacity as natural models.  

2.1.2. Computing Power  

Algorithms as the Ground, Numerical Methods, Simulation, Dynamic Models, 
Surrogates, Rational models  
Looking at computers as abstract machines (Hovestadt and Buhlmann 2013), given a 

logical algorithm (a code) to deal with a problem, a computer is able to execute this 

code in a way much faster than human can do. Therefore, depending on the code or 

algorithm, computer can perform any activity, in principle. The invention of the 

computer in mid 20th century rapidly opened up a new pragmatic way of encoding of 

the real world phenomena through systematic numerical procedures. We call, this 

category of models as rational models. In a rational model the role of the modeler is 

to build up a consistent system of logical algorithms that can be executed by a 

numerical computer simulation to imitate a certain real world phenomena such as 

urban traffic, land use dynamics, economic activities and so on.  

Historically, there have been different technologies of computation starting from main 

frames, and then to democratization of computing through personal computers and to 

microcomputers, which are still getting faster and more powerful in an exponential 

rate. However, regardless of the speed, memory and power of computing machines, 

what we want to highlight here is the function of numerical computing compared to 

analytical power as two different capacities for scientific modeling.  This numerical 

power has brought an important shift in the way we have been modeling the real 
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world phenomena from finding static and descriptive models to more dynamic 

investigations where a hierarchical and consistent set of equations (or set of rules) as a 

system are considered as the “surrogate” of the phenomena under study and by the 

computing power one can simulate (imitate) the behavior of the target system under 

different hypothetical assumptions. However, as we will discuss in detail in the next 

chapters, if these simulations are based on fixed rational representations, they reach to 

a validity limit in dealing with complex systems, which is not about their 

computational complexity, but their underlying algorithmic representations. 

2.1.3. Computational Networks 

Computation as the Ground, Centralized-Decentralized Modeling, Bottom Up 
Thinking, Emergence, Interactive Agents, Microprocessors, Sensors, Mobile Phones, 
Internet, Semantic Web, Integration and Rise of Structured Data  
Alongside the developments of computing technologies, advancements in 

communication technologies gradually opened up another level, in which computing 

power is given as the ground, while what is important is the communication between 

computing systems. Therefore, new phenomena such as network of sensors, mobile 

phones or computers and the Internet started to emerge in human societies. Gradually 

from this time, considering the amount of embedded systems in many real world 

applications, computers as “computing machines” became the ground to introduce a 

new function, emerging on top of computational networks.  As a by-product of these 

network of computing and communicating machines, gradually the amount of digital 

data started to increase as well. Almost from mid 1990s, technical terms such data 

mining as the methodology to explore digital data (mainly structured data) started to 

be a hot topic among the modelers. At the same time from computer science point of 

view, new methods of distributed decision making and modeling such as rule based 

systems and then agent and multi-agent systems were introduced, where the 

underlying idea of modeling process have changed radically from a centralized to 

decentralized models, where the final outcome of the model needs to be emerged out 

of numerous and complex interactions of individual (computing) elements, each of 

which acting based on their own internal algorithms, but via specific mechanisms of 

communication. In this level of computational modeling, the modeler does not 

necessarily specify the elements of his model in a centralized manner (like a system 

of equations), but instead he/she needs to define lots of individual agents, acting based 

on their internal algorithms and internal goals, while interacting with the other agents 
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through (designed) communication channels. Therefore, by changing the interaction 

mechanisms as well as internal behaviors of agents one expect to see different 

emergent properties on top of individual models. This capacity of modeling offers a 

new architecture of modular systems with heterogeneous layers, but at the same time 

there is a problem of integration and complicatedness in those models. We will 

discuss this issue in the review of state of the art in urban modeling.      

2.1.4. Unstructured Data Streams  

Data as the Ground, Ubiquitous and Pervasive Computing, Social Media, Smart 
Phones, Web 2.0, Mobile Apps, Crowd Sensing, Data Deluge, Unstructured Data, Big 
Data and Complex Models  

Gradually, with rapid enhancements in the level of computing power and the 

networks of computing systems and the rapid growth in social media, during the last 

few years we have encountered a new stage, in which on top of ubiquitous computing 

and communicating systems as the ground, a new level of abstract phenomenon 

started to emerge.  

During the last 10 years, we have begun to experience an exponential growth in the 

amount of available information, together with the mobile computing devices most 

people use on a daily basis. This is often called a data deluge. Next to the challenges 

these changes bring, we can also see how new areas for research and practice are 

emerging. To just mention a few, one can refer to Big Data, Data Science, Ubiquitous 

Computing (Greenfield 2006), Pervasive Sensing (Hansmann 2003), Reality Mining 

(Eagle and Pentland 2006), Citizen Science (Paulos et al. 2008), Social Network 

Analysis and Location Based Social Network Analysis (Jing et al. 2012). 

It seems clear today that the classic paradigm of observation and data gathering has 

changed radically. Data is produced on an everyday basis, from nearly any activity we 

engage in, and accumulates from innumerous sources and formats such as text, image, 

GPS tracks, mobile phone traces, and many other social activities, into huge streams 

of information in digital code. These unstructured and continuous flows that we call 

Urban Data Stream, can be considered as a new urban ‘infrastructure’, similar to the 

role of high ways in development of industrial cities. 

This notion of data is opposed to its classical notion, where data is produced mainly 

as the result of designed experiments to support specific hypothetical models. These 

new data streams are the raw materials for further investigations and are being emitted 
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from one activity and being used for another activity. We think similar to computing 

power they are new capacities for modeling. As a result of this new plateau, we are 

challenged to learn the new ways to grasp this new richness.  

As we discuss in the next sections, urban data streams induce an inversion in the 

paradigm of computational modeling from an algorithmic and rational models to a 

new level that we call pre-specific modeling. 

In order to sum up, the following diagram shows the main waves of modeling 

capacities as we described in this section. As it is shown although all the capacities 

are coexisting, each capacity has emerged on top of the previous capacities.   

 

Figure 5- Historical trends of different modeling capacities 

In the next section, we will show how different urban modeling methods are matched 

with different levels of computational capacities. Further, our goal is to show how 

Urban Data Streams demand for a conceptual change in the way people are thinking 

about scientific modeling, while the state of the art in urban modeling and simulations 

are developed based on the computational paradigms before data streams. 

2.2. State of the Art in Urban Modeling 

System dynamics, social physics, urban scaling, cellular automata, Discrete Choice 

modeling, urban metabolism, agent based modeling, Space Syntax, Fractal theory, 

reaction diffusion systems, self-organizing systems, chaos theory, morphogenesis, 

catastrophe theory, complexity theory, cybernetics model, multi-agent systems, system 

dynamics, urban metabolism, urban scaling, urban morphology, central place theory, 

pattern language, shape grammar, procedural modeling.  
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There are several comprehensive literature surveys that review the field of urban 

modeling in a chronological manner such as (Batty 2009) or divided to spatial, 

temporal and functional scales (Wilson 2012). However, in this section we are not 

going toward this direction, but we are looking for a way to map the underlying 

concepts of the state of the art in urban modeling to the main computational capacities 

we derived in the last section. As Figure 5 shows different capacities of modeling and 

data provision are not contradictory and in a way they are all coexisting. This means 

that at the current time some models are based on the analytical power or there are 

modeling efforts that are celebrating the concept of distributed computing for 

example. Further, these categories are not exclusive, but rather overlapping. 

The modeling approaches to be distinguished in a first class are based on analytical 

power. These approaches tend to regard the cities as a kind of cultural cosmos, where 

they seek to identify statistical proportions, and the principle rules, which govern 

those proportions.  May be the first model of this category is the agricultural land use 

model of Von Thunen in 1826, which later with the advent of computerized 

simulations it became famous after 1960s (Von Thunen 1966). Von Thunen model is 

an analytical model of the relationships between markets, production, and distance. 

Further, we can refer to Christaller's Central Place Theory (1933), modeling the 

economic relations between cities and their hinterlands using geometric concepts. As 

one of the most famous approaches in this category one can refer to Urban Scaling 

(Batty 2005, 2008), in which the idea is to find universal proportions like the relation 

between city size and its energy consumption (Bettencourt, et al. 2007), or to find 

Universal Laws of urban mobility patterns (Noulas, et. al 2012 and Simini, et. al 

2012). Also, one can refer to Space Syntax method (Hillier 1984), which provides a 

set of network analytics, based on the structure of the given street network and some 

universal assumptions about how people move in the streets. Due to availability of 

urban data in recent years, this category of urban modeling that sometimes is called, 

City Science, is getting more attentions from the community of physicists with 

classical Newtonian physics mind set, but as they are based on analytical capacities 

(even though using computers and data), the results of these approaches are static and 

aggregate models.  

The modeling approaches that can be distinguished in a second class started to boom 

after the advent of computing power in the mid-1950s, and especially since the 
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introduction of the so-called mainframe simulations. Approaches, which mimic the 

behavior of another system, and try to optimize within the analogy they take as a 

preset, is for example Urban Metabolism (Wolman1965), which was based on an 

analogy of a city to a biological system. This analogy of a city as a biological 

organism became very popular with the development in the field of Cybernetics. But 

there are also examples, which import their analogies from other fields, like the 

approach of Urban Dynamics (Forester 1969), which established an analogy from 

hydraulic systems to socio-economic systems. It was introduced in the late 60ies and 

today methodologically it is known as System Dynamics modeling approach (Sterman 

2000). As another trend, which became very popular in the 60ies we can mention the 

idea of Social Physics, based on generalizations transferred from the realm of 

classical physics to social systems (Harris 1964). For example, Rand corporation was 

developing models to map the land-use dynamics, which were based on Newton’s 

theory of gravity; it proposed a system of equations to describe the different forces 

among urban actors (Lowry 1964), where a computerized model simulates the 

behavior of the model under different scenarios and several parametric values. As 

another approach, one could refer to fractal based simulation models (Batty 2005), 

which apply recursive principles from fractal Theory and conceptions of self-

similarity. As other similar theories, one can refer to applications of Chaos theory, 

Catastrophe theory and the Bifurcation under the umbrella of complexity theory 

(Batty 2005). 

So far, these approaches mainly transfer overall generalizations from mathematical 

models and equation systems that are proved or well established in other fields like 

physics or economy. In addition, majority of these models are based on a centralized 

modeling mindset, where for example, a system of equations describes the whole 

system and therefore, these models are only using computational capacities to 

simulate the system. Further, these models can be categorized as aggregate dynamical 

models. 

From 1980s, at the same time that the concept of computational networks was 

initiating and because of the relatively easier access to digital data in urban 

environments, there was a shift in the paradigms of urban modeling from centralized 

models, to distributed models and from aggregate dynamics to disaggregate 

dynamics.  
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This category of distributed urban modeling has caused a partially significant 

paradigm change in terms of methodology, from equation based models that are to 

represent the logics of overall system to new distributed frameworks. Here, what is 

being modeled is the behavior of the components of such systems as individuals 

behaving differently over time (like humans as agents or cells in the land use models). 

Two main branches of micro-simulation approaches are those of cellular automata 

(Tobler, 1979), and multi-agent systems (Waddell and Ulfarsson 2004). Note that 

these agent-based approaches are mainly less developed in terms of agent based 

learning, which is a topic in the field of machine learning (Sutton & Barto 1998) and 

usually the agents are behaving based on a set of non-adaptive rules. Among those 

probabilistic rule based systems, the approach of discrete choice models (Ben-Akiva, 

Lerman 1985) definitely needs to be referred among the state of the art in agent based 

modeling. The principle idea behind discrete choice modeling is that each individual 

agent has a set of priorities to choose among a set of discrete choices such as modes 

of transport (bus, taxi, subway, walking, etc.). Further, due to the nature of this 

category of modeling approaches (i.e. cellular automata, agent based systems and 

discrete choice modeling) they have a radically higher capacity of using experimental 

data for model tuning and validation. In other words, this category of distributed 

modeling is more data-driven in comparison to two previous categories of modeling 

approaches (i.e. analytical models and aggregate dynamics) that are more theory 

driven. 

Although the cellular automata and agent based models are currently among popular 

methods of modeling multi-layer urban problems such as microsimulation of urban 

transportation in MATSim (Rieser et al., 2007) or more generalized frameworks such 

as UrbanSim (Waddell, 2002), the modeling of the agents or interactions of cells 

require the framework of a specific model or an a priori rule set, or what is called as 

the grammars of the activities and this limits the capacities of these approaches – even 

if they are very sophisticated in many regards. Further, there are fundamental limits to 

these approaches in general that will be the main points of discussion in the next 

chapters of this thesis. To just mention a few, one can refer to the curse of 

dimensionality problem (Bellman 1961), which means in principle these approaches 

of algorithmic modeling reaches to a limit in dealing with the complex phenomena 

such as cities, where by adding one more realistic aspect of the target phenomena into 
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the model, the demand for the computation and the data to tune these models increase 

exponentially. Hence they import simplifying assumptions in their presets, without 

being able to consider them comparatively and critically. As a result, the efforts of 

such modeling always became either very complicated or very simple and not 

sufficiently distinct for describing the complexity of urban environments with 

adequate benefit. As a result there have been always many critiques against these 

kinds of models in urban environments. For example, as a specific period one can 

refer to the end of 1970s, where in that time expectations from computational urban 

models reached to a level higher than the capacities of computers and available data 

sources and along with post-modern and anti-planning and anti-rational movements in 

city planning, there was a dark period when many people started to criticize against 

the large-scale urban models. For example, one of the famous critiques to this class of 

urban models, is the paper Requiem for Large-scale Models (Lee 1973) which 

enumerates the particular limits of large scale urban models as “Seven Sins of Large-

Scale Models”: 1) Hyper Comprehensiveness (attempt to explain too much with too 

many constraints and relationships), 2) Grossness (reliance on aggregate input), 3) 

Mechanicalness, 4) Expensiveness (high price of data and parameter estimates), 5) 

Hungriness (tremendous data requirements), 6) Tuningness (Tuning of the model until 

outputs conform to reasonable expectations), 7) Complicatedness (inability of the 

modelers to adequately understand their own creatures).  

In this work, although we agree with these kinds of critiques against these types of 

explicit modeling, we think that in order to overcome to these limits we must 

investigate the fundamental and theoretical assumptions about this category of 

modeling which are common in many scientific disciplines. 

However, despite these major critiques in 1970s, the trends (in Figure 7) show an 

opposite behavior from urban modeling scholars and practitioners. Our hypothesis is 

that the democratization of computational power in 1980s and the shift from macro 

computing to micro computing and simulation and the ever growing amount of digital 

data attracted more researchers in different fields to implement many of these 

modeling approaches in a larger scale and in many cities.  

In order to investigate this hypothesis and to show the relative importance of different 

modeling approaches we discussed in this section, we used Google n-gram service 

that it charts the yearly count of selected n-grams as found in over 5.2 million books 
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digitized by Google Inc. up to 20081. The basic idea of Google n-gram is that if you 

query a certain key words such as “Urban Planning” (as a 2-gram) it gives the 

percentage of the occurrences of this specific keyword in all the digitized publications 

of each year. For example, Figure 6 shows the relative occurrences of the key word, 

Urban Planning from 1900 to 2008. As it is shown there are three main peaks, where 

more people were interested on urban planning. There might be different justification 

for this behavior, but one potential cause for the peak and drop in 1970-80s is that 

from mid 1970ies as post-modern and postindustrial thinking in cities reached to its 

peak the amount of people who were referring to urban planning has dropped 

drastically.  

 

Figure 6- Percentage of the counts of the keywords “Urban Planning” in over 5.2 million digitized books by 
Google  

In order to compare different urban modeling concepts it would be interesting to 

compare their relative importance in different historical periods. Using Google API 

and writing a simple query we collected all the relative counts of several key words 

and in order to compare their behaviors in time to each other, we normalized all the 

values individually between zero and one. Figure 7 shows the relative importance of 

each modeling approach from 1900 to 2008. It should be noted that here we are only 

interested in the shapes of these graphs, while their exact values, extracted from 

Google (the percentage of counts in relations to all the possible n-grams) are not 

comparable. Further, we sort them in a way that similar behaviors (correlating topics) 

are closer to each other in the final plot. Each of these diagrams can be seen as the life 

cycle of each modeling concept. As we discussed, each of these models have their 

own birth and death. Further, it seems that there is a direct correlations between 

                                                

1 https://books.google.com/ngrams 



 26 

different modeling capacities that we presented (shown in Figure 5) and the life cycle 

of these urban modeling concepts.  

 

Figure 7- The death and life of great urban modeling concepts: Relative yearly importance of different urban 
modeling concepts from 1900 to 2008 via Google n-gram viewer, a collection of over 5.2 millions of digitized 

books 

In this section, we mainly reviewed the major computational urban modeling 

approaches from their relations with different computational capacities, and the 
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results of Google n-gram as an indicator visually admits their dependencies to 

computational capacities. However, we think that the last stage of computational 

capacities, shown in Figure 5 (i.e. urban data streams) has introduced a new capacity 

of urban modeling that demands a conceptual inversion in the role of data in urban 

modeling. From chapter 3 of this thesis, we will discuss these issues in a theoretical 

level, but for now we just mention few signs of this technological change in the 

ground of scientific modeling.  

In order to investigate this issue visually in a same manner as Google n-gram data, we 

compared the normalized relative frequency of Google search for two main state of 

the art urban simulation methods, Cellular Automata and Agent Based Modeling with 

the keyword Big Data.  Since Big Data is a very new topic, Google n-gram does not 

provide enough results. However, Google trends2 service that gives you the number of 

times across the world a specific keyword has been searched by Google search engine 

could be a very useful resource. Although these data are the counts of the number of 

queries, it has been shown that they can correlate with many complex phenomena and 

have very interesting facets such as being able to predict the repetitive phenomena 

with a high level of accuracy (Choi & Varian 2012). We used the data for these three 

keywords from 2004 to 2015 and after normalizing the values for each keyword to a 

value between 0 and 1, and some curve smoothing, Figure 8 shows that how global 

interests about these approaches have been changing during last 10 years. As it is 

shown, Agent Based Modeling and Cellular Automata as two classical simulation 

approaches are experiencing a downward pattern and there are relatively little 

interests about these simulation methods. On the other side, just from few years ago 

the concept of Big Data has started booming as at the moment of writing of this 

manuscript, it is one of the hottest topics in computer science and across many fields 

including urban research. However, in this research we are not taking this as granted, 

and in fact the main goal of this research is to shed light on the underlying limits and 

capacities of each modeling paradigm. As we mentioned in the motivation section, all 

of these modeling approaches are very functional in certain conditions and therefore, 

detailed understanding of them leads to a new kind of literacy for designers and 

modelers in order to wisely select the appropriate set-ups in different cases. Toward 

                                                
2 http://www.google.com.sg/trends/ 
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this goal in the next section we discuss how the new concept of data streams have 

changed the landscape of scientific modeling.    

 

Figure 8- How the global interests regarding different approaches and opportunities are changing (Data from 
Google Trends) 

2.3. Urban Data Streams and a Recent Inversion in the Concept of 

Urban Sensing  

Encapsulation of Complexity, Models in Coexistence with Data Streams, Data 

Literacy, Probabilistic Programing 

One of the main hypotheses of this thesis is that from the second half of the last 

century computational technologies are the dominant factors of the scientific 

modeling in many domains including city modeling. However, as we discussed in the 

last section, the majority of traditional urban modeling approaches only utilize the 

numerical computing and simulation capacities (either centralized or decentralized) 

that started from mid 1950s. In these traditional modeling and simulation approaches 

prior knowledge in the form of idealized theories of the target phenomena is the 

primary element of the models, while data is to either validate the output of these 

frameworks or to tune the parameters of a given structural model. As a result, their 

use of new emergent capacities such as ever growing data streams is fundamentally 

marginal. The hypothesis is that in order to grasp the richness of the ever-growing 

urban data streams, an inversion in the concept of modeling is required. To better 

explain this conceptual inversion, the following example might be helpful. The left 

image in Figure 9 is the result achieved by Space Syntax method (Hillier 2009) 

applied into the street network of London. The method is based on a rational 

assumption that the attractiveness, or the importance of certain street segments or city 

segments, can be regarded as a function of the physical connectivity in the urban 
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street network. Therefore, translating this idea into graph theory, a computer power is 

needed to just compute these structural indicators of a given network. Further, the 

empirical data can be used to validate the results of these structural assumptions about 

patterns of movement. On the other hand, in Figure 9 (right), only by visualization of 

available GPS tracks of reasonable amount of taxicabs in Beijing (Jing et al. 2010), 

one can already see the important segments of an urban network, without any major 

assumptions about patterns of human movements. This new capacity of harnessing 

data streams is relatively new, and we think as a new emergent capacity it can be used 

as a starting point for development of a new modeling approach, beyond the current 

theory driven modeling approaches.  

 

Figure 9- The Inversion in the concept of urban sensing: Visualizing the important urban segments based on 
logical assumptions on a given road network (Hillier 1984) in left and in right, using GPS trajectory of taxicabs as 
an available urban data stream to highlight the important segments of a dynamic network of movements (Jing et al. 

2010) 

The underlying concept behind the traditional simulation models is to construct a 

logical set up to understand the complexity through its underlying mechanism. Then, 

by simulation one can imitate the behavior of the target phenomena. On the other 

hand, where we start by data streams we are in an inverted situation. In fact, the data-

driven illustration of GPS tracks of taxies in Beijing (assuming the availability of 

enough data) encapsulates the complexity of traffic networks and is able to answer the 

questions of type “What” about this traffic network with a high degree of accuracy, 

without knowing “Why” these patterns are happening. Availability of data streams 

has promoted these generic emerging applications in many other similar cases. For 

example, Google traffic live service is an aggregation of GPS data being emitted by 

people who are commuting along the streets integrated with other sensory data from 

many cities. In the same manner to the above example, Google traffic live does not 

start with the assumptions whether people who are commuting take the shortest path 
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or not, but it is simply a good render of what happens in the reality. As another 

interesting case, one can refer to Livehood project (Cranshaw, et al. 2012) that 

presents a methodology for identification and studying dynamics of land-use patterns 

in cities using data from social media and clustering methods from machine learning. 

Regardless of the amount of available public data, the methodology behind this 

project is in an opposite direction to classical land use models, where sets of rules of 

mobility and urban forms are presumed as the underlying mechanisms of defining a 

neighborhood. In a similar direction, one can refer to similar projects such as the 

applications of Endomondo mobile App data, in which the frequent running and 

walking patterns of people collected via this mobile app, can be used in urban design 

projects such as identifying emergent walk ways and to design better infrastructures 

for pedestrian movements. Further developing appropriate incentive policies based on 

these observations, city agencies can shape the way people are walking in the city in a 

semi-participatory manner, which is neither a top-down planning nor an explicit 

participatory system, where people’s opinion would be biased when they become 

directly involved in the decision making process. 

Despite these potentials one of the true concerns regarding these kinds of applications 

is that they might just end up to info-graphics or simple data analytics with no further 

functionalities. However, similar to the turn from analytical models to computational 

models, and the way we mastered computational algorithms we believe new 

paradigms of modeling is needed to be able to grasp the richness of these urban data 

streams.  We call this set of future skills as data literacy and toward this goal, we try 

to conceptualize a new generic modeling framework, which is matched with the 

richness of ever growing data streams. Otherwise, classical mindsets in urban 

modeling are not scalable with big data.  

In this chapter we had an almost neutral review of current mainstream in urban 

modeling and simulation. From the next section, we will discuss the underlying 

concepts of (urban) modeling in an abstract and theoretical level in order to highlight 

the fundamental limits and potential opportunities for new modeling theories. 
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Chapter 3 

Modeling Theories Or How to Compare Different Modeling 

Approaches in an Abstract Level? 

Modeling theories, Philosophy of science, Idealization, Universals, Set Theory, 

Category Theory, Abstract Universals, Concrete Universals 

Unlike previous chapter, which reviews the literature of urban modeling in a historical 

manner in this chapter we aim to find an abstract theoretical ground for the 

comparison of modeling approaches. We start comparing modeling approaches by 

reviewing the literature of modeling theories in the philosophy of science. Later we 

focus on the concepts of Idealization and Universals as they are playing major roles 

in categorizing different modeling approaches in an abstract level. Finally from these 

theoretical discussions we draw a hypothetical genealogy of modeling approaches and 

we introduce the notions of specific and pre-specific modeling, which are the main 

focus of this thesis. Next, specific and pre-specific modeling as two competing 

modeling paradigms will be discussed each in different chapters.  

3.1. Formal Definitions and Categories of Scientific Modeling 

As we discussed before, there are a wide variety of modeling approaches in different 

scientific domains. As a result, formalizing and theorizing the practice of scientific 

modeling is an active research area in philosophy of science. For example, according 

to (Frigg and Hartman 2012): “Probing models, phenomenological models, 

computational models, developmental models, explanatory models, impoverished 

models, testing models, idealized models, theoretical models, scale models, heuristic 

models, caricature models, didactic models, fantasy models, toy models, imaginary 

models, mathematical models, substitute models, iconic models, formal models, 

analogue models and instrumental models are but some of the notions that are used to 

categorize models.”  

Another possible step for better understanding of modeling approaches would be to 

interpret their roles and functions, and to distinguish the presets on which the different 

approached are based. One of the main issues by which models have been extensively 

discussed is the relation between models and the way of representation of the real 
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phenomena under study (the target system). According to (Frigg and Hartman 2012), 

from a representational point of view there are models of phenomena and models of 

data and within these categories there are sub-categories such as Scale Models (Black 

1962), Idealized Models (McMullin 1985), Analogical Models (Hesse 1963), like the 

hydraulic model of an economic system, which are further divided to material 

analogy, where there is a direct similarity between the properties (or relations 

between properties) of two phenomena and formal analogy, where two system are 

similar based on a formalization such as having the same mathematical equations to 

be described by (Hesse 1963) or Phenomenological Models, which are focused on the 

behavior of the particular phenomena under investigation rather than on underlying 

causes and mechanisms (McMullin 1968). Further, there are models of theories, for 

example a dynamic model of pendulum based on Newton laws of motion. In addition 

one can divide models based on an ontological view into classes such as that of 

Physical Objects, Fictional Objects, Set-theoretic Structures, Descriptions and 

Equations (Frigg and Hartmann 2012).  

