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SUMMARY

An urban system has a starting point when it has been founded, and from where it has
spread into its current form. Previous research has suggested that no matter how an urban system
has evolved, from a larger perspective it has inherent order and organization. As a result, cities
are considered as complex systems consisting of many inter-related components and features.
And similar to complex living organisms, they exhibit orderly characteristics that are lying
beneath their physical forms.

In order to better understand the complex nature of an urban system, studies have been
focused on the characterization of its components. A transportation network provides a window
into the complex world of its encompassing urban system, because they have followed the same

path during their evolution.

This work focuses on a better understanding of the complex geometric characteristics of
urban road networks. It tries to develop novel methodologies to study and characterize them,

which can in turn lead to a better understanding of their corresponding urban systems.

Along that line, this study develops new methodologies to characterize the complex
geometry of urban road networks and develops new indicators representing their unique multi-
dimensional characteristics. The study also succeeds in uncovering the coupled geometric

complexity of road networks and offers a novel approach towards their characterization.

xii



1. INTRODUCTION

“The whole is greater than the sum of its parts.”

- Aristotle (384-322 BC)

1.1. The need to understand cities

In her famous book, “The Death and Life of Great American Cities”, Jacobs (1961) raises
the need for a better understanding of cities, best described as “evolving networks of
relationships” (Batty, 2013a) that connect people together. She argues that it is not sufficient
anymore to only study where things are located within a city. Instead, we need to focus on
understanding how the inter-related and connected network of things within a city work together
to evolve into something far more complex, hidden under the face of the urban environment that
we see.

In the past, cities were conceptualized as systems that were in equilibrium, managed in a
top-down fashion, and mostly unaffected by their wider surrounding environment. They could

not experience any significant changes unless external stimuli disturbed this equilibrium. In



short, this view considered cities as “machines” that were manufactured and controlled by central
brains, while their