However, we believe that these categories of models and modeling approaches are 

still overlapping and they are rather descriptive and neutral classifications than being 

critical. By critical we mean they do not give us a measure or a gauge to compare 

different modeling approaches in terms of their capacities and their limits in dealing 

with different levels of complexity in real world problems. Thus, in this work we are 

looking for a way to condition modeling approaches in different levels of complexity 

to examine their theoretical capacities.    

Among the above-mentioned categories, we think the crucial, but somewhat 

commonly accepted shared property of the majority of traditional scientific modeling 

approaches is that they are mainly based on some sorts of idealization. 

In what follows, we explain different aspects of idealization in scientific modeling 

and as we will show in the next sections, following the issues of idealizations, it 

directs us to the problem of universals (Rodriguez-Pereyra 2000), which is an old 

philosophical issue in relation to the concept of modeling in science. 

3.2. Modeling and Idealization  

In the context of philosophy of science, idealization in modeling has been discussed 

extensively (Nowak 1972, 1982, McMullin, 1985, Jones 2005, Weisberg 2007). In 
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principle, idealization in the domain of scientific modeling is considered to be equal 

to an intended (over-) simplification in the representation of the target system. 

Although there are different ways of explaining or defining the notion of idealization 

in different contexts, our focus here is on the notion of idealization in scientific 

modeling. Wiseberg (2007) discusses three kinds of idealization that we refer to in 

this work. These categories are Minimalist Idealization, Galilean Idealization, and 

Multiple-model idealization.  

Minimalist idealization is the practice of building models of the real world 

phenomena by focusing only on main causal factors. Therefore, as it is inferred from 

its label, minimalist models usually end to very simple elements that are informative 

enough for further decision-makings. For example, in the domain of networks 

analytics, the final aim is to explain complex behaviors that happen in the real 

phenomena by means of network properties such as centrality measures, integration, 

closeness, between-ness and etc. (Newman 2010). As another example in the domain 

of urban theory, in the recently called city science approach (Bettencourt, et. al. 2007) 

or urban scaling laws (Batty 2008) usually the final goal is to find a few main 

informative factors in cities such as the city size or city population size that explain 

other aspects of cities such as energy consumption in a linear equation. Even though it 

seems to be obvious that cities are complex phenomena with many observable aspects 

and many exceptions, minimalist models attract attentions of people as these models 

are identifying and stating very general rules, similar to Newton laws of motion.  

 

Figure 10- Network analytics: Structure oriented modeling (minimalist idealization), (left) Central Place Theory 
(Christaller 1933) and (right) Space Syntax (Hillier and Hanson 1984)  



 34 

 

Figure 11 – Minimalist Network Models: Relative distribution of road orientations in different cities3 

Those city theories trying to have archetypical city models are in a way in the 

category of minimalist idealized models too. For example, City of Faith, City of 

Machine, or City as an organism (Lynch 1984) or the analogy of cities with different 

ways of cooking egg, namely city as a boiled egg, city as a fried egg or city as a 

scrambled egg (the idea of Cedric Price in (Shane 2005)) are characterized by few 

urban elements that are informative enough to explain each city model and to 

discriminate that city model from the other models. Further along the same line, 

Shane (2005) shows how by combinations of three recombinant urban elements, 

called Enclave, Armature and Heterotopia different minimal city models emerge 

(Shane 2005).  

 

Figure 12- Minimalist City Models: The City as an Egg by Cedric Price 

Along the same line, one can refer to Keving Lynch’s project “The Image of the City” 

(Lynch 1961) where after surveying mental images of a group of citizens in few cities, 

he came up with 5 main elements of these cities. 

                                                
3 Image credit goes to Set Kadish 
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The second category of idealization, Galilean idealization as the most pragmatic type 

of idealizations, happens when the modeler intentionally simplifies the conditions of a 

complicated situation toward more computational tractability and simplicity. For 

example, it is common in economic models to assume that agents are rational 

maximizer or in transportation models to assume that commuters take the shortest 

path or to assume there is no friction in motion models of the particles. Comparing to 

minimalist models that focus on few distinctive elements to explain and discriminate 

different types of a phenomenon, Galilean idealization has a cyclic and repetitive 

nature, where with more back and forth analysis and experiments the modeler aims to 

include more features into the model. The basic idea of Galilean idealization is that 

gradually by understanding the modeling environment, it is possible to de-idealize or 

to build more comprehensive models on top of previous ones. Therefore, majority of 

engineering approximation methods such as system of differential equations in 

general, or computational fluid dynamics or biological reaction networks are among 

this category of idealized models. Further, Figure 13, shows how the idealization 

process in a complex phenomena (here, the agent based modeling of land-use 

transportation dynamics of a city) leads to a parametric and feature based 

representation of the real phenomena. This layering and parameterization gives a 

capacity and an option to the modeler to adjust the resolution (levels of details) of the 

model based on the needs and the purposes of the modeling process and the 

constraints and limitations, including the availability of data or prior knowledge or the 

time and scale resolutions). 

 

Figure 13- Parametricism: Idealization of the interactions between different agencies through layering and 
parameterization of the real phenomena 

The third category of idealization, multiple-model idealization, results to those 

models that consist of several (not necessarily compatible) models or several models 
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with different assumptions and different properties. This type of idealization is in fact 

a combination of two other idealizations and it can be very useful when the final 

output (the behavior) of the model is more important than knowing the underlying 

mechanisms of the target phenomena. For example, in weather forecasting ensemble 

models (Gneiting and Raftery 2005) including several predictors with different 

parameters or even different structures are used to predict the weather conditions. 

In addition to these three categories of idealization, from a systemic and functional 

point of view there are many models, in which idealization is happening in (one) 

many aspects of the real phenomena. To just name a few, static or dynamic models, 

structure oriented Idealization (in network models), process oriented idealization 

(such as system dynamics (Sterman 2000), system of differential equations), rule 

based idealization, such as Cellular Automata (Tobler 1979) or Fractals (Mandelbrot 

1982), decentralized Interactions (such as agent based), all are placed in the above 

mentioned categories of idealizations. 

 

Figure 14- System Dynamics: Process Oriented Idealization (Sterman 2000) 

However, considering the size and the variety of parameters and aspects in the target 

phenomena, the idealized models create a dichotomy, where on one extreme the 

models are all general, simple and tractable and on the other side models become 

complicated, specific and high-resolution. In fact, multiple model idealization 

becomes necessary whenever the selected parameters and aspects of the target system 

in each individual model (out of Galilean idealization for example) are not sufficient, 

but at the same time adding more aspects to an individual model, either makes it more 

complicated or results to model inconsistency. This issue seems to be a never-ending 

debate in in many scientific fields including biology, ecology, economics, cognitive 
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and social science, where one group believe in explanatory power of models and the 

other group believes in model accuracy and the level of details comparing to the real 

phenomena As an example, one can refer to (Evans et. al. 2013 and 2014) or 

(Lonergan 2014).  

Although idealized models have been applied successfully in many classical modeling 

problems, we think that this type of debates (more with a taste of dichotomy) cannot 

be fruitful in dealing with complex systems. The reason for this argument is that they 

all are in the same level of abstraction regarding the notion of modeling. Analogically, 

an onion like model of numbers (from numbers theory) explains what we mean by the 

abstraction in the concept of modeling. For example, with natural numbers (or more 

generally, integers) one can never grasp the richness of proportions and fractions in 

rational numbers (e.g. 2.6, which is neither 2 or 3 from a natural (integer) number 

perspective), while the introduction to the concept of rational numbers as the ratio of 

two integer numbers (e.g. 26/10) solved this problem. Therefore, while integers will 

have a never ending disputes about 2.6, rational numbers can solve this problem. This 

shift can be seen from another angle that the introduction of rational numbers opens 

up a new way of looking at the world phenomena that was not understandable before. 

In addition to the new aspects, rational numbers entail the capacity of the previous 

paradigm of natural numbers too. By choosing 1 as the denominator, one can show 

that all the integers are rational numbers. Similarly, if we take an idealized model as 

an arbitrary representation of the real phenomena, by adding several of them together 

(which is the case in multiple model idealization), still we cannot grasp the whole 

complexity. Therefore, our hypothesis is that an abstraction to the concept of 

modeling is needed in order to conceptually encapsulate all the potential arbitrary 

views in an implicit way. 

However, we do not claim that one can introduce a new concept as such, but in fact in 

this work we are trying to identify and discover new aspects of a potential body of 

thinking in scientific modeling that we call pre-specific modeling.  

In order to highlight this conceptual abstraction from the current idealization 

paradigm, first we need to explain the notion of universals, including abstract and 

concrete universals, followed by our interpretations of these concepts in relation to 

the notion of scientific modeling.  
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In the next section, after presenting the connections between the notions of 

idealization and abstract universals, we formally describe the concepts of abstract 

universals and concrete universals, which can be interpreted as set theoretical and 

category theoretical definitions of these two notions (Ellerman 1988). Further, we will 

show how the concept of concrete universals from category theory can open up a new 

level of modeling paradigm.  

3.3. Universals and Representation 

In majority of written texts about idealization in the domain of scientific modeling, 

the notion of idealization is equal to simplification and the elimination of the 

empirical details and deviations from a general theory that is the base for the final 

model. At the same time, the word “ideal” literally comes along with “those 

perfections that cannot be fully realized”. For example, circle-ness as a property is an 

ideal, which cannot be fully realized and any empirical circular shape has the circle-

ness property to a degree. 

 

Figure 15- Enso (circle of Zen): Toward the ideal circle 

Therefore, the idealization process in scientific modeling can be explained as a form 

of purification of empirical observations toward a set of given (assumed) ideal 

properties. These given ideal forms or properties can be seen as a dictionary, by 

which one can model (conceive of) many real world phenomena. For example, in 

statistical data analysis, it is usually assumed that the collected empirical data follows 

the normal distribution and if so, one converts the empirical data to a normal 

distribution and utilizes from the machinery of this ideal mathematical representation. 

In this sense all of probability distribution functions are instances of a language 

(consisting of a dictionary and grammar). Applications of idealizations with given 

dictionaries in many mathematical approaches such as linear algebra are enormous. 

As an example, Fourier transform (Figure 16) can be seen as a form of idealization, 
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by which any observed time varying data can be reconstructed (approximately) by a 

set of time varying vectors (a set of pure sinusoidal waves with different frequencies 

and phases). Then, from this way of looking at world, any waveform phenomenon is a 

linear combination of a set of ideal prototypes. 

 

Figure 16- Fourier Decomposition: Any observed form is a linear combination of some ideal cyclic forms 

However, these ideal forms (e.g. a time varying function with a certain frequency in 

the case of Fourier analysis) as the set of aspects (properties) of the real phenomena, 

are abstract. This means that there is no concrete (empirical) instance that fully 

matches with one or several of this a-priori given ideal properties. From this point of 

view, idealized models are those models, which are based on the notion of abstract 

universals.   

The problem of “universals” and “property” is a very old topic in philosophy 

(Rodriguez-Pereyra 2000) and there are different approaches namely Realism, 

Idealism and Nominalism in dealing with the issue of universals. However, in this 

work we focus on the distinctions between concrete and abstract universals in relation 

to the paradigms of scientific modeling. Before going further, we first bring a 

mathematical definition for the concept of universal. 

According to Ellerman (1988), “In Plato's Theory of Ideas or Forms (ειδη), a property 

F has an entity associated with it, the universal uF, which uniquely represents the 

property. Therefore, an object X has the property F i.e. F(X), if and only if it 

participates in the universal uF to a degree (µ)”. For example, “whiteness” is a 

universal and the set of white objects that all participate to a degree in “whiteness” 

property  (i.e. with different degrees of whiteness) are represented by this property.   

Further, “Given a relation µ, an entity uF is said to be a universal for the property F 

(with respect to µ) if it satisfies the following universality condition: 
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For any x, x µ uF if and only if F(x)” 

This condition is called Universality and it means that the universal is the essence of 

that property the universal is referring to.  

In addition to universality, a universal should be Unique. “Hence there should be an 

equivalence relation (≈) so that universals satisfy a uniqueness condition:  

If uF and uF' are universals for the same F, then uF ≈ uF'” 

Therefore, any entity that satisfies the conditions of universality and uniqueness for a 

certain property is a universal for that property. Now, if a universal is self-

participating, it is called a concrete universal and if it does not have self-participation 

property it is an abstract universal. For example, whiteness is an abstract universal as 

there is no empirical (concrete instance) to be “whiteness”. As another example in the 

context of language models, being a “verb” is a property that can be assigned to many 

words, but “verb” itself is an external definition and it is not self-participating in the 

sets of concrete verbs. The same argument goes for the above example of Fourier 

analysis and its ideal forms that are concrete.  

On the other hand, as an example, defining a property as being part of set A and set B 

has a concrete universal, which is the intersection of two sets A and B (A∩B). It 

means that any object from set A and B (including all the potential subsets) that has 

this property (being part of A and B) participates in the intersection set A∩B and 

since A∩B is participating in itself, then it is a concrete universal. 

Further, Ellerman (1988) shows that how modern set theory is the language of 

abstract universals and how category theory can be developed as the mathematical 

machinery of concrete universals.  

Finally, he summarizes that, “Category theory as the theory of concrete universals 

has a different flavor from set theory, the theory of abstract universals. Given the 

collection of all the elements with a property, set theory can postulate a more abstract 

entity, the set of those elements, to be the universal. But category theory cannot 

postulate its universals because those universals are concrete. Category theory must 

find its universals, if at all, among the entities with the property.” 

Considering this fundamental difference between set theory and category theory, 

during last decades there have been many theoretical works to develop the new field 
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of category theory.  For example, currently the main categorical approaches in 

Mathematics are topos theory and sheaf theory (MacLane and Moerdijk 1992), which 

are generalizations of topology and geometry to an algebraic level and it seems that 

applications of these general frameworks in different domains should be one of the 

main future research areas in the field of modeling.  But on the other hand, Ellerman 

(1988) concludes that “Topos theory is important in its own right as a generalization 

of set theory, but it does not exclusively capture category theory's foundational 

relevance. Concrete universals do not "generalize" abstract universals, so as the 

theory of concrete universals, category theory does not try to generalize set theory, 

the theory of abstract universals. Category theory presents the theory of the other 

type of universals, the self-participating or concrete universals.” 

Nevertheless, in this work we are focused on the fundamental differences between 

concrete and abstract universals in relation to the problem of scientific modeling and 

the detailed investigations on the role of other approaches in category theory 

(including Sheaf theory) will be the subject of our future research. 

Now that we defined the concepts of abstract and concrete universals we formalize 

two different approaches of modeling, which construct the hypothetical structure of 

our research.  

As we showed before, idealized models are models that are based on the notion of 

abstract universals and consequently idealized models can be interpreted as set 

theoretical models. In the next section, by focusing on the idea of representation in 

idealized models, we show their theoretical consequences and their limits in dealing 

with complex systems, where the definition of the abstract universal is the crucial 

part. Next, we show another conceptual representational framework that we think is 

matched with the concept of concrete universals. Further, we will introduce an 

alternative line of modeling to idealized modeling.   

3.4. A Hypothetical Genealogy of Scientific Modeling Approaches 

Foucault, Natural, Rational and Complex, Different Levels of Abstractions, Classical 

Mechanics, Dynamics, Quantum Mechanics, Deterministic Modeling, Probabilistic 

Modeling, Specific Modeling, Pre-Specific Modeling 

In Chapter 2 we pictured the ever-growing diversity of urban modeling approaches, 

empowered by the availability of cheap and easily accessible computational power. 
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We discussed that staying in the level of individual modeling approaches, the use of 

an arbitrary modeling approach can quickly bias researchers and practitioners and 

further, unconscious use of these urban models brings unnecessary political power for 

the models. 

Further, we showed that computational power, which has been the dominant factor in 

shaping the area of computational urban modeling from 1950s has had its own stages 

of evolution, where in each stage new modeling capacities have been emerging on top 

of previously established computational capacities (Figure 5). Further, we showed 

that how recently the landscape of urban experiments and urban sensing has changed 

dramatically from the designed experiments and limited data availability to a new 

data deluge, where traditional theory driven computational modeling approaches are 

incapable of comprehending the diversity and the size offered by the unstructured 

data streams. Therefore, from an opportunistic point of view, here we are challenged 

to find new and appropriate ways for dealing with this new capacity. Similar to the 

potential power of oil as a potential resource that can be activated if one has enough 

technical know-how, we think now we need a new sets of skills in the domain of 

computational modeling to harness the power of this big data.    

Further, in this chapter in a less domain dependent approach, we investigated the 

modeling theories from the literature of philosophy of science. From this direction, 

we showed how the notion of idealization lies at the heart of many modeling 

approaches. Next, connecting the notion of idealization to the problem of universals, 

we highlighted the fundamental properties of many modeling approaches from the 

way they treat the problem of universals, which is a well-known philosophical 

problem. We think considering the ever-growing diversity of individual (concrete) 

modeling approaches, only at this level of analysis one is able to categorize main 

paradigms of modeling in science in a productive manner that identifies the new areas 

of modeling science.  

In this section, in order to combine the results of this Chapter and Chapter 2, we 

establish a hypothetical ground to categorize modeling approaches in an abstract level 

and to be able to formalize a new concept of modeling that we call pre-specific 
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modeling4. The perspectives to which this PhD will contribute on a theoretical level 

are embedded within the larger research focus at the Chair for CAAD, ETH Zurich, 

where several researchers are working in different fields of architecture where 

information technology sets new constraints: Building information models, building 

services, building automation, simulation, logistics, construction and design. The aim 

of such a genealogy of modeling is to distinguish the approach of pre-specific 

modeling and to investigate its usefulness and also its limits for thinking about 

Information Technology and Computational Design. We use pre-specifics as a 

concept that allows us to reflect our discipline theoretically. 

As we will discuss in separate chapters, pre-specific modeling is an abstract 

alternative for the current state of the art in computational modeling that we call 

specific modeling. While specific modeling is based on the notions of idealization, 

abstract universals and set theory, pre-specific modeling is alternatively based on the 

notions of concrete universals and category theory. Further, as we later show the 

approach of pre-specific modeling is in an inverse direction to the approach of 

specific modeling. While specific modeling reaches to a limit in complex 

environments, pre-specific modeling that is conceptually well suited to be used in co-

existence with unstructured data streams can open up a new paradigm of data driven 

modeling.  We will discuss these differences in details from the next chapter. 

However, in order to give a more tangible impression of these categories, the 

following diagram (Figure 17) shows three categories of scientific modeling, aligned 

with the evolution of classical mechanics since Newton, via analytical mechanics 

(thermodynamics), to quantum mechanics. This thesis chooses the terms deterministic 

models, Specific (or pre-determinable models) and pre-specific models (or in a less 

clumsy and more abbreviated way: natural models, rational models and complex 

models). 

 

                                                

4	  This term was introduced for speaking about information-based design in “pre-specifics. Some 

comparatistic investigations on research in art and design” (Bühlmann and Wiedmer, jrp ringier 2008).	  
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Figure 17- Three stages of scientific modeling based on a certain genealogy, as it will be developed in this research 

It is important to note that this diagram is meant to depict an onion-like illustration of 

how to consider different levels of capacities in scientific modeling, in which each 

step ‘upwards’ expands the capacities according to the further level of abstraction. 

Our main hypothesis in this research is that the state of the art in computational 

modeling is mainly based on the paradigm of specific modeling. Therefore in order to 

formalize the concept of pre-specific modeling, which is the main topic of this thesis, 

in the next chapters, we discuss the main differences of specific and pre-specific 

modeling in detail. For now, Table 1 summarizes the main differences of two 

modeling approaches in a nutshell.  

Table 1 – Comparison of Pre-Specific Modeling to Specific Modeling 

Aspect Specific Modeling Pre-Specific Modeling 

Mathematical Theory Set Theory Category Theory 

Universality is based on Abstract Universals Concrete Universals 

It assumes that we have a Generic Object Particular Object 

Identity of an individual is 

defined as the 

Combination of the values 

in the given properties for 

the generic object  

In relation to all the other 

concrete objects 

Representation is based on A priori given features 

(Given Dictionary)  

Object dependent features 

(Learned Dictionary) 

Causality and Relations Given in rules (Grammars) Learned in co-existence 
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Aspect Specific Modeling Pre-Specific Modeling 

are  with data 

In analogy to numbers are 

similar to 

Rational Numbers 

(Rationality) 

Real Numbers 

(Non-rationality and 

rationality) 

In analogy to Physics are 

similar to 

Classical Mechanics or 

Thermodynamics 

Quantum Physics 

Role of data Secondary Primary  

In relation to data Needs sufficient data, not 

more 

Scalable with data 

They are  Theory Driven Data Driven 

In Chapter 4, first we start to characterize the approach of specific modeling, followed 

by its fundamental limits. Then, in Chapter 5 we formalize the concept of pre-specific 

modeling.
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Chapter 4 

Specific Modeling: Models Based on Abstract Universals 

4.1. Characteristics of Specific Modeling 

In this section, we focus on idealized models, which are based on abstract universals. 

We believe that majority of scientific modeling approaches that follow the 

idealization process are in this group of modeling. The issue of idealization can be 

divided into two main aspects: The issue of representation of an object and the issue 

of causality and relationships between objects in terms of scientific rules. In terms of 

set theory, one is about the construction of a set to describe an object and the second 

one is about the relationship between sets and the issues of mapping and functions 

between the elements of two sets.  

As we discussed before, the fundamental difference between abstract and concrete 

universals is the issue of self-participation. In terms of modeling and representation, 

in those models based on abstract universals, the definition of the common property 

of the target system is a-priori given in a meta-level. In other words, concrete objects 

(i.e. empirical observations) are all instances of a class that can be mathematically 

formalized as a set with an atomic definition in the form of abstract universals. This 

means that in an empirical set up, in the beginning of the modeling process we have 

an externally given idea about the set of properties (aspects) of the real phenomena 

under study. As an example, if we are comparing many concrete objects (e.g. several 

cities), we first need to define a set of specific properties (such as population size, 

area, GDP, etc.) to construct a representation of city-ness. Therefore, city-ness is 

reduced to a parametric set up. We call this approach Specific Modeling as it is based 

on a set of specific properties of the target system. In relation to the idealization 

process, the level of details in terms of the number and variety of properties is the 

choice of the modeler. If the modeler considers few aspects of the target system the 

model becomes simple and if he/she selects many aspects or properties, the model 

becomes complicated. In other words, feature based idealization creates a spectrum of 

models from simple minimal models to Galilean and multiple model idealization as 

described in section 3.2. Modeling and Idealization.   
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In a schematic way, Figure 18 shows the concept of idealized parametric 

representation in specific modeling. Each circle in this figure stands for a concrete 

object. These objects are symbolical, which means that they can stand for anything – 

be it people, cars, companies, buildings, streets, neighborhoods, cities, webpages in 

the internet, protein networks, networks of words in corpus of texts, or people and 

their activities in a social network data. In the first step, we need to define our abstract 

universals, which leads to a set of selected features of the real objects. These features 

are shown by rectangles. It is important to note that as a result of these universal 

features, the concrete instances of the object are assumed to be independent to each 

other, as they will be all compared indirectly by an abstract class definition, which 

acts as an external reference. Therefore, identity of an individual object is defined as a 

combination of the values of those selected features independently from other 

individual objects. This is a crucial point as later we present the fundamental ideas of 

pre-specific modeling. 

 

Figure 18- Specific modeling based on abstract universals and parametric idealization of the target object 

However, in majority of practical cases people do not start the process of modeling 

from scratch. In fact, In addition to this feature based empirical model construction, 

majority of specific modeling approaches are theory driven models. This means that 

the majority of applied models are the realization and modifications of the proved 

theories that come in the form of universal laws. This approach is very usual in 

classical sciences such as Physics, Chemistry, Biology and Mechanics and as we 

mentioned in the section 2.2. State of the Art in Urban Modeling on literature of urban 

modeling, many of current modeling approaches in socio-economic systems such as 

cities are based on analogies with these classical modeling approaches. From set 
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theory point of view, these given laws or scientific rules dictate the set definitions (i.e. 

what to observe) and further, these scientific rules define the relationships between 

different sets in terms of mathematical functions. For example, in the field of 

Computational Fluid Dynamics (CFD), a computerized simulation solves a system of 

equations, where all the equations (such as the Navier–Stokes equations, or Euiler 

equations that define any single-phase fluid flow) are based on prior scientific 

discoveries. Therefore, a specific model (let say a wind flow model around a building 

with given geometry) is the numerical simulation of these equations considering the 

geometry of the building as the boundary constraints.  

Nevertheless, specific modeling is based on the underlying notion of rationality 

started from 16th century by Descartes and it should be mentioned that it has been 

offering a fantastic mechanism and an abstract language for axiomatization of 

different phenomena. Nevertheless, there are fundamental limits to this approach of 

modeling in dealing with complex phenomena, with many different properties, where 

the specific models are challenged to define a sufficient set of properties or to identify 

universal laws or patterns in social behaviors in cities. This is where currently there is 

a dispute between those scientists who believe in explanatory power of models with 

few parameters and those scientists that are interested in better accuracy of models by 

considering many more specific parameters for each unique case. By having less 

number of features (i.e. toward minimalist idealization) there is a high possibility of 

explanations and generalization of the identified rules and on the other side with 

adding more details, the models become more accurate, but at the same time more 

case based and specific. As an example, one can refer to urban scaling models from 

one side and agent based models for urban phenomena from the other side. 

Considering two fundamental issues of specific modeling, issue of representation and 

the issue of mapping and relations between sets, in what follows we discuss the 

fundamental limits of specific modeling in complex environments such as cities. 

4.2. Fundamental Limits of Specific Modeling in Complex 

Environments 

Within the literature of scientific modeling, the majority of discussions on the issues 

of scientific modeling approaches are bounded to models based on abstract universals 

and the differences between different idealization processes. Among the few 
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investigations, Shillcock (2014) discusses the fundamental problems of modeling in 

the domain of cognitive science from the perspective of universals. He mentions: 

“Cognitive science depends on abstractions made from the complex reality of human 

behaviour. Cognitive scientists typically wish the abstractions in their theories to be 

universals, but seldom attend to the ontology of universals.” Later he explains several 

fundamental problems in the domain of cognitive science by reviewing the different 

aspects of abstract and concrete universals. In what follows along the same line, but 

based on different arguments we present some of the fundamental issues of the 

specific modeling that is based on the notion of abstract universals. 

4.2.1. Godel’s Incompleteness Theorem and Arbitrariness of Specific Models  

In models based on abstract universals, the universal properties are not self-

participating. Intuitively, one can argue that in any level of abstractions, members of a 

set are concrete and the set definition itself is abstract regarding to its members. 

Therefore, the first modeling step is the decision about the set of properties that define 

(represent) the object of enquiry. Therefore, to have a set of concrete instances (e.g. 

set of red apples), one needs a super-set that defines the ideal properties of that class 

(e.g. the apple-ness and the red-ness). Raised by Plato (Ellerman 1988), this 

requirement initiates a never-ending hierarchical process of defining abstract 

universals for the higher order classes (e.g. a set for colors). As a result, one can argue 

that in practical modeling domains, from a level above, models are based on assumed 

or commonly agreed properties of the target system (that are usually imposed by a-

priori given theories and rules about that phenomenon). This problem can be 

explained by Gödel’s incompleteness theorem (Raatikainen 2014) that is to say we 

only can make a consistent model, if it is based on an unproved truth (the incomplete 

model) and if the model is complete (every thing based on proofs) it cannot be 

consistent. This beautiful theorem, simply says any model, which is based on abstract 

universals are in a way arbitrarily consistent, but not simultaneously complete. The 

same argument holds for the case of Russell’s paradoxes and naïve set theory 

(Ellerman 1988).  

4.2.2. Curse of Dimensionality in Complex Systems 

Models based on abstract universals have been successfully applied in many practical 

domains such as classical physics, medicine and engineering. Nevertheless, they reach 
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to a computational limit in dealing with complex systems. This limits is directly 

related to their quest for explicit representation of the target systems through a set of 

specific properties. Assume that we measure the complexity of a system (i.e. a real 

phenomenon) as a function of the number of its potential properties and the relations 

between those properties (Adopted from Wassermann 2013). For example, a wooden 

chair in comparison to a building is less complex and the same relation holds for a 

building in comparison to a city. 

As a result, by increasing the number of potential properties and their 

interrelationships and consequently the exponential growth in the number of 

combinations, the space of modeling (i.e. potential specific models) expands in an 

exponential manner. This phenomenon is called the curse of dimensionality 

introduced by Bellman (1961). 

Consequently, in a complex system, any endeavor toward an explicit representation 

(which is the case in specific modeling) leads either to a complicated model (Models 

with lots of redundancy and lack of explanation) or to very simple and minimalistic 

idealizations. Figure 9 shows this issue diagrammatically. 

 

Figure 19- Curse of dimensionality and idealized models based on abstract universals 

Further, from statistical point of view this category of models always are data hungry, 

as by adding one more feature into the model, we need more data (usually in a 

nonlinear scale) to cover the inter-relationships between all the previously included 

features and the new feature. Therefore, in many applications even with having 

computationally large data set, we have statistically small data set (Bishop, 2013).  
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4.2.3. The Generic Object and the Concept of “Error” 

From the point of view of particular objects, what happens in the idealization process 

is that there is no longer a unique identity dedicated to a particular (concrete) instance, 

but rather the identity of that particular case will be realized as a combination of those 

globally defined properties (see Figure 18). In other words, in models based on 

abstract universals the particular object will be considered as an instance of a 

(fictitious) Generic Object. Along the same line, Shillcock (2014) says: “The concrete 

universal is a universal, but it has all the richness of the particular. Whereas an 

abstract universal can be defined as something abstract (typically seen as a property) 

that inheres in many other different things, a concrete universal is an entity in which 

many other different things inhere.” 

Consequently, wearing the abstract universal glasses and constructing the notion of 

generic object, we impose a limit to empirical deviations and usually treat them as 

Errors. For example, assuming the linearity as an ideal property in a system, the 

generic object is assumed to follow the linearity while the other objects are erroneous 

to a degree. Figure 10 shows this issue in the case of linear regression. In a two 

dimensional linear system, it is assumed that for any observation (i.e. a concrete 

object via its x and y dimensions) there is a linear relation in the form of y= ax + c. 

Therefore, those points that don’t fall in the common line have a degree of error in 

comparison with the ideal line. Here this notion of error emerge as the degree of 

contradictions between a-priori given linearity assumptions and those empirical points 

that do not lie in this line. As we will further discuss this issue in section 6.3.3. 

Computing with Indexes: From the Ideal Function to any Potential Function, in pre-

specific modeling this condition is relaxed, by removing the assumption of having a 

globally imposed structure (e.g. a curve with a closed form equation) to the empirical 

observations. Further, as we will show in pre-specific modeling opposite to here that 

individuals follow a general structure, while they locally adapt it (i.e. through 

changing the parameters of the polynomial function), there each individual creates its 

own identity, while the global identity can be realized (if necessary) through 

discussions and communications between individual structures.  

As the final note we should mention that by Error here, we do not mean the 

systematic error, which is usual for example in measurements with mechanical 

devices. 
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Figure 20- Introduction to the concept of error: The deviation of particular objects from the ideal curve 

4.2.4.The Problem of Integration and the Conceptual Incompatibility of 

Different Rational Models 

In many practical modeling problems, we often encounter to a multi-disciplinary 

situation, where the problem at hand cannot be explained from one specific point of 

view. In the classical scientific problems such a classical physics or chemistry 

problem, usually the systems are assumed to be homogenous and the resulting 

scientific equations seem to be consistent and sufficient for that domain. For example, 

in the above-discussed CFD modeling problem the structure of the numerical model is 

based on few elements such as wind characteristics (e.g. velocity and direction) and 

few geometrical features of the environment. However, in a more realistic scenarios 

such as study of urban heat island effect (where due to several reasons the 

temperature in urban areas such as street canyons is higher than expected) there will 

be a problem of integrated modeling, where one needs to consider different aspects of 

the urban environment that are not necessarily from the same scientific domain. For 

example, a proper study of urban heat island effect, requires to have an integrated 

model of wind flow, heat transfer, moisture level and evaporation, traffic flow, 

building land use, building material, vegetation, urban activities in the region and 

many other factors. Therefore, regardless of the required computational powers, in a 

mathematical level we have the problem of communication and integration between 

heterogeneous sets, each of which focused on one specific aspect of the target 

phenomena (e.g. heat transfer from cars or the effect of land use on heat production). 

While there might be idealized and rational models of each isolated aspects of the real 
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phenomena, an integrated models demands for many new rules and functions to 

represent all the combinations of these aspects together. Therefore, we think that 

similar to curse of dimensionality problem in explicit representational models; here by 

adding one new layer (i.e. one new aspect) to the urban model, the number of required 

causal relations between these aspects will increase exponentially. As a result, these 

types of specific simulations are always in a catch up process. There are many 

examples in the literature of integrated urban modeling that follow the same ideology, 

but since we are discussing this issue in an abstract level we do not bring further 

examples. In the applications section of this thesis, we discuss a specific case for 

approximation of urban air pollution in which we take a completely different 

approach than the one presented here. 

In the next chapter we will introduce and further develop the concept of pre-specific 

modeling as an alternative to specific modeling. 
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Chapter 5 

Pre-Specific Modeling: Models Based on Concrete 

Universals 

5.1. Introduction 

In this chapter, not in an opposite direction to specific modeling (i.e. models based on 

abstract universals), which is a common approach in social science and humanities, 

but based on the notion of concrete universals from category theory, we investigate 

the potentials for an alternative in paradigms of scientific modeling. As we discussed 

in previous section, those models that we call specific models, are based on a-priori 

defined or selected abstract universals. Further, we showed that they have certain 

theoretical limits and issues in dealing with complex systems. In a conceptual level, 

our hypothesis is that if any specific model is like an arbitrary view to the real 

phenomena, there should be a category of models that encapsulates all the potential 

specifics in an implicit way. We should note that this conceptual idea is different than 

the notion multiple model idealization, that tries to juxtapose several specific models 

together. Here, in pre-specific modeling, instead of explicit representation we aim to 

symbolize the complexity, while the symbolized complexity is operational. We call 

this approach pre-specific modeling, which is originally introduced by Vera 

Bühlmann (2008).     

Further, we think that if specific modeling can be theorized by set theory and abstract 

universals, pre-specific modeling should be supported by the concepts of category 

theory and concrete universals based on the interpretations given by Ellerman (1998). 

In order to establish the building blocks of pre-specific modeling, first we need to 

focus on fundamental assumptions of the specific modeling on the issues of 

representation of objects as well as the issue of modeling the causality and relations 

between objects, where in specific modeling is assumed based on prior theoretical 

knowledge. 

In the next section, based on a story line in number theory we try to form the building 

blocks of pre-specific modeling. We should mention that in this work our aim is not 

to develop pre-specific modeling as a modeling package, but rather we prefer to open 



 55 

up and unfreeze the fundamental assumptions lying behind many practical modeling 

approaches. By that and using recently developed mathematical concepts, we can 

explore new conceptual areas in the field of scientific modeling. 

5.2. Dedekind Cut: When a Particular Object is Represented by the 

Negation of its Complement 

In specific modeling, when one defines the abstract universal in terms of a set of 

specific properties, a parametrical generic object will be conceptualized directly. 

Then, the individual objects can be reconstructed (analyzed) or generated 

(synthesized) by changing the values of those specific parameters in the generic 

object. In other words, having the parameterized generic object, one can directly 

specify an instance independent of the other instances. This approach is fast and can 

be mechanized quickly, but at the same time it reduces the individuals to generic 

object. As a fundamental example, let us refer to number theory and the definition of 

rational numbers as the ratio of two integers m and n, where n is not equal to 0. In this 

case, any specific rational number, q, can be directly represented by infinite pairs of 

(m, n) integer values, where m/n = q. In other words, q is graspable directly and 

independently from the other rational numbers. However, as we know the set of 

rational numbers is only a small fraction of the whole space of the real numbers. As a 

result, this approach in number theory reaches to a point in some cases that no one can 

define a real number by its own. 

 

Figure 21 - Rational numbers cannot fill the space of real numbers. Each line corresponds to one rational number5 

                                                
5 Image from: http://en.wikipedia.org/wiki/Rational_number 
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It can be shown that there are some values in a continuum line of real numbers, which 

are not in rational numbers R. For example the length of a diagonal of a square whose 

sides are 1 unit of length doesn’t exist in R. But at the same time we can draw it or 

make something in that size exactly. This length, L is incommensurable with the unit 

of distance. So, “we may affirm: The straight line L is infinitely richer in point-

individuals than the domain R of rational numbers in number-individuals” (Richard 

Dedekind 1888). So, we need a new Instrument better than (more complete) than 

rational numbers, because from rational number point of view, there is no direct 

analytic solution to this problem.  

While this can be a catastrophe for analytical thinking, metaphorically if we assume 

different categories of numbers as different paradigms of thinking, we can argue that 

if based on a new set of instruments (i.e. a new modeling approach) we could model 

what is real, but not rational we could open up (or create) new dimensions to our 

lives that later will offer new things, unimaginable based on the current paradigm of 

thinking. Therefore, in an optimistic view, we can argue that if rational numbers are 

compatible with analytical thinking, now we need something beyond analytical 

thinking and direct representation of the objects (here numbers). 

Back into late 19th century, Richard Dedekind (1888) came up with a conceptually 

different definition of irrational numbers, known as Dedekind cut. Intuitively, 

Dedekind cut is a unique way of representing an irrational number by its 

complementary set. He defined a cut for a specific number, b, as the space between 

two ordered sets of rational numbers A and B, where all the elements of A are less 

than all the elements of B and further all the elements of A are smaller than b and all 

the elements of B are equal or greater than b. Definitely, if b is a rational number the 

union of set A and B is the whole number space of real numbers, U and if b is an 

irrational number, b is equal to U minus the union of sets A and B (AUB). For 

example, in order to define √2, A is the collection of all negative rational numbers and 

the collection of every non-negative rational number whose square is less than 2 and 

B is the collection of all positive rational numbers whose square are larger than 2. 
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Figure 22- Dedekind cut: Representation of an irrational number as the negation of its complement 

Further, two irrational numbers can be compared simply through their corresponding 

cuts and if their cuts are equal, these numbers are identical. 

The important point here for us is that by this definition each specific irrational 

number is being represented uniquely as the negation of its complement, while it is 

not directly touchable and graspable, unlike the case of rational numbers where they 

can be directly pointed out. We think that regarding the issue of object representation 

Dedekind cut has an important implication, by which it is possible to introduce an 

alternative approach for representation of the objects to what is common in specific 

modeling (Shown in Figure 18). We will explore this alternative idea in the next 

section, but for more detailed discussions around the conceptual and philosophical 

underlying ideas of Dedekind approach refer to (Hovestadt and Buhlmann 2014).    

5.3. From Generic to Particular: Object Dependent Representation 

The core aspect about any modeling paradigm is the way of how real phenomena are 

represented into the model. As Figure 18 shows, in specific modeling by selecting the 

set of representational properties of the real phenomena, each individual object can be 

represented by its own direct representation. Further, as we discussed since the 

majority of specific modeling cases are founded on top of prior knowledge of the 

phenomena in forms of equations and scientific rules, selecting any specific prior 

descriptive rule set, will dictate a specific property and specific representation of the 

real world phenomena under investigations.  

 As a result, the identity of a particular object is defined independently of the other 

(concrete) objects as long as we have a global axiomatic set up (i.e. those selected 

properties) to define the generic object. Here, the generic object is the abstract 

universal, in which with different parametric values one can instantiate or 

approximate a particular object. Referring to the example of number theory, this is 

similar to the case of rational numbers, where a specific number can be generated 

directly as the ratio of two integers.  



 58 

Now imagine an empirical representation of concrete objects in a network-based 

representation, in which nodes represent concrete objects and edges are empirical 

relations between objects. For example, number of cars which are passing from one 

street to another other street, or relation established by two individual persons 

selecting the same restaurant, or the relations between two cities because they host 

offices of the same company, or in terms of language models, the number of times 

one specific word has been appeared after one other specific word.  Therefore, 

comparing to parametric representation of objects, in this case, the identity of an 

object is defined directly in terms of the relations it maintains to the other objects. The 

main difference between the two approaches is that in the feature (property) based 

approach, the specific identity of objects is assumed independently, while in the 

second approach, the identity of objects is regarded as pre-specific, and is specified 

purely relationally, out of the connectivity, which can be observed. Two objects are 

considered identical if they share the same sets of relations with the other concrete 

objects.  

Figure 23 shows the representation of concrete objects in a network-based approach.  

 

Figure 23- Object dependent representation of concrete objects in pre-specific modeling 

In terms of universals, in specific modeling, each property has an abstract universal, 

but in object-object relation, taking each concrete object as a property (for example 

A-ness for concrete object A) we have concrete universals for each property, since 

each object has an identity relation with itself. Now taking each concrete object as a 

feature, we can represent each object via its relation with the other objects. In 

comparison with the definition of irrational numbers by Dedekind cut, here too the 

A"

B"
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identity of a particular concrete object is defined as the negation of the identity of the 

other particulars. Note that here, there is not yet a defined generic objects unlike the 

case of parametric object representation. 

This set up as shown in Figure 23, is an object dependent representation that is 

conceptually scalable with the size of empirical objects. While, in specific modeling 

the size of parameters is independent to the number of concrete objects (i.e. 

observations), in object dependent representation, by adding one concrete object we 

directly add one new aspect for the representation of other objects. This aspect of pre-

specific modeling makes it suitable for working with large amount of data streams. 

Further, nowadays, in many application areas, the conditions for these types of 

representation hold as we have an emergent network of connected instances that can 

be used for the representation of the object of inquiry.  

In Chapter 6 we present two main computational frameworks that support the concept 

of pre-specific modeling.  

Comparing to theory driven nature of specific modeling, as we mentioned before 

implicitly, object-dependent representation of pre-specific modeling is in general co-

exist with availability of data. As we will discuss in the next section, the role of data 

in pre-specific modeling is different than classical empirical research when one is 

assuming an a-priori given generic object.  

5.4. Coexistence of Models With Data Streams 

Beyond the Theory Driven Approaches: Now the theories are about how to use data, 

Diagrams of Modeling and the role of data 

In the classical scientific modeling, theories and a priori given representations define 

what should be measured and observed. According to Van Frassen (2010): ”A 

measurement outcome is always achieved relative to particular experimental setup 

designed by the user and characterized by his theory.” Similarly, as we showed in the 

case of specific modeling, by selecting the abstract universals we limit the set of 

potential observable aspects of the real phenomena to few specific features. For 

example, when we are dealing with a pendulum model and we take Newton laws of 

gravity as a valid theoretical model to describe the foundation of the motions of 

particles, data and measurements can only empirically validate or propose minor 

modifications. Therefore, this notion of data is equal to the results of the designed 
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experiments and careful observation. This classical data has been always playing a 

marginal role in the process of specific modeling, while theories of the phenomenon 

(or hypotheses) are directly shaping the observation and modeling process.  

In addition to this conceptual set up, historically measurement and observations has 

been very expensive and as a result, these important factors pushed modelers toward 

more structured and designed and optimized experiments and observations. In a way, 

it is a valid argument to say if we know the rules of nature, we do not need to have 

more data. We can predict what can happen. This is the idea of Laplace Demon and 

determinism that did not work and people like Poncare proved that even with pure 

observability of a phenomenon, one can not achieve to 100% determinism and 

besides, tiny initial differences lead to completely different outcome as it is the case in 

Butterfly effect and Chaos Theory.   

However, as we discussed before, in complex systems such as cities, the problem is of 

a different nature, where in addition to uncertainty and indeterminism, there are huge 

amount of observable aspects. This means if we do not have a fixed (and narrowed 

down hypothetical model) we do not know what to observe. Therefore, classical 

modeling is very conservative about the role of data. Considering this notion of data 

in specific modeling, Figure 24 shows the classical process of modeling. As it is 

shown in this diagram, the abstract universals or in other words the definition of the 

generic objects is always the first and the primary step in the modeling process and 

the data including its structure (i.e. the selected properties of the real environment) 

and its size (to be statistically enough) is defined by the requirements of given 

abstract universals and hypothetical set ups. Further this notion of data has a 

supporting role in model tuning and model validation. This diagram shows that since 

the data is the secondary element, after a certain level of observation the model 

quality (in terms of accuracy for example) becomes stable, as we have enough data to 

tune the system. Therefore, here we do not need a big data. 



 61 

 

Figure 24- The classical modeling process (specific modeling): The Primacy of Given Theories  

Nevertheless, as we discussed in section 2.1. The Rapidly Changing Ground of 

Computational Technologies, considering computational technologies as the 

dominant factors of the last century in shaping and directing the area of scientific 

modeling, the concept of measurements and data processing has been inverted in 

recent years. As a result nowadays in cities and similar environments even before 

starting to test a specific hypothesis, massive streams of related and unrelated data 

flood us. As we discussed this data deluge has caught the attention of many people all 

over the world (See Figure 8). This notion of data is opposed to its classical notion, 

where data is produced mainly as the result of designed experiments to support 

specific hypothetical models or when data is transmitted via defined semantic 

protocols between several inter-operating software. These new data streams are the 

raw materials for further investigations and similar to computing power they are new 

capacities for modeling. Different than classical notion of data, these data streams are 

unstructured, some times unrelated and most of the time in massive amount. As a 

result of this new plateau, we are challenged to learn the new ways to grasp this new 

richness.  

We think these massive unstructured urban data streams induce an inversion in the 

traditional paradigm of computational modeling. And this data is no longer playing a 

secondary role, but instead the computational models are co-existence of data and 

representations based on concrete universals. 

As an alternative to previous modeling process (Figure 24), the conceptual set up for 

pre-specific modeling looks like what is shown in Figure 25 where there is a bi-

directional interplay between unstructured data streams representing particular objects 

and self-referential representation of concrete universals.  

Abstract(Universals(

Data(

Modeling(Process( Final(Model(
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Figure 25- Pre-specific modeling: Coexistence of computational machines and unstructured data 

As we will show in the next section, opposite to specific modeling paradigm, where 

data has a limited use in modeling process and after a certain level of data size, the 

performance of models become stable, in this level of data-driven modeling and 

object dependent representation, adding more data will improve the quality of the 

final model. This is the power of concrete universals that are scalable with data size, 

while as we will show in the case of parametric models, after a certain size of data, 

the parametric state space of the generic object becomes full and this will reduce the 

discrimination power of the model in dealing with variety of circumstances in 

complex systems. While by using concrete universals, each new instance will 

introduce a new aspect in relation to the other concrete instances. Therefore, it is 

scalable with data size. 

As a result of this conceptual inversion in the process of modeling, definitely we need 

different kinds of computational and mathematical techniques that are very flexible 

with the role of data. In the next section, we present a certain category of 

mathematical and computational methods, which we think support the notion of pre-

specific modeling very well. 
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Chapter 6 

Computational Machines That Support the Concept of Pre-

Specific Modeling 

6.1. Introduction 

Even though within previous chapters we discussed different examples to explain 

what we mean by pre-specific modeling, so far we were in a conceptual level. In this 

section, in a more technical level we present and discuss a group of computational 

methods that fit very well with the concept of pre-specific modeling.  

Before starting this section it is important to note that although we have emphasized 

the active role of data in pre-specific modeling as an alternative to theory driven 

modeling in classical computational modeling, we do not think that by this kind of set 

ups, we are reaching to the end of theory as it is suggested by (Anderson 2008). 

Further, we think the approach of pre-specific modeling should be out of the dispute 

between data-driven or theory driven modeling. Instead with an optimistic view, we 

think that these urban data streams are new opportunities for human society similar to 

the role of steam engine and oil in industrial city, where in order to be able to explore 

and activate the potential capacities of the crude oil new theories and new scientific 

discoveries were required. Similarly in informational cities of 21st century, where we 

have invaluable streams of data, with we need new theories and technical know-hows 

to build appropriate tools and technologies. The only difference is that the new 

modeling theories should more abstract than the currently available modeling 

theories.  

From the philosophy of science point of view, we think that unlike specific modeling, 

in pre-specific modeling in co-existence with data streams there is no more strong 

dominance of scientific rules and universal laws about every phenomena, but instead 

there is a real demand for new theories to build generic computational machines, what 

is called as computational templates (Humphreys 2002, 2004). While the concept of 

computational templates can be assigned to many classically developed linear 

algebraic methods such as polynomial functions or Fourier decomposition, in this 

thesis, we think they have fundamental assumptions that are ill suited for the 
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conceptual requirements of pre-specific modeling as we explained in previous 

chapters. In this work, we specifically focus on two well-known computational 

methods with a different reading of them than usual literature. We try to highlight 

their main characteristics in relation to two main issues of representation and 

causality and relations between objects. These two methods are Markov Chains and 

Self Organizing Maps.  

6.2. Markov Chains  

Natural Language Modeling, Google, Dedekind, Encapsulation of Complexity, Self-

Referential, Object Dependent Representation, Probabilistic Representations, Data 

Streams and Sequential Observations 

No doubt that Russian mathematician, Andrei Markov is among the greatest 

mathematicians of 20th century who made lots of contributions in formation of the 

probability theory. Nevertheless, his major work is Markov chains that he introduced 

in 1906. Nowadays, in engineering and applied scientific domains, many people know 

Markov chain as a kind of dynamic-probabilistic (stochastic) model in a defined state 

space, where having a sequence of random variables, x1, x2, x3,…, xt-1, xt,  the state of 

the system at the next step, xt+1 depends only on the previously observed state, xt . 

Therefore, these processes create a chain of random activities, where there is a 

probabilistic link between adjacent nodes. Here, we assume the case of discrete time 

processes with finite number of states, but in principle one can assume to have 

continuous time and continuous state space. Further, the chain is called homogeneous 

if the conditional distributions of xt+1 given xt were independent of t. Further, 

assuming more sequential dependency one can construct higher order chains where 

the state at step t depends on its n previous steps, if the order of the chain is n. 

Nevertheless, in the case of first order chains, assuming the mutual dependencies 

between any two potential states, a Markov chain can be represented with directed 

graphical network, where each node corresponds to a state and the edges between two 

nodes correspond to conditional probabilities. Figure 26 shows an example of a 

Markov chain with three states. 
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Figure 26- Traditional representation of a Markov chain in modeling of a dynamical system 

In the domain of dynamical systems, Markov chain including its many different 

versions have been studied and applied in many applications for simulation of 

dynamical systems or for the study of steady state conditions. Further, it has been 

applied successfully to sequence and time series prediction and classification. 

However, in this work what attracts us about Markov chain is Markov’s brilliant idea 

for representation of a complex phenomenon such as natural language in a purely 

computational manner. Before going to his approach, let us explain the traditional 

concept of language models. Although there is a debate, one of the major and to some 

degree dominant concepts of linguistic models is based on the notion of abstract 

universals. In this approach of modeling, which has been promoted by Noam 

Chomsky (2000) a spoken language can be modeled by means of a set of semantic 

and syntactical laws of that specific language. Therefore, writing and speaking 

correctly by an individual means that there is a production system in his/her mind 

that produces the instances of that language following the ideal model of that 

language. This is one of the best examples of specific modeling based on the concept 

of abstract universals. However, as Shillcock (2014) discusses since natural languages 

are complex evolving systems, this approach of trying to identify the ideal model of a 

live language is always in a catch up process. Therefore, considering the evolution 

and the exceptions and the number of different languages all over the world, this 

approach has never been successfully applied into a computational model. The same 

argument holds true for cities, if one claims for universal models of cities based on 

the mindset of Newtonian Mechanics, and unfortunately this is the case in many of 

urban modeling approaches as we expressed in previous chapters. 

Now let us refer to the experiments of Markov In 1913, which we think is among the 

first linguistic models that follow the concept of concrete universals. 
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In what has now become the famous first application of Markov chains, A.A. Markov, 

studied the sequence of 20,000 letters in A.S. Pushkin’s poem “Eugeny Onegin” 

based on a Markov chain to discover the conditional probabilities of sequences of the 

letters in an empirical way. We think that this is the less discussed way of interpreting 

Markov chains, which is not from the viewpoint of dynamical systems, but it is more 

about the empirical representation of concrete objects. Figure 27 shows the 

underlying concept of object dependent representation in Markov chains. Suppose 

that we have a defined number of symbols in a specific language (e.g. all the observed 

words in English language). Now imagine for each specific word in the collection of 

our words, we consider all the words that have appeared N step before and N step 

after that specific word in all of our collected texts and we just count the total number 

of occurrences. Next, by normalizing the total number of occurrences for each 

positions after and before of each specific word, we can find the empirical ratio of 

having any word after or before that specific word. Now assuming these relations 

between all of the words, we have an object-dependent representation for each word, 

based on its relation with all the other words. This will be a huge pre-specific 

representation of concrete objects. We call it pre-specific because comparing to 

above-mentioned language models, in this way of representation of words there is no 

specifically given semantic or syntactical property (e.g. synonym structures or 

grammatical rules) to the words. The whole network is constructed out of summation 

and division operations. However, as Markov says “[in his time] many 

mathematicians apparently believe that going beyond the field of abstract reasoning 

into the sphere of effective calculations would be humiliating.” (Basharin et. al. 2004) 

 

Figure 27- Language representation based on concrete universals: Markov’s approach in constructing an empirical 
representation of the words in a language based on a set of observed sentences 

Here again, we have a self-referential set up, where concrete instances are implicitly 

represented by their relations to the other instances. As a result, if two particular 

words have the same function in that language, they will have similar relations with 

the other words. This has been a big claim in that time, when even there were not 

enough computing power to construct these relational networks. 
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As later Shannon (1948) mentioned, even after almost 40 years, the proposed 

modeling framework of Markov was not practical and feasible, since it demands for a 

large number of observations and further, relatively a large computational power. 

Nevertheless, as we mentioned in section 2.1.4. Unstructured Data Streams rapid 

growth of computation power during last few years changed the scene dramatically 

and recently similar approaches that is called “Distributed Representation” (Bengio et. 

al. 2013) has attracted many researchers and practitioners. Further, recently new 

applications of neural probabilistic models of the language are becoming popular, 

while the classical approaches in natural language processing are in catch up (Bengio 

et. al 2006 and Halevy et. al 2009). 

 

Figure 28- Distributed representation of linguistic models from Markov to the age of data deluge 

Another important application of Markov chains that follows the concept of 

representation of objects in a concrete level is in PageRank algorithm, used in Google 

search engine (Brin and Page 1998). Around the year 2000, due to exponential growth 

in the number and diversity of webpages, the issue of ranking the search results 

yielded by Internet search engines was becoming very critical. The classic solution 

prior to PageRank was to define a set of features to each web page and then to apply a 

scoring logic based on these features for ranking of the web pages. In other words, the 

starting point for a ranking system would be to define a generic webpage, represented 

with a set of defined properties (i.e. abstract universals). Consequently, every 

particular page would be a point in this parametric space of the generic web page. 

Statistically, what happens is that if we massively increase the size of observations 

(i.e. the number web pages), No, the ratio of the number of parameters (dimensions), 

Np to the number of observations, Np/ No, quickly gets close to zero. This means that 

the parametric space becomes full and therefore, the discrimination of different web 

pages from each other becomes impossible. Therefore, considering the size and the 
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diversity of web pages across Internet, the process of defining global descriptive 

features and assigning values to each page was a bottleneck and theoretically limited. 

With the Markov based procedure developed in PageRank algorithm, Google did not 

improve the classic approach, but rather changed the paradigm. They changed the 

basic assumption of centralized ranking and simply assumed that individuals know 

best which page is related and important for them, better than any axiomatic or 

semantic order could know it. They looked on a micro-scale at how individuals link 

the important webpages to their webpages, and based on these live streams of data, 

they construct, continuously and adaptively, a Markov chains, as snapshots of how 

people likely surf the Internet and thereby by this, they construct a probabilistic 

network of connections within the pages. They defined the importance of a webpage 

as the result of the importance of the webpages, connected to that web page, which is 

a self-referential equation with no externally imposed feature set. In terms of 

statistical representation, what happens is that this object-dependent representation is 

scalable to the size of the observations (i.e. web pages), since each concrete objects 

brings its representation with itself and acts as a new parameters for the representation 

of all the other pages (for simplicity assume binary relation of the web page to the 

other pages). We think that this practical application conceptually is aligned with the 

definition of Dedekind cut, where instead of representing an object directly, each 

object is represented as the negation of its complement. 

 

Figure 29- A part of Google matrix: Ι=ΗΙ, When everything is represented based on every other things 

Fortunately, this Markov matrix is a sparse one and theories from linear algebra are 

available to solve this self-referential equation. The values of first Eigenvector of the 
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constructed Markov matrix are used as the ranking of the pages. With the same 

methodology, it is possible to model similar problems in other fields. For example, a 

Markov chain based on available GPS tracks of cars, can be used for modeling 

dynamics of traffic in an urban street network (Moosavi and Hovestadt 2013), while 

referring to state of the art in traffic simulation methods, such as agent based models, 

there are lots of difficulties in to tune the behavior of artificial agents to the observed 

data set. We will discuss this application later in section 7.2. Modeling Urban Traffic 

Dynamics. 

 

Figure 30- A Markov chain based representation of traffic networks from sequence of GPS tracks of cars in 
Beijing (Moosavi and Hovestadt, 2013)  

Markov chain can be considered as an instance of similar computational set up in the 

field of representation learning, where the representation of objects is being learned 

during the model construction and embedded in the data streams. These are general 

purpose computational methods that we believe along with data streams can be 

applied into many practical urban modeling applications. 

In the next section, we present another computational method that has several 

interesting features. While, Markov chain are very appropriate for the issue of data 

and object dependent representation, Self Organizing Maps in addition have 

interesting aspects for learning relations between objects (i.e. similar to function 

approximation) and state space transformation.  
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6.3. Self Organizing Maps 

Following the same line of argumentation for the issue of representation in complex 

systems that we had for Markov chains, there is another powerful data-driven 

modeling method that fits very well with the ideas of pre-specific modeling. This 

method is called Self Organizing Map (SOM) (Kohonnen 1982). We have applied 

SOM in different applications in this thesis, where we present the algorithm in a 

technical level. However, in this section, we present this computational method based 

on a certain view, which aligns with our story of pre-specific modeling.  

6.3.1. How to Interpret Self Organizing Maps? 

From the machine-learning domain, SOM is a well-known method that has a very rich 

literature with a diverse set of applications in many scientific and practical areas 

(Kohonen 2013). According to the literature, SOM is a generic methodology, which 

has been applied in many classical modeling tasks such as visualization of a high 

dimensional space (Vesanto, 1999), clustering and classification (Ultsch, 1993; 

Vesanto and Alhoniemi, 2000), prediction and function approximation (Barreto and 

Araujo, 2004; Barreto & Souza, 2006) and many other tasks. Also during last 3 

decades there have been different extensions and modifications to the original 

algorithm, introduced by Kohonen (1982). As a result of these diverse sets of 

applications and different versions of the original algorithm, depending on the 

perspective, there are different interpretations for SOM algorithm. For example one 

can compare SOM with other clustering methods or to compare it with space 

transformation and feature extraction methods such as Principal Component Analysis 

(PCA) (Yin, 2008). Also, It is possible to explain and compare SOM with vector 

quantization methods (Bishop et. al. 1998 and Kohonen 1990) or to define its 

algorithm based on explicit mathematical formulations in order to make it optimizable 

and more general and suitable for different types of data (Hammer & Jain 2004, 

Hammer & Hasenfuss 2010, Hammer et. al. 2014). Further, it is possible to explain 

SOM as a nonlinear function approximation method and to see it as a type of neural 

network methods and radial basis functions (Barreto & Araujo, 2004; Barreto & 

Souza, 2006). Since, it will be out of the scope of this thesis and might cut the flow of 

the text, we do not go into details of each approach for interpreting SOM. Here we 

just bring a set of related indexes that we collected around the concept of SOM. 
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Table 2- How to interpret Self Organizing Maps? 

  Functions of SOM 

• Vector Quantization 

• Dimensionality Reduction 

• Manifold Learning 

• Topology Preservation 

• Representation Learning 

• Computing with Contextual Numbers 

• Multi-dimensional Sorting 

• Nonlinear Eigen form 

• Unsupervised Learning 

• Space Transformation 

• Visualization of High Dimensional 

Data 

• Data Reduction and Abstraction 

• Clustering 

• Prototype Generation and 

Emergence 

• Classification 

• Prediction and Function 

Approximation and Time Series 

• Structure Learning 

• Multi-criteria Optimization 

• Reinforcement Learning 

• Nonparametric Joint Probability 

Distribution and Resampling 

• Topological Data Analysis 

Types of SOM 

• Fixed Topology 

• One-dimensional SOM 

• Two-dimensional SOM 

• Spherical SOM 

• Parametric SOM 

• Growing SOM 

• Hierarchical SOM 

• Neural Gas 

• Generative Topographic Map 

• Vector Quantization 

• Mixture of Gaussians 

• SOM as a Two layer Neural Network 

• SOM as Radial Basis Function 

• Online Learning 

• Batch Learning 

• Recurrent SOM 

• Recursive SOM 

• Relational SOM 

• Median SOM 

• Semantic SOM 

• WEBSOM 

• Vectorial or Non-Vectorial 

Representation 

• Similarity Measures 

• U-Matrix 

• P-Matrix 
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Analogy to other things 

• Associative Memory 

• Brain Cortex Analogy 

• Wave Particle Dualism 

• Mind-Matter Dualism 

• Cartesian Dualism 

• Totalitarian Geometry, Democratic Polynomials and Social Computing of SOMs 

Geometry: Global Structures, No Local Adaptation, Polynomials: Global 

structure, Local Adaptation, SOM: Local Structure Local Adaptation 

• Emergent SOM: Engendering Probabilistic Concepts by Increasing the 

Population of Samples vs. Data Reduction Toward Ideal Representatives 

As this list of keywords shows SOMs have been applied and extended into different 

versions and different applications and based on each of these views one can give an 

interpretation for SOM. However, rather than focusing on one direction we are more 

interested to find a more abstract story line that fits with the idea of pre-specific 

modeling. One interesting factor that makes SOM different than many other methods 

is that it is always among top methods for different tasks (e.g. data clustering), while 

in each task usually there are specifically designed methods that are only capable of 

doing that task. For example, in manifold learning and dimensionality reduction SOM 

competes with methods such LLE, ISOMAP, t-sne that are designed for 

dimensionality reduction task. Where SOM is able to perform very well in data 

clustering, there are methods specifically designed for clustering such as K-means 

algorithm. Where SOM is able to perform classification, there are methods such as 

Support Vector Machines and so on. It seems to us that SOM is a generic and flexible 

computational machine that depending on the perspective can be used for different 

purposes. Therefore, instead of task-based interpretation of SOM it is worth to have a 

more abstract story line for this powerful method that fits well with the concept of 

pre-specific modeling. In the following sections we present two main aspects of SOM 

in relation to the idea of pre-specific representation and in comparison with other 

modernist mathematical approaches such as Fourier Transform and polynomial 

functions, which are based on the notions of ideals and abstract universals. 
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6.3.2. Learning Data Driven Dictionaries 

As we discussed in Chapter 5, in specific models the observations of any real 

phenomena are encoded into a generic object being represented by a set of given 

parameters. On the other hand, the underlying idea of pre-specific modeling is how to 

relax the modeling process from any specific and idealistic representation of the real 

phenomena or how not to depend on the generic objects.  In order to explain better we 

give an example. As we mentioned before, in Fourier transform we assume that any 

dynamic behavior can be reconstructed and re-presented by a set of ideal cyclic 

forms. Figure 31 shows how an observed signal can be decomposed or can be 

approximated as a linear summation of some ideal waves. In other words, here we 

assume that there is a generic sinusoidal wave (as an ideal behavior) with a parametric 

set up and then by changing the parameters of this generic function; there are different 

instances of ideal waves. Then, an observed signal can be represented as a summation 

of these ideal waves as follows: 

𝑠 𝑡 =
𝑎!
2 + 𝑎! cos 𝑛𝜔𝑡 + 𝑏! sin 𝑛𝜔𝑡

!

!!!

 

 

Figure 31- Reconstruction of an observed signal (top row) based on a parametric dictionary of ideal waves in 
Fourier decomposition 

From this point of view, Fourier as a way of looking at the world phenomena encodes 

every real observation into its given dictionary (i.e. the stationary wave classes) and 

grammars (i.e. the linear combination of partial waves together). However, as we 

discussed in detail, although powerful and useful in many classical engineering and 

scientific applications, in general this approach of idealized modeling has 

fundamental limits in dealing with complex (multi-faceted) phenomena. The 

alternative or the complementary idea in pre-specific modeling is that based on the 

concept of concrete universals, it might be possible to learn context dependent 

dictionaries via a self-referential set up using concrete objects (i.e. the observations) 
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to model the real phenomena, without any external representation and less external 

control over the modeling process. Interestingly, SOM fits very well with this idea of 

representation based on concrete universals. Comparing to Fourier decomposition, 

shown in Figure 31, if we train a SOM by a number of similar observations, we get a 

dictionary of potential dynamic forms that are observed in the real observations 

(Figure 32). Note that in this section we do not go to the technical details of the 

differences and advantages of each approach, but the important point here is that 

assuming each of the prototypical forms in the trained SOM metaphorically as a word 

or a letter in a language, a trained SOM in coexistence with data can be interpreted as 

a pre-specific dictionary of the target phenomena. In terms of signal processing, 

assuming a fixed segmentation size, the observed signal can be translated into a set of 

numerical indexes (i.e. the index of the matching prototypes in SOM network with 

each segment of the observation vector) and further this indexes will be used for 

further steps of modeling. The main point is that unlike the case of Fourier 

decomposition, here there is no external axiomatic set up for the transformation of 

observations into codes and the whole encoding system provided by SOM is formed 

in an interplay with the concrete observations. 

 

Figure 32- Dictionary Learning using self Organizing Maps: Constructing a pre-specific dictionary of dynamic 
forms in an interplay with concrete observations  
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While this idea of data driven encoding and dictionary learning in SOM seems to be 

very simple, recently in the field of computer vision and speech processing there has 

been a growing trend of successful methods that are purely based on this conceptual 

idea of representation that in coexistence with a large amount of observations a model 

learns appropriate set of features (dictionaries) out of data itself and they 

outperformed many classical pattern recognition methods that are based on feature 

engineering. Classically, feature engineering means that in order to develop a pattern 

recognition model (i.e. in an image classification problem), one first needs to design a 

feature space to transform the raw data by that and then to develop a classification 

model on top of the engineered features. In the example of Fourier analysis, the 

frequency and phase difference are the features, which are a-priori given. On the other 

hand, in this new category of dictionary learning, that is also called representation 

learning (Bengio et. al. 2013) there is no specific and separate feature-engineering 

task before hand. Among these algorithms, we briefly present sparse coding 

algorithm (Olshausen 1996), which has interesting aspects. The principle idea of 

sparse coding is that if the original observations are n dimensional vectors, one can 

finds an over-complete set of vectors (i.e. K vectors, where K>>n) to reconstruct the 

original observations with a linear and sparse combination of these K vectors. While it 

looks similar to methods such as Principal Component Analysis (PCA) (Pearson 

1901) or Independent Component Analysis (ICA) (Hyvärinen et. al. 2001), sparse 

coding does not produce a global transformation matrix. In PCA for example, all the n 

orthogonal basis vectors proportionally (according to their corresponding 

eigenvalues) contribute in the representation of all of the original observations, but 

sparse coding we have a kind of “distributed representation”, in which each original 

observation is being represented by few specific prototypes (basis vectors or 

codebooks). Figure 33, shows an example of sparse coding algorithm applied into 

image patches. 
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Figure 33- Sparse coding: Learning data driven image dictionaries (image from Hughes et. al. 2010) 

From this point of view, since in SOM each original observations can be represented 

by few of the learned dictionaries (usually one), we have partially similar set ups to 

sparse coding. However, this is not the usual way of using SOM and there is a main 

difference between SOM and sparse coding that each prototype vector of SOM is 

usually representative of a full observation, while in Sparse Coding, each prototype 

vector has a partial contribution in constructing a full observation. However, in 

(Moosavi, 2014) we discuss the possibility of seeing SOM prototypes in a similar 

way.  

Further, the interesting point about this encoding approach is that it can be applied in 

a hierarchical process. For example, in the case of image processing it can be applied 

to small patches of an image, where each patch will be indexed to few codes and then 

the next level (for example the whole image) will be represented by new codes 

constructed on top of the previous codes. In fact, output of one step will be used as 

input of the next layer. Therefore, the whole image will be analyzed by multi-level 

data driven codes. This simple idea of coding in an unsupervised approach has 

recently been applied in many practical applications and it has been claimed that it 
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works better than the wavelet decomposition method (Olshausen 1996). Wavelets act 

similar to Fourier series, but they have fewer restrictions in their dictionaries, as there 

is no assumption that the underlying ideal waves are stationary in time. We think that 

the underlying idea of methods such as WEBSOM (Kaski et. al. 1998) in the context 

of natural language processing is very similar to this hierarchical encoding, where the 

first layer SOM creates a dictionary of similar words and the second layer is using the 

indexes (a number) of each word in a specific document as an input for the second 

layer SOM. The idea of data driven dictionary learning in SOM and similar methods 

is very generic and depending on the data and context it can be applied into many 

fields. As we will present the applications, the same idea of dictionary learning using 

SOM has been applied into different real world applications.  

In the next section, we discuss another important aspect of SOM, which is about the 

issue of causality and relationships between objects and can be compared with the 

concept of polynomial functions in function approximation.  

6.3.3. Computing with Indexes: From the Ideal Function to any Potential 

Function  

Another interesting property of SOM is its unique disposition for structural learning. 

Figure 34 shows the main difference of SOM to a classical way of relation (function) 

modeling. Here the primary goal is to find the relation between two dimensions or 

two aspects of some objects. In a classical way of function approximation, one needs 

to fit a curve (a fixed structure) to the observed data set, while minimizing the 

deviations (errors) from the selected curve. In other words, the selected curve 

represents the logic that idealizes the observed data into a continuous relation (or 

several relations in the case of multiple model idealization). SOM on the other hand 

assumes that the logics (the argument which integrates cases) can be extracted from 

within the observed data – and it conserves all the logics (arguments) according to 

which it clusters the cases. What is optimized, in such modeling, is not how the data 

fits to the given logic, but the logic, which is being engendered, as much as possible 

from the data.  

In this sense, in an analogy to a decision making system, we might say that the 

classical modernist approach of curve fitting is following a democratic set up, in 

which there is a global structure, tuned locally by the effect of individual votes that 
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change the parameters of the given structure, but not directly the structural elements. 

On the other hand, SOM provides a social environment, in which each individual 

instance is not reduced to the representative line, but is kept active in its own 

individuality, while individuals can be unified into local clusters, if necessary or even 

they create their own individual neighborhood (like the case of Emergent SOM 

(Ultsch 2005) ). As it is shown in Figure 34, in the classical approach all the 

observations (empty circles) will be reduced to the representative curve, while on the 

other hand, in the case of SOM, in principle each individual is able to represent more 

than one filled circle. In other words, we can say here we are shifting from the 

concept of the computation with the optimum function to the concept of computation 

with any potential function. And if so, this is a major shift from the idea of specific 

modeling to pre-specific modeling.  

 

Figure 34- Computing with indexes beyond the Idealized curve: Given classes or everybody is a class  

Here again, the final model of the real phenomena is an abstraction of any potential 

specific model and it does not import any axiomatic or semantic specificity in 

advance. Further, if the real environment is dynamic and evolving, and if we can 

assume the availability of dynamic data streams, then SOM is evolving along with the 

environment. Pre-specific models are coexisting with data streams. 

Finally we want to conclude that these two main features of SOM that we presented in 

this section are abstract and atomic. Although we explained them with simple 

arbitrary examples, they can be core elements of many concrete applications in 

different domains. In the next chapter we present the results of different cases where 

SOM and Markov Chains have been applied into real scenarios.
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Chapter 7 

Applications of Pre-Specific Modeling 

7.1. Introduction 

In this chapter we present different applications of pre-specific modeling into 

different urban domains. In the first application, which is in the domain of urban 

traffic modeling, we developed a Markov Chain model of urban traffic in Beijing 

using the GPS tracks of more than 10,000 taxicabs, moving within the street network 

of the city. The conceptual idea behind this case is that the classical urban simulation 

models, which are based on a set of idealized assumptions about different layers of 

the city, such as road network, activity chains of agents and the way they drive during 

the day, are all idealistic and as a result they have problems of valid representation, 

integration of different simulated layers and tuning of the system with the observed 

data. In this work, based on a similar story line that we presented for the case of 

natural language processing and Google page rank in section 6.2, we developed a set 

up, in which a Markov Chain is being built and re-updated using data streams (i.e. 

flow of the cars in Beijing). We show this set up as a pre-specific model of the traffic 

dynamic, instead of explicitly representing the rationale of the traffic flow, 

encapsulates its complexity into the probabilistic network of a Markov Chain and 

despite its simplicity; it answers several questions like finding the critical roads, 

communities of road networks, road network engineering and urban road network 

sensitivity analysis.  

In the next applications, with the same story line of dictionary learning and encoding 

that we presented in section 6.3, SOM has been applied into different contexts, with 

seemingly different domain specific purposes.  

The general lines of arguments for these applications go as follows. In Chapter 6 we 

showed how applying SOM into a set of observed signals (curves), we can create a 

dictionary of ordered (potential) curves (Figure 32). However, since SOM is a generic 

method this idea of dictionary learning can be applied into many different contexts, 

while the final results is a set of context dependent dictionaries. For example, if 

instead of curve shape data sets we train a SOM with building footprints, it comes up 

with a data driven dictionary of building footprints as it is shown in Figure 35.  
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Figure 35- A new notion of space: Building footprints in a city layout (top) and a learned dictionary of building 
footprints organized by SOM (bottom). Images from Benjamin Dillenburger 

This idea of dictionary learning can go further, for example in the context of design, 

one can train a SOM using building geometry plus some other factors such as energy 

consumption of each building. And if we can train a SOM using a large data set, SOM 

can find a non-linear relation between building geometry and energy consumption as 

it was discussed in section 6.3.3 (Figure 34). Although, these features included in the 
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data sets are all arbitrary and context dependent, SOM always creates a dictionary of 

patterns plus a non-analytical relation between different aspects of the data. As a 

result in the context of spatial design, SOM creates a new notion of space in parallel 

to the physical space. For example Figure 36 shows how training a SOM, using 

footprint of buildings plus their heights, it is possible to estimate the potential heights 

of new building having only their footprints. This example is part of an integrated 

application between CityEngineTM software and SOM that we developed in the initial 

stages of this PhD (Standfest, Moosavi 2013). 

 

Figure 36- A new notion of space: How to go beyond parametric modeling? Interplay between building footprints 
and building heights using real data sets from Singapore (Standfest, Moosavi 2013) 

 In what follows we show how this concept can be applied into different contexts: 

• Urban Traffic Modeling (Moosavi, Hovestadt 2013): Finding the emergent 

communities on the traffic network of Beijing based on the movement patterns 

of 10,000 taxicabs and constructing a Markov Chain as a self-referential 

representation of street network that grasps the complexity of the movements 

and identifies similar regions 

• Urban Air Pollution Estimation (Moosavi, et. al. 2015): Finding the 

association between more than 80 urban parameters and 9 air pollutants at the 

ground level.  

Footprint	  of	  buildings	  in	  
Orchard	  area,	  
Singapore	  

Similar	  
buildings	  are	  
in	  the	  same	  
area	  of	  SOM
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• Contextual Mapping: Developing a generic mapping application, where 

beyond top-down zoning, using a SOM and any arbitrary spatial aspects, one 

can create new geo-maps with different colored patterns, which are defined 

based on the similarity of the regions in a the selected high dimensional space.  

 In the next sections, we present each application separately. Whenever necessary we 

present technical details required for the specific case. Further, in order to keep the 

readability of each application, all of these sections will be presented in a format of a 

separate paper including all the required materials. 
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7.2. Modeling Urban Traffic Dynamics 

Keywords 

Summary 

Classic paradigm of scientific modeling is mainly based on a set of previously 

accepted or assumed theories about the target phenomena and a validation procedure 

by limited observations. Therefore, normally data has a supporting role in the 

modeling process. On the other hand, recent advances in computing technology have 

brought us a data deluge that may change the classic paradigm of scientific modeling. 

Information flows and data streams have reached a level of maturity that they can 

play the main role in modeling of the real systems, without relying on lots of 

assumptions and rules in the first step. This computational capacity has caused an 

inversion in the concept of modeling as we discussed throughout this thesis.   

In this work we describe a conceptual framework for modeling city wide traffic 

dynamics that proposes a way to encapsulate the complexity of urban traffic flow 

based on abstraction power of Markov chains in a coexistence with continuous data 

streams. Further, as an experimental set up, we applied the proposed model to a real 

data set consisting of GPS traces of taxicabs in Beijing and the results have been 

explained. 

Introduction 

During the last decade, the developments in computer and communication technology 

have expanded to such an extent that the concept of computing not only applies to 

isolated computers anymore, but to entire networks of computing devices, which are 

pervasive and ubiquitous. As a result, new technological frameworks such as urban 

computing, mobile computing and crowd sourcing are emerging quickly and we have 

new forms of harvesting computing and communication power in social media. These 

new ways of using technology induce a change in how we can understand the role of 

modeling in urban environments, while the classic paradigms for observation and 

empirical inference are challenged to integrate vast sources of data. In a field like 

urbanism and city planning we increasingly have a situation that flows of information 

from recorded urban data are more and more forming into continuous and live streams 

of data. This can be regarded as a potentially important extension of the empirical 

basis of urban planning and design.  
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However, specifically in transportation and traffic modeling research areas, traditional 

approaches such as partial differential equation systems (Caramia et. al. 2010 and 

Garavello  & Piccoli 2006) or multi-agent systems (Waddell 2002 and Raney et. al. 

2003) rely on theoretical models to describe the underlying logic of the real system 

and then the models are validated by a set of expensive and inaccurate observations 

typically collected through survey data or via static sensors such as traffic cameras 

and loop detectors, which this information is often out-of-date, difficult to collect and 

aggregate, difficult to analyze and quantify, or all of the above (Aslam et. al. 2012) . 

In fact, in these classic approaches, theories are playing the main role in the modeling 

process, and data is for support and validation.  

This analytical and rational approach, in which is mainly through a decomposition of 

real phenomena to a set of elements (analysis) and then to compose them back 

(synthesis) in order to mimic the real time behavior, has been used for a long time 

during centuries in simple mechanical systems. However, they reach to a limit in 

coping with complex systems, which is known as curse of dimensionality (Bellman 

1961) in scientific modeling. Therefore, traditional transportation models either 

macro-simulation (Caramia et. al. 2010 and Garavello  & Piccoli 2006) or micro-

simulations (Waddell 2002 and Raney et. al. 2003) are theoretically limited in 

approximating the real traffic systems and then, by adding more features or giving 

more data, models become more complicated, but not complex.    

Meanwhile, with advancements in computer and communication technologies and 

democratization of data sharing as a part of daily life activities, large scale collected 

data can make a difference (Halevy et. al 2009). Our idea in this work is that with 

availability of urban data streams, an inversion in the process of modeling is 

happening, in which the data streams no longer play a supporting role, but the main 

part of modeling process. Therefore, new infrastructures are needed to be able to 

observe and manage data streams in a real time fashion. This is the case in several 

active research projects such as in London6, IBM smart city initiative (Dirks et. al. 

2010), mobile millennium Stockholm (Biem et. al. 2010), WIKICITY (Resch et. al. 

                                                
6http://www.tfl.gov.uk/businessandpartners/syndication/default.aspx 
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2008) or Urban Computing at Microsoft (Yuan et. al. 2012, Ma et. al. 2013, and Yuan 

et. al. 2010 and Zheng et. al. 2011).  

However, this connectedness and data deluge has recently motivated more researchers 

in areas such as urban scaling (Batty 2008) or those are claimed to be universal 

human mobility patterns (González et. al. 2008 and  Brin & Page 1998), which can be 

seen as a more efficient rational modeling paradigm but with the same curse of 

dimensionality problem.  

Therefore, considering these new urban data streams as a new capability, the better 

research question could be whether one could directly encapsulate the richness of 

urban data streams into operational models without going through theorizing step, 

which is a limited theoretically in complex systems, and how to connect this richness 

to decision making processes.  

In fact the conceptual approach that this work is proposing is how to construct data 

driven models with a continuous coexistence with real time data streams, in which the 

logic of the real behavior is not explicated in the model, but implicitly encapsulated in 

the streams of data and then if for example the underlying system is changing it is 

being reflected in the data streams and consequently in our data-driven models. This 

is the case, for example, for successful search engines like Google and its products 

such as Google map, which are heavily dependent to their connectivity to the real 

world (Brin & Page 1998) or the case of evolution of spoken languages among young 

generations, which can be tracked and recognized by a person with continuous 

engagement in real communications. Otherwise, it will be really hard to find the logic 

of change in these complex adaptive systems (Halevy et. al 2009). 

In this research, which extends theoretical aspects of modeling in complex systems, 

we propose a technical framework for citywide traffic modeling based on the 

application of Markov chains (Markov 1906) as the core mathematical technology. 

We implement an experimental set up with available GPS streams of taxicabs in 

Beijing, which is freely available (Yuan et. al. 2010). In the next chapters, first we 

present our understanding of Markov chains and similar cases. Finally, we present the 

experimental set ups and finally the results and possible future research. 
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Historical Account 

A.A. Markov showed long ago (Markov1913 and Basharin et. al. 2004) how one 

could grasp the complexity of written language based on sequences of observations. 

In this work he considered the sequence of 20,000 letters in A.S. Pushkin’s poem 

“Eugeny Onegin” as sequence of a set of symbols (letters, morphemes and words). He 

showed that in principle, Markov chain could produce an approximate result of the 

real text without considering any idealized model of the language, including, provided 

that we have enough observations. He says, “Many mathematicians apparently 

believe that going beyond the field of abstract reasoning into the sphere of effective 

calculations would be humiliating.” And in fact for a long time until advent of 

computing technology (Shannon 1948) there was no main citation of Markov chain. 

However, during last decade because of the availability of lots of sensory data in a 

form of data stream, Markov chain is getting more appealing. The main reason for 

this delay would be because Markov transition matrix as the main building block of 

Markov chain is data-driven and without enough observed data; Markov chain by 

itself cannot grasp the underlying logic of the real phenomena. And this is the 

opposite of traditional approaches (theory-driven models) that can be calibrated with 

few data sets. In fact, Markov chain is a light but powerful data-driven approach that 

does not ask directly for theoretical models of the target real systems, but can 

encapsulate the logic of observed behavior in a probabilistic way, after a certain 

threshold in size of data. Because of these conditions, may be one of the largest 

applications of Markov Chain and other similar probabilistic methods such as 

Bayesian networks can be found in Google search engine algorithm (Brin & Page 

1998) and Google translate service (Halevy et. al 2009), which are built on top of 

huge corpus of text. And these cases are great successful projects, when for example 

the classic search engines were not able to deal with ever growing amount of digital 

data.   

The main idea in this paper is that urban systems are complex systems7 and as it is 

mentioned, traditional rational models reach a limit in coping with complex 

phenomena. Therefore, now available urban data streams offer a similar approach as 

                                                
7 For a theoretical definition of complexity and city, please refer to (Wassermann 2011). 
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for the text and language modeling, which can be applied for citywide traffic 

modeling.  Then, in this set up, each mover in the city (e.g. a taxi cab) can be assumed 

as an author, who is producing a text by his own intent (i.e. a personal driving 

behavior) and then, the observed GPS traces on city network are similar to the 

sequences of words in a text. Therefore, by observing a certain amount of sequences 

and building a Markov model on top of them, one can encapsulate the traffic 

dynamics in a flexible way. 

Therefore, one of the applications of the proposed Markov chain could be the 

simulation of individual movement patterns (Huang et. al. 2012). Moreover, Markov 

chains have some other interesting features that can be used for specific tasks such as 

finding critical urban segments, empirical expected travel times, community 

detection, road engineering and traffic management (Crisostomi et. al. 2011).  

Main Definitions 

In this part, we briefly bring the main basic definitions related to Markov chain that 

will be used in the next parts. 

State:  s(t), t=0,1,… is a random variable that can take values from 1,…,n which are 

possible states in a stochastic process. States can be finite or infinite. 

Sequences of observed states: As the starting point for a Markov chain, observations 

are arranged such that data form a timely sequence of states as follows: 

…,s(t),s(t+1),s(t+2),… 

The time difference between s(t) and s(t+1) which is called transition time, is a 

unique time step such as location of a car in every 10 minutes. Note that the time 

steps could be different as well or they can take values in a continuous range. 

However, in this work we assume homogenous and discrete transition time. 

Probabilistic transitions between states: if a Markov chain is in first order, then 

from the observed sequences, transition probabilities between two sequential states, 

pij can be calculated as a conditional probability as follows. 

pij= Pr(s(t+1)=j | s(t)=i) 

Markov transition matrix: as a result of mutual transition probabilities, we have a 

square matrix P, with n rows and n columns, which shows the transition probability of 

flows from one state to another state.  
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In this work we used a discrete-time finite-state first order Markov chain, as a row 

stochastic matrix that means that the sum of probabilities in each row is equal to one. 

Now by starting from any state, s(t), the kth step transition of the system can be 

calculated by kth power of Markov transition matrix, Pk as follows: 

s(t+k)= Pk * s(t),   t,k=0,1,… 

However, in addition to this macro-level simulation, one could do a Monte Carlo 

simulation of Markov Chain, in short (MCMC) to simulate the corresponding system 

on the micro-level similar to agent-based approaches. It has been shown that the 

resulting Markov Chain based on GPS traces can approximate the traffic flow in a 

city scale road network. However, Markov chain has some other interesting 

properties, which are not so well known outside of mathematics, but can be helpful 

for real analysis and assessment of traffic flow. In (Crisostomi et. al. 2011) it has been 

discussed in detail that if the constructed Markov matrix has certain conditions to be 

irreducible and aperiodic, it can be applied into the following tasks:  

• Expected density of each state: According to Perron-Frobenius theorem, the 

matrix P has an Eigenvalue 1 and the corresponding Eigenvector is showing the 

steady state probability of the Markov chain, which in case of traffic dynamics, it 

shows the normalized distribution of cars in the urban network.  

• Mean first passage time, is the expected number of steps to arrive at destination j 

when the origin is i. Therefore, in the case of traffic flow, we have a new matrix, 

which shows the expected empirical travel times between each pair of points in 

the city. 

• Kemeny constant is a holistic measure of the Markov network, which shows the 

expected transition time (steps) from any state to a randomly selected state as 

destination, which is astonishingly invariant for any state as the origin. 

Therefore, it can be used to compare different networks with different structures 

or to be used for the effect of each state (e.g. road segment) on the total 

performance of the network. 

Further, considering Markov chain as a directed and weighted network, one could 

calculate all the possible classic network measures such as different centrality 

measures, but instead of a plain road network, now in a rich one. 
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Similar Works 

Availability of huge GPS-equipped taxi cabs in cities can be considered as a great 

potential for probing city dynamic through these pervasive mobile sensors, but the 

biasedness or sufficiency of this data for city wide traffic modeling could be an issue. 

However, a recent research (Aslam et. al. 2012) concludes that GPS tracks of taxis 

can be used to approximate traffic patterns in a city-scale road network accurately.  

Using GPS traces, several interesting research have been conducted recently. From 

micro-level applications, in (Ma et. al. 2013) a framework for large-scale taxi 

ridesharing service, which efficiently serves real-time requests sent by taxi users and 

generates ridesharing schedules that reduce the total travel distance significantly, is 

presented. In (Yuan et. al. 2010) the aim is to mine the time-dependent and practically 

quickest driving route for end users using GPS-equipped taxicabs traveling in a city. 

From macro-level point of view of modeling, in (Yuan et. al. 2012), different spatial 

clusters of land-use functions have been discovered combining Point Of Interests 

(POI) and GPS traces data set. In (Zheng et. al. 2011), GPS traces of taxicabs have 

been used to detect flawed urban planning and regions with traffic problems.  

Regarding the application of Markov chain, majority of the cases are from a micro-

level point of view, mainly for predicting the most expected movement paths in urban 

networks. For example in (Huang et. al. 2012) they have shown with Markov chain it 

is possible to predict the path between two points in the road network up to 100% 

accuracy. And therefore, it can be used for traffic simulation. In similar cases such as 

(Wu et. al. 2011, Sun et. al. 2004) vehicle trajectories in urban road network have 

been predicted. However, Markov Chain as an abstract mathematical tool has some 

other features that can be used for macro-level modeling of citywide traffic dynamics. 

In this work, we proposed a method for constructing time-dependent and scalable 

Markov chains from GPS traces with applications of some macroscopic features of 

Markov chain. We implemented the framework based on a released data set of 

taxicabs in Beijing from Microsoft research Asia (Zheng et. al. 2011). 

Experimental Set Up 

Figure 37, shows the proposed conceptual framework. As it is shown, a Markov chain 

is being constructed periodically in coexistence with a continuous data stream, being 

emitted from moving taxicabs as a part of the daily life in the city. Also since, 
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Markov chain is an abstract tool, it can be used for different segments of road 

network, different time periods (e.g. week days, weekends or time slots of the day and 

based on different observation periods), and with different time resolutions depending 

on the frequency rate of GPS traces. Then, for each constructed Markov chain, several 

properties, such as community detection, time-dependent expected travel times, real 

time path planning and road network engineering can be calculated, which is not easy 

to calculate directly from data or via traditional theory driven approaches. These 

results finally can lead to planning interventions in the urban network.  

However, it is important to have a continuous loop of model building and assessment 

and in fact Markov models can be meaningful in a full interaction with real systems 

and can have value added if connected with real time monitoring infrastructures.  

In this work, as an experimental set up, we used a sample data set consisting of GPS 

trajectories of 10,000 taxicabs during first week of February 2008 in Beijing (Zheng 

et. al. 2011). Therefore, the presented result in this paper is just like a snapshot of one 

iteration of this conceptual framework.   

 

Figure 37- A conceptual framework for Markovian modeling of traffic flow in coexistence with urban data streams 

For segmentation of urban network, three different approaches have been presented in 

(Yuan et. al. 2012), but in this framework because of the simplicity and further, in 

order not to just focus on road networks (as just one aspects of the real cities) we 

divided the area of Beijing to simple rectangular cells. The selection of cell size is 

important since, for very small size cells, there are not enough samples, while for 

large sizes the sequences will be aggregated into one cell.  

In addition to cell size, the time unit for transition steps is important, but depends on 

the frequency of GPS traces. It should be noted that, including the time difference 
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between to GPS tracks in Markov chain has an important advantage. Because for 

example, if a car is moving in traffic jam slowly, the probability of transition from 

that state (road segment) to another state (next road segment) in a fixed time unit is 

less than the times with no traffic jams, and this will be reflected in a Markov 

transition with higher value for diagonal element, pii. On the other hand, if the driving 

speed is high it is more probable to leave one state in one transition time. Therefore, 

the resulting Markov model encapsulates implicitly, several important factors such as 

speed, traffic flow and traffic lights, which are neglected in traditional network 

analysis that are based on plain road networks and some rule sets for modeling the 

individual movements. 

Another issue is about the selected border on the city map, which causes that the 

trajectories outside of the grid not to be considered. Therefore, if one uses Markov 

chain with fixed number of grid cells, there could be some transitions to outside of the 

grid (we call it state null) and then back to one of the states in Markov chain in a few 

time units later, while in theory, we include all the possible movements in the 

Markovian states. Therefore, in order to solve this problem, final Markov matrix can 

be updated as follows, which makes the matrix irreducible as well.   

Pij
^= α Pij + (1-α).1/n,                 α<1 

The added element on the right side, assumes that with (1-α). 1/n probability, one car 

goes from state i to the outside of grid and will return to state j.    

Results 

Figure 38 shows a sample sequence of a taxicab in a selected part of the grid on 

Beijing.  

 

Figure 38- Selected area of Beijing with rectangular grid and a sample sequence from a taxicab as a random walk 

In this work, we selected a 30 by 30 grid (900 states) and 600 seconds as transition 

time. Then, for each taxi, we have the records as follows: 
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Then, after translating all the locational data to sequences, a Markov matrix (900 by 

900) was constructed considering the transition time between two sequential traces. 

The following results have been calculated based on this set up. 

Expected Car Density in the Network  

As it is mentioned in previous section, the first eigenvector of the Markov chain 

shows the expected long-term vehicular density in the network. If, we take taxis as 

samples of overall traffic flow, this result can be considered as the expected hot spots 

in urban road network, with high traffic jams. However, in case of availability of 

other information such as taxi status (i.e. hired or vacant) the same method could be 

used to estimate the distribution of taxis and potential passengers.  Figure 39 shows 

the expected traffic jams in different areas of the Beijing. 

 
Low  High 

 
Low  High 

Figure 39- Expected car density in the network (the first eigenvector of Markov matrix)  

Identification of Critical Road Segments 

As it has been mentioned before, Kemeny constant provides a global measure for 

travel times within the network. Therefore, it can be used for sensitivity analysis of a 

network to its nodes (i.e. road segments). Then, by removing a segment of the 

network and calculating the Kemeny constant of the new matrix, it is possible to see 

the contribution of that road in the whole traffic flow. In principle new constant value 

can be higher (slower traffic in the case of closure or removal of this segment) or 

CarID , Date, Lon, Lat, State (cell number) 

100,2008-02-02 21:22:11,116.36263,39.93097,374 

100,2008-02-02 21:24:56,116.36708,39.92274,405 

100,2008-02-02 21:29:57,116.34696,39.92226,403 

100,2008-02-02 21:32:14,116.34557,39.91717,403 

100,2008-02-02 21:34:59,116.33843,39.92169,402 

100,2008-02-02 21:37:16,116.32875,39.92175,401 

100,2008-02-02 21:40:01,116.31468,39.9225,400 
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lower (better and faster travel flow).  In Figure 40 (left), the color of each region 

shows the difference of Kemeny constant of the network with absence of that region 

to the Kemeny constant of the full network. 

As it can be seen, the majority of road segments do not have specific effect in the 

whole network (values around zero), but a few of them are playing important 

communicative roles either in positive or negative way. 

Comparing the values of two measures in Figure 40 shows an interesting 

phenomenon. It can be seen that removal or closure of several segments with high 

expected traffic density (red colors in Figure 40, right), will improve the total quality 

of the flow (blue colors in Figure 40, left), while removing some roads with low 

expected density will have very bad results for the network. This result is in 

agreement by the famous network paradox, known as Braess’s paradox, which can be 

interpreted that when a network is not congested adding a new street will indeed make 

things better. But in the case of congested networks, sometimes instead of adding 

more capacity, it is better to reduce the capacity (Kolata 1990). 

 
Negative  Positive 

 
Low High 

Figure 40- The effect of removing each cell in the total performance (Kemeny constant) of the network (left), 
compared to the expected car density in the network (right) 

Detecting Spatiotemporal Communities 

Considering a Markov chain as a spatiotemporal encapsulation of real movements in 

the city, in comparison to a plain road network, one can cluster the Markov chain to 

detect the sub-communities of movements within the city. Each row (state) of the 

Markov chain is an n dimensional vector, which shows the probabilistic relation of 

that state to the other states. Further, one can construct an augmented matrix, in which 

each state is represented by a 2n dimensional vector, n dimensions from each row 

(probabilistic outgoing flows) and n dimensions by each column (probabilistic in-
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coming flows) of the Markov matrix. For the clustering a Markov network, there are 

several algorithms available from graph analysis research domain. In this case, we 

used a Self Organizing Map (SOM) as a nonlinear data-clustering algorithm (Ultsch 

2005). Briefly, a SOM is the collection of multidimensional sorted nodes, in which 

nodes that are close together representing similar data vectors. In this case, each point 

of the SOM is representing one or more road segments (states of Markov chain as n or 

2n dimensional vectors). Then, one can find cluster of similar nodes and consequently 

similar road segments on the SOM. In this case, we used K-means clustering 

algorithm to perform the clustering on SOM.  Figure 41 shows the detected clusters 

on a SOM network and their spatial distribution on the road map. Therefore, 

considering Markov chain as encapsulation of car movements in the city network, the 

detected clusters show the sub-communities of road segments. 

  

Figure 41- The color-coded cluster indices in a SOM as a clustering algorithm (left) and on the spatial map (right) 

Other Important Measures 

The presented results can be considered as a part of possible by-products of a Markov 

chain model of traffic dynamics, which can be used for different practical 

applications. In addition, there are other interesting properties of Markov chain that 

can be used for analysis of traffic networks. For example, being able to calculate the 

expected travel time from each point of the city to another point is very important for 

routing and scheduling problems. In traditional approaches, this is done based on a 

plain road network, physical distances and some assumptions such as shortest path 

selection, which can be different than reality. On the other side, the proposed Markov 

chain implicitly has considered lots of factors and then, for example, mean first 

passage time (Crisostomi et. al. 2011), which can be calculated from Markov chain, 

can be used as a spatio-temporal travel times between any two points, and this 
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acquired information can be used for real time scheduling or can be embedded in real 

time path finding.  

Further, according to (Crisostomi et. al. 2011) a Markov chain (based on primal 

network, in which junctions of roads are representing states) can be used for timing of 

traffic lights, traffic congestion estimation in the junction of roads. 

Conclusions and Future Works 

Ever growing access to data streams coming from different probes in the city, gave us 

the opportunity of implementing data-driven mathematical models that can overcome 

the limits of theory-driven models in dealing with complex urban system. In this 

work, we proposed a conceptual data driven traffic modeling framework, which is 

mainly based on the application of Markov chains in a continuous coexistence with 

data streams. The proposed framework is inspired by the idea of learning how two 

persons can communicate via a continuous dialogue in comparison to communication 

via referring to an idealized model of spoken language (as a reference model).  

In principle, this set up has an important methodological advantage over traditional 

traffic modeling and simulation approaches because the logic of real complex 

phenomena is not explicated by a set of rules or theories, but encapsulated in Markov 

chains, which is being updated by urban data streams frequently. Further, as a result 

of using Markov chain we can analyze different aspects of traffic dynamics or 

simulate the flows, which are difficult tasks in traditional simulations.  

In this case, as an experimental set up, we applied the proposed framework to a set of 

taxi cabs’ GPS traces in Beijing. However, in future, our aim would be to apply the 

proposed approach in a real set up, with real time access to GPS traces8. We claim 

that in a real time set up the proposed framework can grasp the complexity of city 

dynamics, which is theoretically beyond the limit of rational and theory driven 

models.  

                                                
8 Some more animated results can be found here: 

http://youtu.be/VQ1f312SVqg  

http://youtu.be/0aQxJgHknGs  
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7.3. Urban Aerosol Pollution Monitoring at Street Level Using a 

Data-Driven Methodology 

Keywords 

Summary 

Finding the number and best locations of fixed air quality monitoring stations at street 

level is challenging because of the complexity of the urban environment and the large 

number of factors affecting the pollutants concentration. Datasets of such urban 

parameters as land use, building morphology and street geometry in high resolution 

grid cells in combination with direct measurements of airborne pollutants at high 

frequency (1 - 10 s) along a reasonable number of streets can be used to interpolate 

concentration of pollutants in a whole gridded domain and determine the optimum 

number of monitoring sites and best locations for a network of fixed monitors at 

ground level. In this context, a data-driven modeling methodology is developed based 

on the application of Self Organizing Map (SOM) to approximate the nonlinear 

relations between urban parameters (80 in this work) and aerosol pollution data, such 

as mass and number concentrations measured along streets of a 

commercial/residential neighborhood of Singapore. Cross-validations between 

measured and predicted aerosol concentrations based on the urban parameters at each 

individual grid cell showed satisfying results. The urban parameters used in this case 

proved to be an appropriate indirect measure of aerosol concentrations within the 

studied area. The potential locations for fixed air quality monitors are identified 

through clustering of areas (i.e. group of cells) with similar urban patterns. The 

typological center of each cluster corresponds to the most representative cell for all 

other cells in the cluster.  In the studied neighborhood four different clusters were 

identified and for each cluster potential sites for air quality monitoring at ground level 

are identified. 

Introduction 

Air quality monitoring is needed to guide regulations for public health protection 

(Craig et al., 2008). At city scale air quality monitoring is performed through 

networks of monitoring stations covering large geographic areas (i.e. 2 – 25 km2). The 

monitoring stations are placed above the urban canopy layer, where pollution 
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measurements are not directly impacted by local emissions or obstructed wind flow 

(i.e. adjacent buildings). Usually rooftops provide adequate monitoring locations. 

They provide information about the average urban ambient pollution at district scale 

to which the general population is exposed, which is used for both, regulatory and 

advisory purposes (Hidy and Pennell, 2010). However, the ambient pollutants 

reported by these stations do not always represent the pollution to which people are 

exposed during their daily activities (Nerriere et al., 2005).  The highest outdoor 

exposure to pollutants for many dwellers occurs while commuting or carrying out 

activities in proximity to emission sources at ground level (e.g. walking along busy 

streets). Figure 42 contrasts the difference between concentrations of particles 

measured along streets and at a site over the urban canopy layer of the neighborhood 

of Singapore used as a case study in this work.  

 

Figure 42- Time series of PM2.5 mass concentration measured above the urban canopy (background) and along the 
streets of the commercial/residential neighborhood of Rochor, Singapore investigated in this work, and the hourly 

24-hour average concentrations reported by the local environmental agency (ambient level) on 10-July-2013 
during the evening rush hour. 

Despite the difference between ambient and ground level pollution concentrations, 

monitoring networks include few ground level monitoring stations. Their purpose is 

usually to characterize traffic emissions rather than for policy advisory purposes. The 

deployment of comprehensive monitoring networks at ground level is hampered by 

the large number of monitors and associated costs (i.e. equipment, operation and 

maintenance) needed to represent the urban heterogeneity in terms of land use, 

buildings morphology and distribution of emission. To overcome this limitation and 

expand existing air quality monitoring networks a new method is proposed to 
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determine the minimum number of stations at ground level and their best potential 

locations.   

Modeling techniques, such as computational fluid dynamics (CFD) and large eddy 

simulation (LES) have been used to investigate the dispersion and distribution of 

pollutants under the urban canopy (e.g. Li et al., 2006; Tominaga and Stathopoulos, 

2013). However, the complexity of the urban structure has limited their application to 

simplified geometries (i.e. urban morphologies), idealized atmospheric conditions and 

particular distributions of emission sources (e.g. Li et al., 2012; Tominaga and 

Stathopoulos, 2013). 

With recent advancements in computational and sensing technologies, data-driven 

approaches, also known as inverse or empirical modeling are an alternative to solve 

the problem of modeling in complex systems (Kolehmainen et. al., 2001; Voukantsis 

et. al., 2010), such as those imposed by the urban heterogeneity on the distribution of 

air pollutants at street level. The basic idea under these models is that if there are 

underlying rules controlling a system, they can be found from a set of data by means 

of statistical and probabilistic methods. Therefore, with a statistically reasonable 

amount of air pollution observations and data on urban parameters, a data-driven 

mathematical model can be constructed to interpolate the pollutants concentration to a 

whole gridded domain with an acceptable level of accuracy, without a descriptive 

theory of the real phenomena in advance. 

Considering the number of potential urban parameters controlling the pollution 

distribution at ground level, the modeling challenge turns into the identification of the 

nonlinear functional relations between the urban parameters and concentration of 

atmospheric pollutants. This view inverts the problem of modeling from a deductive 

and theory-grounded approach to an inductive and data-driven approach as it is 

similarly described in Inverse Problem Theory (Tarantola, 2005). 

The application of Self Organizing Map (SOM) as a data-driven modeling approach is 

used to find the association between concentration of pollutants at ground level and 

urban parameters in its vicinity. The model (trained SOM) is then applied to 

approximate the concentration of pollutants in a whole gridded domain based on the 

urban parameters of each particular cell. The resulting maps showing the spatial 

distribution of concentration of pollutants are expected to provide valuable 
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information for epidemiological and risk assessments, as well as to identify hot spots 

of pollution.  

The trained SOM is also used in combination with a clustering algorithm to determine 

the number of similar domains in the area, representing the optimum number of 

monitoring stations to cover the different urban patterns within the studied domain. 

The center of each cluster is the best potential location in terms of representativeness 

of the urban parameters.  

The proposed data-driven model is tested using a dataset of over 80 urban parameters 

and high frequency (1 or 10 s) measurements of aerosol pollution along a reasonable 

number of streets in a heterogeneous residential/commercial neighborhood of 

Singapore, selected as a case study. Fine-grained urban parameters spatially 

distributed in grid cells of 100 × 100 m include information on street networks, land-

use patterns, demographics, vehicular traffic, building and street topology, etc. The 

aerosol pollution measurements were performed using a set of portable and battery 

operated sensors. The measured variables were mass concentration of particles with 

aerodynamic diameters ≤ 10, 2.5 and 1 µm (PM10, PM2.5 and PM1), particle number 

concentration (PN), active surface area (ASA), and mass concentrations of black 

carbon (BC) and particle-bound polycyclic aromatic hydrocarbons (pPAHs).  

The article first describes the main features of SOM methodology and its capabilities 

for multidimensional data visualization, nonlinear function approximation, and data 

clustering. Then the urban parameters and aerosol pollution measurements are 

introduced. The application of SOM to our case is presented in three sections. The 

first section describes the application of SOM as a nonlinear function approximation 

method between urban parameters and measured aerosol concentrations. The 

efficiency of the approximation functions is evaluated through cross-validations 

between predicted and observed data. The second section explains the application of 

SOM to interpolate the measured pollution data from selected grid cells to the 

complete gridded domain. The third section describes the combination of SOM and a 

clustering algorithm to determine the optimum number of monitoring sites and their 

best locations in terms of representativeness and information gain. Maps of spatially 

interpolated aerosol concentrations present the results of the approach based on the 

SOM proposed here. The candidate locations for monitoring stations for each one of 
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the identified types of urban patterns (i.e. clusters) are indicated in a final map 

showing also the representativeness of each grid cell within its respective cluster.   

Methods 

This section starts with a brief description of SOM as a data-driven modeling 

approach. The following section describes the selected neighborhood of Singapore as 

a study area and provides details of the urban parameters used for the model 

evaluation. Then, the aerosol pollution measurements are introduced. 

 2.1 Self Organizing Map  

Self Organizing Map is a data driven modeling method introduced by Kohonen 

(1982). From a mathematical point of view, SOM acts as a nonlinear data 

transformation in which data from a high-dimensional space is transformed to a low-

dimensional space (usually a space of two or three dimensions), while the topology of 

the original high dimensional space is preserved. Topology preservation means that if 

two data points are similar (i.e. close) in the high-dimensional space, they are 

necessarily close in the new low-dimensional space. This low-dimensional space, 

which is normally represented by a planar grid with a fixed number of points, is called 

a map. Each node of this map has its own coordinates (x_i1,x_i2 ) and a high-

dimensional vector (W_i= {w_i1,…,w_in }) where the original observed data are n 

dimensional vectors.  

In comparison with other data transformation methods, SOM has the advantage of 

delivering two-dimensional maps visualizing smoothly changing patterns of data from 

the original high-dimensional space. In addition, SOM can also be used to predict 

values of parameters or dimensions using data of each other parameter through 

nonlinear approximation functions (Barreto and Souza, 2006).   

In the field of environmental modeling, data-driven methods, such as neural networks 

(e.g. Multi Layer Perceptron Learning), Support Vector Machines (SVM) and time 

series forecasting methods such as ARIMA, have been previously applied based on 

the availability of massive measured data (e.g. Kolehmainen et al., 2000, 2001). In a 

recent study Nguyen et al. (2014) used low-resolution satellite images in combination 

with SVM to estimate aerosol concentration at ground level from urban surfaces. 

Although their approach does not require direct measurements, it cannot identify the 

influence of urban parameters on the aerosol concentration, in contrast to our 
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approach based on SOM. Similarly, Hirtl et al. (2014) used satellite images, ground-

based measurements and the support vector regression method to improve air quality 

forecasts at regional scale.  

In summary, SOM is a generic, robust and powerful method that has been employed 

in several application domains (Kohonnen, 2013). It can be used for visualization of 

high-dimensional data and data exploration (Kolehmainen, 2004), state space 

modeling and clustering (Bieringer, 2013) and most importantly, as a nonlinear 

function approximation method without reducing the complexity of the system 

(Barreto and Souza, 2006).  

 Study area and urban parameters 

The availability of parameters such as urban topology, land use, vehicular traffic, 

roads dimensions, etc. at fine spatial resolution makes Singapore a perfect place to 

investigate the influence of those parameters in the air quality at ground level. For the 

selected domain of 35.1 km¬2, divided in cells of 100 × 100 m, 80 urban parameters 

were tested. The main categories of parameters are listed in Table 3.  

Table 3- Main categories of urban parameters with influence on the aerosols concentration at ground level of the 
residential/commercial neighborhood of Rochor, Singapore, used as a study case  

Category Data source 

Land use Singapore Master Plan 2008 

Street network and connectivity Singapore Land Transport Authority 

Building topology 

NAVTEQ Building Footprint 

 

Singapore Master Plan 2008 

Figure 43 shows the urban area selected to test the data-driven method proposed here. 
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Figure 43- Location of the commercial/residential district of Rochor, Singapore, selected as an urban domain to 

test the data-driven method proposed here. (a) The streets and alleys marked in red correspond to the route 
followed for the aerosol measurements. The red star indicates the location of the background site and the blue dot 

the entrance of the subway station of Farrer Park. (b) Panoramic photo of Rochor showing the heterogonous 
landscape formed by shop houses and residential towers. 

This area encompasses the district of Rochor, which meets the heterogeneity 

requirements to investigate the nonlinear correlations between urban parameters and 

air pollution at ground level. The district of Rochor covers the historic neighborhood 

of Little India, which is characterized by two types of building typologies: shop-

houses and residential towers. Shop-houses are multifunctional row houses of 3-5 

stories, while the residential towers are up to 30 stories and can be built on a multi-

story base with retail function. Rochor contains multiple urban land uses that range 

from residential to small-scale industrial workshops.  The urban parameters used to 

train SOM were those listed in the land use section of the Singapore Master Plan 2008 

within each grid cell. Land use is derived as the number of square meters for each 

category.  

The studied area is formed by different street layouts. Some roads are eight-lane 

transit streets, others shopping streets or back lanes with service functionality (e.g. 

garbage collection). To identify the individual street typology, different graph 

measures (Hillier et. al., 1976) were applied to a street graph encompassing the entire 

city-state of Singapore with different distance ranges to identify the major and minor 

roads.  

Particles pollution measurements 

For the evaluation of the data-driven method proposed here we measured a number of 

variables that characterize the aerosols pollution at ground level.  Particles were 

chosen among the typical monitored air pollutants in cities because they are 
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responsible for driving the worst air quality conditions in Singapore, as well as in 

many other cities (Velasco and Roth, 2012). 

The aerosol pollution data were collected at ground level along streets, alleys and 

public areas of Rochor and from a site placed above the urban canopy (a balcony in a 

28th floor) called thereafter background site. The purpose of this site was to measure 

particles concentrations at ambient level, as typical monitoring stations do. The route 

followed during the ground measurements and the location of the background site is 

shown in Figure 43. The ground level route was designed to cover as much as 

possible the different land uses and urban topologies of the selected neighborhood.  

Seven parameters of aerosol pollution were measured in-situ using portable and 

battery operated sensors. The set of sensors included two DustTrak Aerosol Monitors 

(TSI 8534) to measure size segregated mass-fraction concentrations (PM1, PM2.5 and 

PM10) at ground level and at the background site. Similarly, two handheld 

Condensation Particle Counters (TSI 3007) were used to measure the PN 

concentration (only particles with a diameter < 1 µm). Concentrations of BC and 

pPAHs, and the joint ASA of all particles were only measured at ground level using a 

Micro-Aethalometer (AE51, AethLabs), a Photoelectric Aerosol Sensor (Ecochem 

Analytics PAS-2000CE), and a Diffusion Charging Sensor (Ecochem Analytics DC-

2000CE), respectively. All sensors were synchronized and programmed for 1 s 

readings, with the exception of the sensors measuring pPAHs and ASA, which were 

programmed for 10 s readings. For the ground level measurements, the instruments 

measuring mass and number concentrations were hand carried near breathing height, 

while the other instruments were carried in a backpack with sampling line inlets at the 

same height. A Global Positioning System (GPS) was used to geo-reference the 

aerosol pollution readings. Additional information about the instruments and data 

post-processing is provided in the Supplementary Material. 

The measurements were limited to the evening period from 18:00 to 20:00 h on 

weekdays. Using commuter data from the subway station of Farrer Park located in the 

middle of the neighborhood of Rochor (see Figure 43), we found that this is the 

period of major influx of people, and therefore of major interest from a health risk 

point of view. The ground level route of 3.5 km was covered 20 times along 10 days 

of June 2013. None of the measurement days were affected by rain or smoke-haze 

from wildfires in neighboring islands (e.g. Sumatra and Kalimantan). Constant 



 104 

meteorological conditions, as well as constant intensity of anthropogenic activities 

(i.e. aerosol emissions) were assumed during the two hours of measurements.  

Using the location of each measurement obtained by the GPS readings properly 

synchronized with the particle sensors, an identification flag was assigned to each 

measurement point using as reference the closest grid cell and its corresponding urban 

parameters.  

The measurements at the background site were used to verify that the ambient 

concentrations were constant during the 2-h measurement periods, and the ground-

level measurements were used to train SOM. Two reasons explain this: 1) the 

differences between the concentrations measured at ground level and the background 

site showed a small variability and had therefore an insignificant influence on training 

SOM. Statistically, the combination of a random function f (x)=µ(x)± σ and a 

constant function g(x)= c would result in f(x)+g(x)= µ(x)+c± σ that has the same 

variation as f(x), and consequently has no effect on the function approximation 

problem. 2) The urban parameters are informative to explain the variations at ground 

level, but not at ambient level, where pollutants are usually well mixed and chemical 

reactions are also important.  

Application of SOM as a nonlinear function approximation method between 

urban parameters and aerosol pollution data  

This section describes step by step the application of SOM as a data-driven method to 

approximate the nonlinear functions between the urban parameters and aerosol 

pollution data measured at ground level. The model is validated by cross-validations 

between the values predicted by SOM and the measured values. The involved steps 

are basically three: 

Step 1: Data transformation from a high to a low dimensional space;   

Step 2: Modeling the nonlinear functions between urban parameters and aerosol 

variables.; 

Step 3: Validation and hypothesis testing. 

Step 1: Data transformation from a high to a low dimensional space 

A Self Organizing Map is capable of delivering two-dimensional maps in which 

smoothly changing patterns of the original high-dimensional space can be visualized. 
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Figure 44 shows the interrelations between the different aerosol variables after 

training a SOM by simply using the averages of the measurements for each grid cell. 

Two patterns are observed, one linearly correlated for PM1, PM2.5 and PM10, and one 

nonlinearly correlated between the other variables (PN concentration, BC, pPAHs and 

ASA). The first pattern starts with high values in the lower-right corner of the trained 

map, increasing toward the opposite upper-left corner of the map. The second pattern 

shows high values in the lower-left corner increasing towards the opposite upper-right 

corner.  

 
Figure 44- Visualization created by a SOM of the patterns in two-dimension maps (component planes) for the 

different particle variables measured at street level 

The two different patterns are not surprising. In areas influenced by traffic emissions, 

such as the district of Rochor, ultrafine particles (UFP ≤ 100 nm in diameter) typically 

represent > 90% of PN concentration (Morawska et al., 2008).  The UFP emitted 

directly by combustion processes or formed in the air as the hot exhaust gases are 

expelled from the vehicles tailpipes represent the main source of BC and pPAHs, and 

are strongly correlated with both PN concentration and total ASA. Because the mass 

concentration of PM1, PM2.5 and PM10 are several orders of magnitude larger than 

UFP, their concentrations do not correlate with the other measured aerosol variables. 

We can conclude that measurements of only two aerosol parameters would have been 

necessary. Considering the instruments’ cost and importance of the parameters for 

health and risk assessments, we recommend considering only measurements of BC or 

PN concentration in addition to PM1 for future studies.   
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In addition to the smooth pattern created by the SOM, the probabilistic distribution of 

the original data set (i.e. measurement vectors of each grid cell) can be also obtained 

from the trained map, as shown in Figure 45. In this diagram, called a ‘hit-map’, each 

hexagonal unit is a node of the SOM, where the size of the black points within each 

unit is relative to the number of similar observation points placed in that unit during 

the training phase. Hence, the data points and nodes,are similar to each other in the 

same area of the map. This creates a smooth probabilistic pattern on top of the SOM, 

in which the frequency of observed patterns (proportional to the size of the black 

points) can be used for resampling and simulation of the observed patterns. For a 

detailed description of this idea one can refer to Bieringer et. al. (2013). 

Step 2: Modeling the nonlinear functions between urban parameters and aerosol 

variables 

The already trained SOM in combination with algorithms such as the K-Nearest 

Neighborhood (KNN) and Radial Basis Function (RBF) represents a powerful 

nonlinear function approximation method. For example, using a data set 𝑍 = 𝑋 ∪ 𝑌 in 

which X = 𝑥!,… , 𝑥!  and 𝑌 =    𝑦!,… ,𝑦!  under the assumption of 𝑦! = 𝑓 𝑋   for 

new data sets without 𝑦!, a trained SOM based on data set Z, combined with KNN or 

RBF can predict with high accuracy the most likely 𝑦! based on the observed 𝑋 

(Barreto and Souza, 2006). Hence, our assumption of nonlinear relations between 𝑋: 

{all urban parameters} and 𝑌: {all measured aerosol variables}. To overcome the 

limitation imposed by not collecting aerosol data over the complete domain (only 98 

out of 3510 grid cells were monitored), we considered similar aerosol concentrations 

for grid cells with similar urban parameters. Under these assumptions the SOM was 

trained only with urban parameters, producing patterns based on the grid cells’ 

similarity in terms of these parameters and not of aerosol concentrations. For a grid 

cell with no direct measurements, the aerosol concentrations were predicted as the 

weighted average of the concentrations in grid cells with measurements and similar 

node (urban parameters) in the trained SOM. The weighted averages were computed 

using normalized similarity values between cells of the same node.  If a projected cell 

presents a null similarity with any cells with measurements, the approach cannot 

predict its concentrations. The following steps describe in detail the prediction 

process: 
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1. Train a SOM based only on urban parameters (with normalized values for each 

parameters) covering the whole domain and including grids with and without direct 

aerosol measurements. 

2. For each grid cell i with urban parameters Xi: 

2.1. Project the grid cell i into the trained SOM and find the K most similar nodes in 

terms of urban parameters through the computation of Euclidean distances between 

the weighted vectors in the trained SOM and Xi (see Figure 45).  

2.2. Within the selected region of nodes (red contour in Figure 45) Find the grid cells 

with aerosol measurements (Xr) (triangles in Figure 45). 

2.3. Calculate the normalized similarity between the selected cells and those with 

measurements (i.e. Xi and Xr). Similarity is calculated based on the Euclidean distance 

between each pair of high dimensional vectors. 

2.4. Based on the following two recommendations calculate the aerosol 

concentrations for cell i: 

- Calculate the weighted average concentrations from the selected cells with 

measurements. The weight is based on the normalized similarity of the urban 

parameters between cell i and those cells with measurements (i.e. Xr) for the selected 

node. 

- If weights are close to each other with no dominant weights from a few of the 

selected cells, use the measurement median instead of the mean to prevent bias from 

extreme values when calculating the average concentrations. Geometric means are 

also an option.  
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Figure 45: Distribution of training data in the trained SOM (hit-map) based on their similarity in urban parameters. 
Each hexagon is a node in the SOM and the size of the black points within each hexagon is proportional to the 

number of training data placed in that node during the training phase. The gray shaded square indicates the 
projection of a new grid cell on the trained SOM (only on urban parameters) within the region with K-most similar 

nodes after the computation of Euclidean distances between the weighted vectors in the trained SOM and the 
original vectors of urban parameters Xi . The triangles indicate grid cells with direct aerosol measurements. 

With the assumption of existing relationships between urban parameters and aerosol 

concentrations, the SOM creates a smooth map of emergent urban patterns. It is worth 

mentioning that in the trained SOM map, the grid cells representing the spatial surface 

of the neighborhood in the physical space are not necessarily placed in the same 

region if they do not have similar urban patterns.    

The number of nodes in the SOM, defined as the width and height of the trained map, 

is important to optimize the SOM training procedure. In our experiment we selected a 

map of 20 × 25 nodes based on the size of the training data (with 3510 grid cells and 

500 nodes, on average each node will represent around 7 similar grid cell, if they 

follow a uniform distribution). Different grid sizes did not show to be important, but 

very large or very small map sizes showed direct effects on the quality of the training 

algorithm in terms of quantization and topographic errors (Kohonen, 2001). The 

number of similar nodes in neighborhood search, K, is also important to optimize the 

process of data-driven modeling. We tested different K values finding that values 

between 1 and 5 are good enough for cross-validation. Another assumption that we 

have in the current implementation was that all the urban parameters are equally 

important. However, performing the feature (i.e. urban parameter) selection and 

extraction in a systematic manner could also optimize the training procedure as 
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suggested by Guyon and Elisseeff (2003). Feature selection and extraction is a 

computationally complex problem. The number of potential combinations of urban 

parameters is on the order of 2n-1, where n is the number of features including all the 

possible transformations (e.g. z = a + blog (x)). Methods such as the Genetic 

Algorithm can help to solve this optimization issue in a reasonable time (Niska, et. 

al., 2004). 

Step 3: Validation and hypothesis testing 

Before applying the SOM to predict the aerosol concentrations in the entire domain, 

the nonlinear relationships between the different urban parameters and aerosol 

concentrations approximated by SOM must be tested.  We performed cross-

validations between the predicted values by SOM and the real values to validate the 

proposed data-driven modeling approach.  

Because of the limited number of grid cells with measurements, the cross-validation 

was performed using 10% of the samples in 20 iterations.  This means that we 

removed randomly 10% of the cells with measurements for every iteration and 

predicted their aerosol concentrations based on the remaining cells with 

measurements. The statistical metrics of the cross-validations shown in Table 4 

demonstrate the ability of SOM to preserve the nonlinear relations between the urban 

parameters and aerosol concentrations.  

Table 4- Efficiency of SOM to approximate nonlinear relationships between urban parameters and aerosol 
concentrations. The cross-validation was performed using 10% of the samples in 20 interactions as explained in 

the text. 

Aerosol variable 

Based on median values of 

similar grid cells 

Based on arithmetic mean 

values of similar grid cells 

Median of 

accuracy (%) 

Mean of 

accuracy (%) 

Median of 

accuracy (%) 

Mean of 

accuracy (%) 

PM1  92.18 85.81 93.03 87.13 

PM2.5 92.16 85.87 92.98 87.21 

PM10  92.64 87.27 93.21 87.20 

Particle number  89.34 85.97 90.24 86.48 

Black carbon 78.08 69.37 79.10 67.34 

pPAHs  78.72 70.67 82.42 70.98 



 110 

Aerosol variable 

Based on median values of 

similar grid cells 

Based on arithmetic mean 

values of similar grid cells 

Median of 

accuracy (%) 

Mean of 

accuracy (%) 

Median of 

accuracy (%) 

Mean of 

accuracy (%) 

Active surface 

area 

88.36 75.06 88.67 76.81 

Average 

accuracy (%) 

87.35 80.00 88.52 80.45 

Min accuracy 

(%) 

78.08 69.37 79.10 67.34 

Max accuracy 

(%) 

92.64 87.27 93.21 87.21 

Figure 46 shows that the relative errors of the predicted aerosol concentrations are 

tightly distributed around zero with a relatively longer left tail for all of the particles, 

indicating a tendency to underestimate real values. 

 
Figure 46- Relative errors distribution of the predicted aerosol concentrations based on the randomly selected 

validation data  
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Application of SOM as a data-driven model to interpolate concentrations of 

aerosols in a gridded domain 

Once the cross-validation has demonstrated satisfying results, we can proceed to 

interpolate the aerosol concentrations in the complete gridded domain. The 

interpolation methodology is essentially the same as the methodology used in the 

previous section for the cross-validation. The only difference is the addition of a 

confidence measure for the predicted concentrations. This confidence measure is 

based on the similarity between the urban parameters and grid cells with 

measurements.  If no similar grid cell with direct measurements is available for a 

particular set of grid cells with a similar urban pattern, a null confidence value will be 

obtained and no concentration will be predicted.  In our study case, this situation 

occurred for regions with no urban similarity with the region where the measurements 

were performed. The confidence value for each cell was computed following the next 

steps:   

1. The grid cells from the complete domain are divided into cells with measured data 

(XM) and no measured data (XNM).   

2. The XM cells are projected into the trained SOM to calculate the Euclidean distance 

of each grid cell (disti) with its K most similar nodes of SOM. 

3. The median of the calculated distances for XM cells is used as a norm for the XNM 

cells ,(norm_dist). If the Euclidian distance for a XNM cell is smaller or equal to this 

norm, the confidence will be one, in contrast if it is larger (i.e. less similarity with the 

XM cells) the confidence will tend to zero.  The confidence value for XNM cells is 

computed as: 

𝐶𝑜𝑛𝑓𝑖𝑑𝑒𝑛𝑐𝑒! = 𝑚𝑖𝑛(1,1− (𝑑𝑖𝑠𝑡! − 𝑛𝑜𝑟𝑚_𝑑𝑖𝑠𝑡) 𝑑𝑖𝑠𝑡!)  (1) 

Figure 47 shows the confidence values of each grid cell overlaid on a map of the 

studied domain.  
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Figure 47- Distribution of the probabilistic confidence levels of the predicted aerosol concentrations using the 
nonlinear approximation function of SOM, overlaid on a map of the studied neighborhood of Rochor, Singapore.   

As expected, the cells with high confidence values were those with similar patterns to 

cells with measured data. As shown Figure 47 the distribution of cells with 

confidence values > 0.5 are relatively equally distributed over the built-up regions. 

Regions with null confidence correspond primarily to open spaces, such as public 

parks where measurements were not conducted. In general, we can affirm that the 

proposed method is capable of interpolating aerosol pollution data at ground level 

within the built-up areas of a heterogeneous neighborhood of 35.1 km2 using 

measured data from less than 3% of the total gridded domain.  

Potential locations for fixed monitors based on clusters of grid cells with 

similar urban patterns 

Similar to previous sections, after the good cross-validation results between the 

predicted values by the nonlinear approximations and the measured aerosol pollution 
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data, we can apply a clustering algorithm based on the urban parameters to determine 

the optimum number of fixed monitoring sites and their best locations (grid cells) in 

terms of representativeness and maximum information gain over the whole domain.  

Clustering algorithms have the task of finding the optimum number of groups from a 

given data set. The members (i.e. grid cells) of a group must be as much as possible 

similar to each other and dissimilar to members of other groups. Each cluster must 

represent an individual group with a specific set of parameters. The clustering 

algorithm must also be capable of identifying the most informative (representative) 

members of that cluster within each cluster. 

The K-means clustering algorithm is frequently used in combination with a SOM. The 

SOM acts like a first step filtering and smoothing of the data points and then K-means 

is applied to nodes of the trained SOM knowing the number of clusters in advance.  

In practice, this number is determined by heuristic methods, such as the elbow method 

(Tibshirani et. al., 2001). For our case study, the elbow method suggests that four 

clusters are enough for the whole gridded domain. It means that four main types of 

urban settings define the neighborhood of Rochor. As shown in Figure 48, the 

clustering index (metric to evaluate the clusters compactness and separation) 

decreases drastically with four clusters. More clusters do not represent any major 

improvement.  

 
Figure 48- Application of the heuristic elbow method to identify the optimal number of clusters in which the grid 

cells of the studied domain of Rochor can be grouped. The drastic decrease of the clustering index with four 
clusters suggests that additional clusters will not significantly improve the clustering quality. 

Figure 49a shows the distribution of grid cells within the trained map by SOM. The 

size of the black spot is proportional to the number of training data in each node.  
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Figure 49- Distribution of grid cells after applying the K-means clustering algorithm. Each cluster is represented 

by a different color. The size of the internal spots indicates the representativeness degree of each cell to its cluster. 
Cells with larger spots are more representative. (b) Distribution of grid cells within the trained map by SOM. The 
size of the black points is proportional to the number of training data, which are placed in the same area of SOM 

based on their similarities. 

After applying the K-means clustering algorithm the cells grouped in four clusters can 

be observed in Figure 49b. The size of the internal spots indicates the 

representativeness degree of the cells to their clusters. The centroid point (mean value 

across all the dimensions) of each cluster can be considered as its most representative 

point. In this context, the grid cells with the highest representativeness degree within 

each cluster should be considered as candidate locations for monitoring air quality 

stations. 

Results 

The methodology based on the data-driven model of SOM developed in this work 

offers two outcomes of potential relevance for the air quality management in cities. 

Maps showing the spatial distribution of aerosol concentrations at ground level within 

the whole gridded domain represent the first outcome. The second outcome and main 

goal of this work is the finding of the optimum number of fixed monitoring stations 

and their potential best locations to cover the different types of urban settings (i.e. 

clusters) of the studied neighborhood. 

Figure 50 shows the spatial distribution of PM2.5 within the gridded domain including 

measured and estimated data as an example of the first outcome.  
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Figure 50- Spatial distribution of PM2.5 at the studied neighborhood of Rochor during the evening rush hour (18-20 

h) on weekdays, including measured and interpolated data. The data interpolation was based on the aerosol 
pollution measurements conducted along the ground level route of 3.5 km marked in Figure 43 during 10 days of 

June 2013. 

Similar to Figure 47, the grid cells with no data correspond to cells with null 

interpolation confidence, where no prediction was possible due to the lack of 

similarity in terms of urban parameters with the grid cells with direct measurements. 

Constraining the analysis to grid cells with measured and interpolated data with 

confidence values ≥ 0.5, the average PM2.5 concentration at ground level in the 

neighborhood of Rochor is 31.3 µg m-3 during the evening period from 18:00 to 20:00 

h. This concentration is 1.25 times higher than the 24-hour average concentration of 

25 µg m-3 recommended as guideline by the World Health Organization (WHO). 

Similarly, only 10% of the grid cells report concentrations below the WHO guideline 

and 75% are higher than 31.0 µg m-3. In comparison with the average concentration of 

18.8 µg m-3 measured at the background site, only two cells present smaller 

concentrations.  Table 5 shows detailed statistics of the aerosol concentrations 

predicted for the whole gridded domain.  
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Table 5- Statistics of the aerosol concentrations predicted by SOM for the complete gridded domain of the 
neighbourhood of Rochor on weekdays during the evening rush hour (18-20 h). The analysis considers only grid 

cells with measured or extrapolated data with confidence values ≥ 0.5 

Aerosol Mean STD Min 25% 50% 75% 95% Max 

PM1 (µg m-3) 30.9

6 

3.32 14.60 30.66 31.02 32.88 35.23 66.37 

PM2.5 (µg m-3) 31.2

6 

3.34 14.83 30.95 31.33 33.18 35.57 67.58 

PM10 (µg m-3) 33.9

8 

3.35 15.86 33.72 34.29 35.70 38.46 71.73 

Particle number (# cm-3) 4658

5 

7154 2042

7 

42659 44044 53311 57932 92240 

Black carbon (µg m-3) 6.82 2.11 1.94 4.93 6.40 8.65 10.42 25.85 

pPAHs (ng m-3) 78.2

6 

27.14 27.72 57.14 73.16 102.57 119.26 345.0

0 
Active Surface Area 

(mm2 m-3) 

149.

09 

17.23 43.55 133.57 153.99 162.20 178.95 225.5

0 
Confidence 0.85 0.16 0.50 0.73 0.90 1.00 1.00 1.00 

Maps showing the spatial distribution of pollutants concentration at ground level in 

fine-grained domains provide valuable information for epidemiological and risk 

assessments. We already discussed the poor ability of typical ambient monitoring 

stations to represent the pollution levels at the height where urban dwellers carry out 

the majority of their activities. This is of particular concern in the ubiquitous 

environments affected by vehicular emissions. Many epidemiological studies have 

found significant health effects due to exposure to vehicular traffic (e.g. Lipfert and 

Wyzga, 2008). Although these studies have investigated various exposure criteria, 

including traffic intensity and proximity, control strategies have generally not yet 

been proposed on a widespread basis, in part due to the lack of long term air pollution 

monitoring at street level, as well as of a methodology to understand the relationships 

between pollutant concentrations and urban parameters. In a following article we will 

discuss the features and roles of those parameters in the air quality of the studied 

neighborhood of Rochor. The understanding of these relationships might be also 

useful for urban planning, in particular when designing strategies to improve urban 

mobility promoting walking and cycling as means to cover the so called first and last 
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miles (distances that commuters must cover in getting to and from public 

transportation). 

Figure 51 summarizes the application of SOM as a data-driven method to find the 

optimum number of monitoring stations and their potential locations in terms of 

representativeness. The top candidate grid cell(s) for each one of the four different 

urban settings that form the residential/commercial neighborhood of Rochor are 

marked over the individual maps of each urban setting. The grid cells were brought 

back to the real two-dimensional space using as reference their latitude and longitude 

data. The next step in the selection of sites is to visit the candidate locations and 

verify that enough space is available for a fixed monitoring station, the security 

conditions and continuous access to power.  If we select more than one candidate 

location for each cluster (say three top candidates, each selected independently), 

another optimization step would be necessary to find the best four monitoring stations 

out of 12 candidate points (three locations for four clusters) in a way to minimize the 

overlap between stations of different clusters and maximize the total physical 

coverage of the monitoring stations. 

 
Figure 51- Distribution of the grid cells in the real two-dimensional space grouped in the four different clusters 

(i.e. urban settings) that form the neighborhood of Rochor, Singapore. The color intensity indicates the 
representativeness degree. Grid cells colored more intensely represent better the urban parameters of their 

corresponding clusters. The most representative grid cells of each cluster (highest value(s)) are marked in red as 
the candidate locations for fixed air quality stations. The gray areas correspond to buildings. 
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Conclusions 

The capability of SOM as a data-driven modeling method to approximate nonlinear 

relationships between multiple urban parameters and air pollution data at ground level 

was demonstrated using a database of urban parameters spatially distributed in high 

resolution grid cells created with purposes different to air quality monitoring (e.g. 

urban planning) and aerosol pollution data collected during a short field study. The 

good agreement between measured and predicted aerosol concentrations showed that 

the group of urban parameters used in this work provides a good indirect measure of 

aerosol pollution at ground level within the studied neighborhood.  

The satisfying results of SOM to approximate nonlinear relationships from 

multidimensional data gave opportunity to apply SOM as a method to interpolate 

aerosol pollution data in a complete gridded domain, including grid cells with no 

direct measurements. In the same context, SOM in combination with a clustering 

algorithm was used to determine the optimum number of locations for monitoring 

sites to cover the different urban settings or clusters forming the studied 

neighborhood, as well as to find their best location in terms of representativeness of 

urban patterns within their clusters. 

The data-driving modeling methodology developed in this work must be relatively 

easy to implement to other urban domains if such urban parameters as street 

networks, land-use patterns, demographics, transportation data, and building and 

street topology are available in databases of high spatial resolution. The aerosol 

pollution measurements should not represent a major cost if portable and battery-

operated sensors are used, as in this work.  We evaluated seven different aerosol 

parameters, but measurements only of black carbon or particle number concentration 

in addition to PM1 would have only been necessary according to the nonlinear 

correlations between aerosol parameters, identified visually by SOM.
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7.4. Contextual Mapping: From The Map to Any Map 

Mapping, information visualization, spatial analysis, emergent properties, centralized 

mapping, democratization of mapping, multi-variate mapping 

Summary 

In a conceptual level, the aim of this work is to develop a generic methodology for 

combining high-dimensional spatial data in a way that identifies and visualizes the 

hidden non-categorical spatial patterns. We show how using a less explored one-

dimensional SOM, one is able to transform the high dimensional data into a spectrum 

of one-dimensional ordered numbers (codes), called contextual numbers (Moosavi 

2014). These numbers index a high dimensional state space with an important 

property that similar indexes in terms of high dimensional state space have similar 

(contextual) numbers. Thus, high dimensional vectors will be attributed with single 

numbers. This new one-dimensional output of the proposed algorithm can be easily 

rendered as a new single data layer in the original geographic map in the same way 

that for example we can render the surface temperature in a geographic map. As a 

result, if there are some spatial correlations in high dimensional space, which is not 

easy to track in several geographic maps (usually one map for each separate layers), 

they will be visualized at once in one geographic map.   

Further, these new one-dimensional codes can be used as usual numbers and in later 

steps different contextual numbers can be combined together to create new levels of 

abstraction.  

In terms of geographic mapping, by selecting different spatial aspects and 

transforming them to their contextual numbers, every time we expect to have different 

geo-spatial patterns. Therefore, by making this generic method in co-existence with 

many spatial aspects accessible to a diverse set of stakeholders (including experts and 

non-expert citizens), we think it will unfreeze the notion of mapping from a top-down 

and centralized process to a democratic or individualized level, where every one 

based on his/her interests can create different maps of a city for example. This in fact 

will create a new notion of space beyond the classical notion of geographical maps.  
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Introduction 

Nowadays, with the rapidly growing amount of digital data in many aspects of our 

environments, more than before we are challenged to find appropriate techniques for 

harnessing the power of this data deluge. At the same time, because of their 

underlying ubiquity these data streams are opening up new opportunities for exploring 

our environments that change the classical notion of space. For example, in many 

cities across the world no longer anyone has the problem of having access to digital 

city maps, but instead the current challenge is that considering the amount and 

diversity of these digital data about different aspects of the cities, how one is able to 

picture his/her own image of the space as a combination of several factors on top of 

these digital maps. Considering the many possible facets of our built environments, 

interlinked with digital data streams, we are experiencing a transition form a universal 

notion of space, where there is a solid and physical notion of space to a multiverse, 

where depending on the point of view one can have different projections of the same 

space. From the modeling point of view, considering the arbitrariness of the potential 

maps one can say that now the focus from “the map” as an object has shifted to an 

open ended mapping process, where depending on the perspective one could produce 

“any map”. In a conceptual level, the ultimate direction of this work is toward 

developing a generic methodology, which along with any spatial map (e.g. Google 

Map and Open Street Map) will be used as a context dependent mapping platform. By 

mapping we mean that depending on the selected aspects, one is able to combine high 

dimensional spatial data and finally to identify the emergent high-dimensional spatial 

patterns, which are not easy to grasped by looking at each of these dimensions 

separately. Toward this direction there have been several interesting cases such as 

peoplemaps9 or Livehood projects (Cranshaw, et al. 2012), where are explorations 

and mapping of activities within the cities based on the available data from online 

social networks describing the activities of citizens in different cities. One of the most 

similar cases to our work is a project called Whereabout10. In this work by applying a 

data-clustering algorithm to a collection of spatial data in London, consisting of more 

                                                

9	  http://peoplemaps.org/	  

10	  http://whereaboutslondon.org/#/about	  
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than 200 different aspects of each ward in the city of London, they grouped these 

wards based on their informational similarities (not their physical locations) into a 

fixed number of groups. This grouping then can be used as a new zoning system, 

where similar wards (which are not necessarily close in geographic map) will be 

placed in the same Whereabout. Then, on top of the classical map of London people 

can get an impression of different regions and based on their similarities in all of these 

categories. In a similar way, but only based on demographic information, a new 

coding system of London, called LSOA has been done. Although projects like 

Whereabout are proposing new methods of mapping using high dimensional data, but 

still there are two fundamental assumptions that limit their applications. First of all, 

they are based on a fixed (but arbitrary) selection of spatial aspects that might be 

selected based on the purpose of the analysis and can be different from person to 

person. In other words, these kinds of mapping are still based on a centralized 

decision making and modeling paradigm that although see the mapping as the 

emergent outcome of a clustering algorithm, the aspects to be considered in the 

clustering are chosen a priori and in a top down approach. Secondly, by grouping the 

data into few classes and defining sharp borders between different classes, one 

reduces all the individual uniqueness and differences to the mean patterns within each 

group. In a conceptual level this is the same as what we showed in Figure 34, in the 

case of idealized function approximation in comparison with indexical approach of 

SOM in relation learning.  

Nevertheless, the issue of handling multidimensional spatial data is not a new 

research topic. There are several classical tasks in spatial data analysis, including 

spatial prediction and regression, spatial visualization, classification and clustering. 

From this classical categorization, this work is focused on the issue of spatial data 

clustering and pattern recognition as well spatial visualization. Data clustering is an 

exploratory analysis task, in which one tries to find a set of consistent groups among 

the observed high dimensional data in a way that data points within each group or 

cluster are very similar to each other and very dissimilar to the members of the other 

clusters. Usually the output of clustering algorithms is a single number showing the 

index of the clusters attributed to each individual object, but in general from a set 

theoretical point of view, the membership of each individual object to each cluster can 

be either a crisp value (i.e. 0 or 1) or based on the fuzzy set theory it can be with 
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continuous membership values for each cluster (i.e. values in the range of 0 to 1), 

which results to fuzzy clustering algorithms. However, regardless of the cluster 

membership values, the cluster centers are usually specific points in the high 

dimensional space. Alternatively in this work by interpreting the problem of 

clustering from the perspective of manifold learning (Bengio, et. al. 2013) we show 

how instead of attributing high dimensional data points to few cluster numbers, one is 

able to create a spectrum of high dimensional patterns (i.e. many potential clusters 

next to each other) and by projecting them into a one dimensional continuous 

numerical index we can easily visualize this high dimensional changing patterns using 

a color spectrum.  

In the context of spatial analysis, there have been many data clustering algorithms, 

successfully applied to many practical cases. One of the most common and standard 

clustering algorithms is K-means algorithm, which divides the high dimensional data 

space to K number of groups and each group will be labeled with an arbitrary label 

(usually a number). Then, this cluster labels attributed to each spatial data point can 

be visualized on the geographic map with a specified color code. This is the case in 

the mentioned Wherabout project. However, despite the fact that standard clustering 

methods such as K-means are easy to use, they have some limitations. For example, 

their main problem is that they divide the space into few numbers of categories, and 

in a way they discretize the high dimension patterns, while it would be preferred to 

have a continuous and smooth pattern on top of high dimensional data instead. 

Further, one needs to select the number of clusters in advance, which is a critical 

decision (Tibshirani et. al., 2001). In addition, in the context of spatial clustering since 

the cluster labels are not ordered sets, the colored visualization of clusters in the 

geographic map is not directly helpful, since the similar colors are not necessarily 

referring to similar patterns unlike a usual geographic map that for example shows the 

surface temperature with a specific color-coding. Therefore, in those spatial cases, 

with a large amount of data points, from one side by increasing the number of clusters 

the final spatial visualizations may not be helpful with many different colors next to 

each other and on the other hand, by having few number of clusters, the final results 

will not be so accurate. One possible solution to this problem would be that after data 

clustering to create an extra RGB pattern by reducing the high dimensional vectors of 

the cluster centers to their first three principal components. Then, each cluster will be 
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given a color based on its 3-dimensional vectors corresponding to red, green and blue 

respectively. However, in this case too there is no direct use of cluster indices as 

numerical value, but via their high dimensional weight vectors. If we find a method to 

sort the clusters in a way that similar cluster indices refer to similar contexts we can 

make a direct projection from high-dimensional spatial data to cluster index and then 

to a one-dimensional color-code to visualize the high dimensional patterns in the 

geographical maps. In that way by having many indices, instead of dividing the high 

dimensional data into few distinct groups one is able to create a spectrum of high 

dimensional patterns, visualized with colored spectrum on spatial maps. This will 

solve the problem of distinct cluster borders and fixed number of clusters. As we 

discuss later, this problem can be discussed from the point of view of dimensionality 

reduction and manifold indexing (Bengio, et. al. 2013) and one of the best methods 

that satisfy these requirements is Self Organizing Map (SOM).  

SOM is a general-purpose nonlinear data transformation method that offers 

interesting solutions for data clustering as it creates continuous visual patterns on top 

of high dimensional data. There are different explanations for SOM algorithm based 

on its different functionalities, but in general SOM is a nonlinear transformation 

method, which tries to preserve the topology of high dimensional data, while 

transforming them to a low dimensional space. This means that SOM projects the 

high dimensional data points to a lower dimensional space (normally a one or two 

dimensional grid) in a way that those neighboring objects in high dimensional space 

remains neighbors in low dimensional space. This topology preserving 

transformation, unfolds the nonlinear and high dimensional patterns into a low 

dimensional map that can be easily visualized.  

Nevertheless, a major difference of SOM to other data unfolding and dimensionality 

reduction methods such as LLE (Roweis & Saul, 2000), ISOMAP (Tenenbaum et al. 

2000) and t-SNE (Van der Maaten & Hinton 2008) is that it creates an abstraction of 

the data into new prototypes, called nodes or codebooks of SOM. These nodes have a 

dual representation, including a low dimensional vector, showing the location of the 

node in the lower dimensional map and a high dimensional weight vector, which has 

the same dimensionality as the original high dimensional data. Therefore, these nodes, 

as distributed models of the training data, can be separately used in different modeling 

problems. This property of SOM makes it very attractive for many tasks such as data 
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visualization, function approximation and data clustering in general. For the case of 

data clustering and pattern recognition, depending on the number of nodes in the 

trained SOM there are different approaches. If the number of nodes is small enough 

(usually less than 10), then each data point will be placed in one of these few nodes. 

Therefore, each node of SOM can be considered as the center of one cluster and its 

weight vector is considered as the mean vector of that cluster in the high dimensional 

space. On the other side, in the so-called emergent SOM (Ultsch, 2005), usually there 

are many nodes and the final clusters will be emerged on top of many nodes using the 

so-called U-Matrix method. Another practical approach, which is very common, is to 

apply standard clustering methods such as K-means on the weight vectors of a trained 

SOM. Then, automatically each data point receives the cluster label of its own 

representative node (Vesanto & Alhoniemi, 2000). In this two step clustering 

approach, SOM algorithm itself can be considered as a nonlinear smoothing filter on 

the original noisy data points. 

As the data clustering is an exploratory activity, usually after clustering of high 

dimensional vectors there are many methods to visualize the final outcome of the 

algorithm into a 2d or 3d colored maps or into a graphical representation. However, in 

the context of spatial clustering, normally we have an extra constraint to project the 

final outputs of the pattern recognition algorithms to the original spatial map. 

Considering this requirement the main problem of the classical SOM is that it looses 

the spatial index of the data if they are not part of the training data (Bação et. al. 

2005).  

One of the main concerns and differences of spatial clustering to classical data 

analysis methods is how to consider the effect of spatial coordinates of data points 

along other attributes (Bação et. al. 2005 and Hagenauer & Helbich 2013). For 

example, spatial auto-correlation is one of the underlying concepts in spatial data 

modeling, which states that physically nearby objects are more likely to have similar 

properties (Tobler, 1970). As a result, to take account for this issue, there are two 

general modifications to the original SOM clustering in the field of spatial data 

analysis. The first approach is to consider the similarity of spatial objects as a 

weighted sum of similarity between high dimensional attributes and their physical 

proximity. However, some researchers correctly argue that the information from 

spatial coordinates is not comparable with other attributes as they have different 
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semantics (Bação et. al. 2005). Then, the alternate approach leads to a class of spatial 

variants of SOM such as GeoSOM (Bação et. al. 2005), where during the training 

phase in a two step procedure, the algorithm enforces spatially similar observations to 

be placed in similar regions of the low dimensional map of SOM. Therefore, parallel 

to the spatial information the algorithm will keep the high dimensional information. 

As for more recent and similar methods to GeoSOM, one can refer to an algorithm, 

called Contextual Neural Gas (CNG) (Hagenauer & Helbich 2013), which is based on 

the similar idea of GeoSOM, but implemented in the context of Neural Gas (NG) 

algorithm (Martinetz and Schulten 1991). Neural Gas algorithm is a modified version 

of SOM that unlike the original algorithm, where nodes are placed in a grid with fixed 

topology, in NG there is no topological restrictions for the nodes and the nodes are 

dynamically distributed in the high dimensional input space, similar to molecules in a 

physical gas. However, by relaxing the assumption of a fixed topological form for the 

lower dimensional space, NG algorithm needs a further step for rendering the results 

to a low dimensional space and this will remain as a critical task in general.  In the 

case of geographic NG, the geographical map will be used as the lower dimensional 

representation. In this sense, the main contribution of these spatial variants of SOM is 

that to an extent they replace the original synthetic topology of SOM (e.g. the 

rectangular two dimensional grid in the classical SOM) with a geographic map with 

the cost of assuming that geographical units are similar in the higher dimensional 

space. As we mentioned before, this assumption is inspired by what is called as the 

first law of geography (Tobler, 1970). However, in the original SOM algorithm, this 

goal that neighboring nodes in the low dimensional space are similar in terms of their 

high dimensional vectors is the essence and the target of the algorithm and not a given 

assumption. Therefore, the final lower dimensional map of SOM is a synthetic map 

created based on this essential goal, but in the above mentioned spatial variants of 

SOM, enforcing the final map to have correlations with geographical map can be a 

wrong or questionable assumption in many spatial problems, where the spatial 

dependency is not linear or it is not present at all among the observations. Other 

alternative use of SOM for multi-variate mapping is that similar to the PCA based 

method discussed above, the final two-dimensional SOM grid will be used as a 

bivariate color code (Guo et. al. 2005). Although comparing to PCA based method 

which is a linear dimensionality reduction, a two dimensional SOM performs better, 

but since we are dealing with high dimensional data, we need another diagram to 
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connect these bi-variate color code on top of SOM grid to show the characteristics of 

each clusters in terms of their high dimensional vectors. As a result, in most of these 

applications, for better visualizations one needs to select a few numbers of clusters. 

The principal idea of this work is that if there are underlying spatial similarities in 

high dimensional data that is not easy to be tracked in spatial maps, there should be an 

appropriate way of encoding the data from high dimensional space to lower 

dimensional codes (specifically to a one dimensional vector), while preserving the 

patterns in the encoded data. These low dimensional codes should index a high 

dimensional state space with an important property that similar cluster centers in 

terms of high dimensional state space have similar codes. Specifically, if we are able 

to encode the high dimensional vectors to a single dimensional code, we can treat 

these codes as a type of numbers and they can be treated as a single layer spatial data 

in the same way that for example we can render the surface temperature in a 

geographic map. Therefore, if there are spatial patterns in high dimensional data one 

can quickly see those patterns on the geographical maps. This will solve all the above-

mentioned problems of the current spatial clustering approaches. Further, as a result 

of this approach the need for a dual map to geographical map or to modify the 

original SOM algorithm will be resolved in a different way. 

In addiction, since we are transforming the high dimensional space to single 

dimensional numbers, these numbers can be seen as abstractions of those high 

dimensional spaces that they refer to. Therefore, as we will show in the next sections, 

one is able to combine the results of several clustering steps into each other in a 

systematic and hierarchical manner.  

Toward this goal, in this work we show how using a less explored one-dimensional 

SOM in a different way than usual use of SOM one is able to transform the high 

dimensional data into a spectrum of one-dimensional ordered numbers (codes), called 

contextual numbers (Moosavi 2014). In the next section, we present the proposed 

methodology, followed by some experimental results including a synthetic data set 

and two practical cases using data from London and New York. Further, we show 

how it is possible to combine the results of different clustering steps to each other 

using their contextual numbers, which goes beyond the mere visualization use of 

SOM in spatial clustering. Finally, we discuss our contributions in a more conceptual 

level and draw the future directions and the final conclusions.  
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Self Organizing Map and The Problem of High dimensional Spatial Patterns 

In this section, we first present Self Organizing Maps (SOMs) and its traditional 

outputs in a formal way. Next, from the perspective of manifold learning and 

dimensionality reduction (Bengio, et. al. 2013) we present how using a less explored 

one-dimensional SOM, one is able to project high dimensional spatial data into 

geographical maps, while keeping the high dimensional spatial correlations.  

The SOM algorithm can be explained in terms of two simultaneous processes. We 

consider the training data set, 𝑋 = {𝑥! ,… , 𝑥!} as a set of 𝑁 points in a 𝑛-dimensional 

space, 𝑥! ∈ 𝑅!, 𝑖 = 1,… ,𝑁 .  

Assuming a low dimensional grid with 𝐾 nodes (or cells), we have a set of indices 

𝑦! , 𝑗 = 1,… ,𝐾 , each with an attached high dimensional weight vector, 𝑤! ∈ 𝑅!. 

During the training phase, for each data point 𝑥! an index, 𝑦! (That is called Best 

Matching Unit, BMU) will be assigned as follows  

𝐵𝑀𝑈(𝑥) = Argmax! 𝑝 𝑦! 𝑥   (1) 

and   

𝑝 𝑦! 𝑥 =   
!"# ! !!,!

!"# ! !!,!!
!!!

   (2) 

Where 𝑠 𝑤! , 𝑥  is the similarity function (or the neural activation), calculated as an 

inverse function of the distance between two high dimensional vectors of 𝑥 and the 

weight vector of index 𝑗, 𝑤!.  

Therefore, similar data points in the high dimensional space will be given similar 

indices. In other words, If ||𝑥!   –   𝑥!|| <    ||𝑥!   –   𝑥!||, then ||𝑦! − 𝑦!|| <    ||𝑦! − 𝑦!||, 

where ||  . || is the selected distance measure.  

Symmetrically, during the training phase, the weight vectors of the indices, 𝑤!𝑠, 

which start with an initial value will be adapted in a way to become similar to their 

assigned data points and further to be similar to other weight vectors in their 

neighborhoods in the grid. These requirements can be explained in terms of 

competition and adaptation mechanisms (Kohonen, 1995). The competition and 

adaptation steps will be repeated enough to minimize the average dis-similarity 

between training data and their corresponding weight vectors, known as quantization 
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error.  

The final output of a trained SOM can be visualized in different ways. One of the 

most common ways of representing the nonlinear patterns among different 

dimensions is through the low dimensional map of the trained SOM that is called a 

component plain (Vesanto, 1999). A component plane is similar to a geographical 

map with fixed coordinates. Since each node in the trained SOM has a fixed 

coordinate and a high dimensional weight vector, we can render different dimensions 

of the weight vectors in parallel in this new coordinate system. As a result, this map 

unfolds the interrelationships between high dimensional features. As an example, 

suppose we have a four-dimensional data set with the following interrelations 

between different dimensions. x1 and x4 are independent random variable with a 

uniform distribution from 0 to 1,  x2 = -2.x1, and x3 = (x1)4 + (x1)2. 

Figure 52 shows how a two dimensional SOM is able to visualize these relations 

between different dimensions. Here, colors are indicating the value of each variable. 

As we expected there is a negative and linear correlation between two first variables 

and a nonlinear relation between first dimension and the third dimensions. Further, as 

we expected the pattern of change in the values of dimension four is orthogonal to 

other dimensions, which indicate its independence to other dimensions. 

 

Figure 52- A typical component plane visualization of SOM for a synthetic four-dimensional data 

This is the generic use of SOM and the same methodology can be applied into spatial 

data points. However, as discussed in the previous section, although these visualized 

nonlinear patterns between several dimensions are made possible by SOM algorithm, 

in the domain of spatial analysis what is missing yet is a sense of space. In order to 

highlight this issue, we bring an example from a real spatial data set. The data set is 

taken from a collection of spatial data in the city of London. In this specific example, 

each data point shows the average percentage of 16 different age groups within each 

spatial region, which is called a ward. After training a classical SOM on this data set, 

Figure 53 shows the correlations between different age groups. As it is shown there 
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are three specific and logical patterns in these 16 dimensions. The first one is related 

to the age groups of less than 17 plus the age group of 45 to 59. This group can be 

those families with their kids living together. The second group consists of regions 

with highlighted age groups from 19 to 44 years. This group that has an opposite 

pattern with the previous group can be called individual workers with no kids. The 

last group consists of those older groups starting from age 60 and above. The 

important factor in these high dimensional graphs is that these three identified age 

groups are to a high extent non-overlapping. In terms of spatial analysis, this means 

that the corresponding regions to these three groups should be spatially segregated 

too.  

 

Figure 53- The inter-relationship between the percentages of population in different age groups in London 

However, depending only on this type of visualization might not be completely 

helpful for the spatial analysts. Figure 54 shows the spatial distribution of these 

aspects in London. 
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Figure 54- Spatial percentages of population in different age groups in London 

On the other side, visualizing all the spatial layers are not necessarily helpful as by 

increasing the dimensionality, finding spatial emergent patterns out of many maps is 

not always an easy task.  

The principal idea of this work is to find a way to take advantage of both spaces (i.e. 

lower dimensional map of SOM and geographical mapping at the same time) by 

reversing the usual way of rendering the SOM using a one-dimensional SOM. In the 

next section, we explain this approach with an example on a synthetic data set. 

SOM Indices and Quantification of Emergent Properties 

A trained SOM consists of a high dimensional weight vector and low dimensional 

index. Traditionally in the applications of SOM algorithm, the final index of the 

trained SOM will not be used directly as a numerical value, but through its assigned 

weight vector. For example, in the case of function approximation in combination of 

KNN method and SOM (Barreto & Araujo, 2004; Barreto & Souza, 2006), all the 

calculations and computations are performed based on the weight vectors of the SOM 

nodes, while the numerical values of the trained indices are of no numerical 

importance and they are just considered as unique IDs or pointers. The same 

argument holds for the application of SOM for data clustering. When for example, 

one runs a clustering algorithm such as K-means over the weight vectors of the 
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trained SOM instead of the original data (Vesanto & Alhoniemi, 2000) SOM indices 

are used as numerical values.   

However opposite to the current way of using SOM indices, if we design these indices 

in a way that they form a new one-dimensional space of indices, they can be used 

directly as some sort of numbers and numerical values. As we discuss in (Moosavi 

2014) from this point of view, SOM acts as an encoder, conceptually similar to low 

dimensional representation of the hidden layers in autoencoder algorithm (Hinton & 

Salakhutdinov, 2006).   

The key point toward this goal is to use a SOM with a one-dimensional grid, unlike 

the common choice of dimensionality in SOM grid that is two in a form of a planar 

grid or as a 3-dimensional toroid shape or spherical grid (Kohonen, 2013).  

Alternatively if we use a one-dimensional SOM, although we will not be able to 

visualize the component planes as usual (such as Figure 52), but the final index of a 

SOM with K nodes creates an ordered set in a way that numerically similar codes are 

more similar based on their high dimensional weight vectors. More formally we have: 

If 𝑦! − 𝑦! < 𝑦! − 𝑦!  then 𝑤! − 𝑤! < 𝑤! − 𝑤! , where, 1 ≤ 𝑦! ≤ 𝐾 is a 

scalar value. And this is proved to be true for the one dimensional SOM (Erwin et al. 

1992; Cheng 1997; Flanagan, 2001). 

As an example, Figure 55 shows a case with a synthetic three-dimensional data, 

where there are 3 distinct emergent clusters (Shown with blue dots). A one-

dimensional map with 100 nodes in a one-dimensional topology starts with random 

weight vectors (Figure 55 left) and finally folds itself in a way to mimic the weight 

vectors to the training data vectors (Figure 55 right). In the trained SOM, the sizes of 

red circles are proportional to the number of data points, assigned to each node. 

Therefore, different nodes have different sizes and as it is shown there are some nodes 

in between clusters that are not directly representing any of the training data, but their 

weight vectors are similar to the weight vector of their neighboring nodes. Once a one 

dimensional SOM was trained, for mapping high dimensional data including both 

training and new data points, high dimensional points will be projected to the trained 

SOM. Using the softmax function, the posterior probability of assigning a number to a 

data point will be calculated based on equation 1 and 2. 

Considering the index of these nodes from 0 to K, one can encode the high 
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dimensional data (in this case three dimensions) into these numerical values. Further, 

as it is shown in (Moosavi 2014) from the calculated posterior probabilities, it is 

possible to convert a high dimensional data vector to a continuous numerical field. 

Nevertheless, in this work we just consider the one-dimensional integer values.  

 

 

Figure 55- One-dimensional SOM for a three-dimensional data set: (left) initial weight vectors, (right) the final 
weight vectors 

A one dimensional SOM can be seen as a sequence of ordered numbers, pointing to a 

high dimensional space, but comparing to classical numbers, such as natural numbers, 

the main difference here is that these numbers are ordered based on their contextual 

similarities within the high dimensional state space and they can be interpreted along 

with their context. As a result, they can be called contextual numbers. 

The main interest to these contextual numbers is that they symbolize the original high 

dimensional data representations to scalar values and they can be used for further 

calculations as normal number (Moosavi 2014). 

Regarding to the problem of multi-variate mapping, with this transformation, the high 

dimensional spatial vectors will be converted to single numbers along with their 

geographic coordinates. Since we expect to have a smooth changing pattern from 

node to node, we can color the spatial maps with one to one relations to standard color 

spectrums. Assuming the presence of spatial correlations, this should create a smooth 

spatial pattern on top of the geo maps. From this point of view one can claim that this 

new single data layer visualizes the emergent and composite spatial properties (i.e. 

clusters) in a quantitative manner. Further, we can visualize the high dimensional 



 133 

weight vectors, corresponding to each contextual number via classical approaches 

such as a radar diagram.  Figure 56 shows a selected sample of the weight vectors 

trained for the synthetic 3-dimensional data set. As we could expect there are three 

main clusters and within each clusters we have a spectrum of different combinations 

with similar color codes. 

 

Figure 56- A radar diagram showing the weight vectors corresponding to the SOM in Figure 55 

In the next chapter, we will show the result of this approach on different spatial data 

sets. 

Experiments With Spatial Data 

In this section, we show the results of several experiments using real world spatial 

data sets. We use two different data sets; one is a collection of 235 demographic 

features in the so-called ward level spatial resolution in city of London. The data set is 

provided by future cities catapult as a result of the above-mentioned project, 

Whereabout. The second data set is the US census 2000 data including the 

distribution of different race groups in Census Block level, corresponding to 5 

boroughs of New York City. 

Contextual Maps of London 

In this data set there are 23 different categories, each of which consisting of several 

sub categories, totally 235 spatial features. Table 6 shows the list of the main 

categories. For further, details about this categories, please refer to the website of the 

project. 
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Table 6- Different categories of data used for the case of London  

No. Category No. Category 

1 Age 12 Passports Held 

2 Cars 13 Tenure 

3 Central Heating 14 Qualification 

4 Crime 15 Method of Travel to Work 

5 Distance travelled to work 16 Flickr Photo Count 

6 Dwelling Type 17 Mean of Medians Weighted by Sale Counts (2009) 

7 Establishment Type 18 Main Language 

8 General Health 19 Food agency 

9 Hours Worked 20 Cycle Hire Locations Count 

10 Household Composition 21 Pubs per square km 

11 Occupation 22 NS-SeC (different social classes) 

  23 Green space 

The selection of each category or combination of different sub-categories depends on 

the purpose of the study, but since in this work we are mainly interested to show the 

potential uses of the proposed methodology, we show one specific case, where there 

are certain and distinct spatial patterns. The ultimate goal of our proposed 

methodology is to provide a user-friendly web-based platform, by which any one with 

any certain interest is able to explore and discover the combination of any factors of 

interest. For example, one basic example for normal people would be to find the main 

moods of different neighborhoods of a city by identifying the main emergent life 

styles in that region. And since in principle, everyone has specific points of interest, 

this will shift the classical concept of mapping as a centralized and top-down decision 

toward a more open ended and personalized mapping, where with combination of 

different aspects, different spatial colorful maps (i.e. patterns) will emerge.  

We implemented the proposed methodology in Python programming environment and 

the source code is openly available in an online repository11. 

                                                
11 https://github.com/sevamoo/SOMPY 
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As the first example on London, we considered the combination of category, 

“Qualification” and “General Health”. Both variables are categorical and the values of 

each sub-category show the percentage of people in that specific region (i.e. the 

wards) who belong to that sub-category. Figure 57 shows the component planes of a 

two dimensional SOM. As it is shown, there are relatively high percentages of areas 

that have fair and good health conditions. But very bad and bad health conditions 

have opposite behaviors to very good health conditions. This means that there are 

regions that very bad and bad health conditions are dominant and some regions that 

majority are in a very health good conditions, but these two areas do not overlap.  The 

same non-overlapping patterns can be seen among those regions where no-

qualifications and level 1 qualifications dominate and those regions where level 4 and 

above dominates. Further, it can be mentioned that there is a direct nonlinear 

correlation between levels of qualifications and health conditions. For those regions 

with low and no qualifications there are relatively high percentages of very bad and 

bad health conditions and in the other extreme, those regions with high qualifications 

people are very healthy. These results can be justified logically, but as these regions 

are non-overlapping there must be a high level of spatial segregations regarding these 

two categories.   

 

Figure 57- The inter-relationship between two categories of Qualification” and “General Health in London 

In the next step we trained a one-dimensional SOM with just 10 nodes on this data 

set. After assigning the contextual numbers to each spatial point (i.e. values from 0 to 
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9) we project each spatial point to the geographic map of London using a simple color 

spectrum. As we could expect Figure 58 shows that there is a large and distinct area 

with high values in red color, while the distribution of other extreme with very low 

values are spread in smaller, but distinct patches along the eastern side of London. 

Further, there is a clear non-overlapping region in the center, where we have 

completely opposite patterns.    

 

Figure 58- Contextual map of London based on two categories of Qualification” and “General Health 

In order to interpret these numbers, Figure 59 shows a radar diagram. For each 

contextual number (i.e. node index) we have a high dimensional weight vector. 

Therefore, each axis shows the values of each dimension. For each node we have one 

color-coded map and as it was expected by changing the node numbers and colors, the 

high dimensional patterns are changing gradually. However, the clusters have 

expanded based on two orthogonal extremes. On one side, in cluster 9 we have those 

regions where people are more of high levels of qualifications and have a very good 

health condition and on the other extreme in cluster 0, we have clusters of regions 

with lower levels of qualification and relatively lower poorer health conditions.   
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Figure 59- Radar diagram for the contextual map of London, shown in Figure 58 

An important property of this approach is that since those nodes with closer values are 

referring to similar contexts, the number of nodes selected as one of the parameters of 

the one-dimensional SOM acts like a resolution in the color spectrum, used for the 

geo-map and by adding more nodes we will have more individual distinctions, while 

the general patterns will remain stable. Figure 60 shows the effect of the number of 

nodes on the above case. As it is shown almost after 100 nodes, the final 

categorization becomes very stable.   

 

Figure 60- The effect of node size in one-dimensional SOM to the identified patterns 

Although in this example, the selection of these categories out of all the possible 

combinations were arbitrary, it shows that in the case of spatial analysis, in addition to 
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those classical information gains by usual 2-dimensional SOMs, a one-dimensional 

SOM keeps the sense of space, while identifying the main high dimensional spatial 

clusters. We tested this approach into many other combinations and in all of them; we 

can get similar results depending on the aspect. Therefore, since here we are not 

focused on the case of London we do not bring more cases from this data set. 

Contextual Maps of New York 

As another experiment, we applied this method to the distribution of different races in 

New York City. The data is from USA Census 2000 and the resolution of data is at 

the census block level. In this case, after data pre-processing, we had around 30,000 

spatial points with 5 dimensions, each representing the percentage of people in any of 

the following groups as White, Black/African American, Asian, Hispanic Origins and 

Others. We trained a 1-dimensional SOM with 1200 nodes on this data set. Figure 61 

shows that there are regions with completely unique races and there are mixed regions 

in transitions from one cluster to another one.  

 

Figure 61- Contextual map of race groups in New York City 
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Further, Figure 62 depicts the distribution of each race within each contextual color. 

 

Figure 62- Radar diagram for the contextual map of New York City 

Discussions and Future Steps 

In this work we developed a methodology of mapping high dimensional spatial data 

into a single geographical map, by which we can visualize the high-dimensional 

spatial patterns in a way that similar conditions will be given similar values and 

consequently similar color codes. From the map-coloring point of view, this 

methodology can be considered as a practical method for multi-variate mapping, 

while many geo-mapping methods are limited to single or bi-variate color codes.  

Further, as we discussed from the clustering point of view, in the proposed 

methodology there is no need to determine a fixed number of clusters in advance. 

Opposite to the classical clustering methods that results to distinct number of clusters, 

a one-dimensional SOM creates a smooth spectrum of values that instead of assigning 

a fixed label to individuals, here in principle, individual data points will be sorted 

based on their context (i.e. their high dimensional features). For example, if in a 

classical clustering algorithm we divide data points to 4 groups, in fact we reduce the 

amount information as all the individual exceptions will be removed, but based on the 

proposed method, if we train a very large SOM that the number of nodes are equal or 

even higher than the number of data points, the situation is an inversion of the 

classical clustering case, where we would expect that each individual to be the 
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prototype of more than one node, while the assigned contextual numbers are sorted 

based their high dimensional context. 

In addition, to the problem of multi-variate color-coding, which is proposed here, the 

assigned contextual numbers can be considered as a usual number. Therefore, as it is 

shown in (Moosavi 2014), they can be used in combination with other contextual 

numbers or other features. As an example, assume that we have a set of time 

dependent spatial measurements, such as the collection of hourly surface temperatures 

of a region for several years. This data set has a hierarchical structure. While we 

expect to have daily patterns, there might be monthly and seasonal patterns, which 

repeat within a year. Therefore, in order to encapsulate these dynamics one idea 

would be to first convert the hourly patterns (24 dimensions) per day to single 

contextual numbers. Then, each month will be a series of contextual numbers 

representing each day of the month and similarly a year will be a series of monthly 

contextual numbers. In this way, in each level of analysis, for example the yearly 

pattern, one can compare different years through these encoded contextual numbers. 

This approach that is different than classical statistical averaging method give this 

option to the analysts to map spatio-temporal patterns in different scales. As an 

specific example in the domain of atmospheric science or similarly in the context of 

high frequency financial markets, this approach leads to a symbolic modeling of 

fluctuations using these hierarchical contextual numbers that can identify the changes 

of the repeating regimes in different scales. 

In addition to these technical advantages of the proposed methodology, we think that 

if one is able to provide these kind of spatial analyses as a user friendly application, 

which serves a diverse group of stakeholders from different domain experts to 

individual citizens in a city, we will have new levels of participatory planning, which 

are fundamentally different than the classical top down planning paradigms such as 

urban zoning. The problem of zoning can be considered as a spatial clustering 

problem, where normally due to administrative requirements such as elections, public 

transportation policy analysis or similar requirements, the whole region of a city will 

be divided to a set of homogenous regions. Normally the criteria for this spatial 

clustering such as the one recently done for London, known as LSOA are 

combination of classical demographic factors. Nevertheless the output of this 

clustering problem, which is only based on few categorical aspects, will have a 
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political power. But now if along with the ever growing geo-tagged digital data, one 

is able to offer the proposed multi-variate mapping system as a generic service to 

citizens, there we might foresee a transition from the map to the mapping process, 

where every one with his/her opinion and purpose would combine a certain aspects of 

the city data to have a certain impression of the space. One of our main future 

directions is to develop a scalable interactive platform to offer such special services to 

different group of stakeholders. 

Conclusions 

With the ever growing availability of digital data in many spatial domains more than 

before we need to develop appropriate methods for exploring high dimensional and 

complex spatial patterns. In this work, we discussed that one of the main issues of 

spatial pattern recognition and spatial clustering, comparing to other usual data 

clustering problems is that in spatial clustering in addition to finding high dimensional 

patterns, one needs to keep the spatial coordinates in parallel to other features and 

finally it is always desired to project the high-dimensional patterns into the 

geographic maps. From the perspective of manifold learning and representation 

learning, the problem of high dimensional data clustering can be seen as a data 

transformation from high dimensional space to a set of indices. In this work we 

showed that how a less explored one dimensional Self Organizing Map (SOM) can be 

applied to transform the high dimensional data points to a set of one dimensional 

ordered numbers, called contextual numbers. The main property of these contextual 

numbers is that similar numbers refer to similar high dimensional contexts. As a 

result, the high dimensional spatial data points that are normally considered as several 

spatial layers in parallel, can be visualized based on their corresponding contextual 

numbers in a single layer geographical map.  

We showed the applications of the proposed method based on a synthetic and two real 

world data sets. In addition to multi-variate mapping, since a one dimensional SOM 

transforms a high dimensional space to a continuous one-dimensional vector, we 

discussed how one can employ this method to analyze hierarchical spatio-temporal 

patterns.  

In a conceptual level and in relation to cities, we discussed that this approach 

unfreezes the notion of a map from a fixed object, which is the output of a top down 
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decision making process to a democratic or individualized mapping process that the 

final map (i.e. the impression of the space) depends on the selected aspects of interest. 

This can open up a new level of participatory planning, which is fundamentally 

different than the classical top down planning paradigms such as urban zoning. 

 



 143 

Chapter 8 

Discussion and Conclusions  

There is no doubt that during last 60 years computational technologies have been 

expanding with an ever-growing speed into many applications of urban design. As a 

result, although the field of computational urban modeling is relatively a young 

discipline, considering the diversity of many computational modeling approaches, 

urban design has been placed in a passive position regarding the use of computational 

methods where, the selection of an appropriate method for specific problem can be 

confusing or most of the time arbitrary.  

As we discussed throughout this thesis, computational technologies themselves are 

changing quickly and they offer new sets of functionalities and opportunities for 

urban design. Therefore, having a passive approach and just being a user of these 

shining technologies is hindering urban designers from being active participants in the 

complex and multi faceted process of city design and city management.  

Therefore, in this study in an abstract level and in an orthogonal view to domain-

specific or technique-oriented research, we investigated the underlying and 

fundamental ideas of a vast group of computational modeling approaches that have 

been developed during the last decades. Based on this abstract investigation and 

considering the new opportunities from computational and mathematical science, we 

formalized a new concept of computational modeling that we call pre-specific 

modeling. We showed how using the concept of concrete universals from category 

theory it is possible to open up new levels of computational modeling and how this set 

up fits well with the richness of unstructured urban data streams.  

However, this set up implies conceptual shifts in the notions of modernist science, 

where the role of scientists is to extract and base universal laws in the form of 

normative theories that dictates what should be done and what should not be done. In 

pre-specific modeling the role of designer will tend more toward mediation rather 

than directly deciding about the decision variables. As we showed in this thesis, using 

computational set ups such as Markov Chains and Self Organizing Maps we are able 

to encapsulate the complexity of the real environment in a co-existence with data 
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streams, rather than trying to explicitly discover the universal patterns, which are 

unsuccessful in most of the complex real world cases.  

As one exemplary consequence of this shift in the role of designers, in the case of 

contextual mapping we showed that how by offering these generic-purpose methods 

to public and citizens, we can abstract from the notion of map (as the outcome of a 

centralized decision making system and as a political instrument) to a democratic or 

individualized process of mapping, where everyone depending on any arbitrary 

purpose will be able to create his/her own map of the space.  

Therefore, in pre-specific modeling the role of designer would be to create 

computational set-ups, where instead of providing a final solution to the client (i.e. a 

solid object), the designers offer capacities of producing any objects.  

Toward this goal, as designers need new sets of skills in computation, there must be 

some necessary shifts and changes that will eliminate the conceptual and functional 

gaps between urban or architectural design and computational science. We think in 

future, an architect and an urban designer is necessarily a master of computer science 

and a computer scientist is a designer.  
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Appendix 

SOMPY: A Self Organizing Map Package Written in Python 

Language 

During the period of this thesis, since I was working a lot with Self Organizing Maps 

I decided to develop a software package, even though there were many other great 

packages written in Java and Matlab. However, since I found Python language very 

comfortable for experimental set up and since there was no other robust and stable 

implementation of SOM algorithm gradually I developed a library called SOMPY and 

currently is freely available at https://github.com/sevamoo/SOMPY. 

As much as possible, the structure of SOM is similar to somtoolbox in Matlab. 

However, in addition to somtoolbox it written that the main training procedures are 

parallelized.  

It has the following functionalities: 

1- Parallel Processing of Batch training, which is faster than online training. It 

has parallel processing option taken from scikit-learn12 library. This parallel 

processing significantly speeds up the training procedure, but due to current 

data structure and just due to memory usage, the size of the SOM grid can be 

the bottleneck.  

2- Instead of random initialization it is possible to initialize the weight vectors 

based on PCA or Randomized PCA (default). Nevertheless with random 

initialization not the algorithm converges to the similar quality, but the only 

advantage of PCA based initialization is that the final order of weight vectors 

looks similar.  

3- One-dimensional and two-dimensional structure  

4- Only rectangular, planar grid as it works well in comparison with hexagonal 

shape, comparing to Matlab, somtoolbox and its hexagonal neighborhood 

5- Different methods for function approximation and predictions (mostly using 

Scikit-learn):  

                                                

12	  http://scikit-‐learn.org/stable/	  
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a. KNN based prediction 

b. Probabilistic prediction 

c. Different Clustering methods 

For detailed description of the algorithm and set of examples that show how to use the 

library please refer to the website of the library at 

https://github.com/sevamoo/SOMPY. 

In what follows we show a few pictures of different functionalities. 

 

Figure 63- Validating the performance of the SOM by training it based on a set of RGB vectors 

 

Figure 64- Initializing the map based on PCA 
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Figure 65- The final trained SOM 

 

Figure 66- A two dimensional data with four clusters 
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Figure 67- Final visualization of weight vectors for the data set shown in Figure 66 

 

Figure 68- Final hit-map based on the data set shown in Figure 66 

 

Figure 69- Kmeans Clustering based on the data set shown in Figure 66 
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Figure 70- Projecting new data on the trained SOM based on the data set shown in Figure 66 

 

Figure 71- A two dimensional data with circular structure 
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Figure 72- Final hit-map based on the data set shown in Figure 71 

 

Figure 73- A one dimensional SOM trained based on the data sets shown in Figure 66 
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Figure 74- A one dimensional SOM trained based on the data sets shown in Figure 71 

 


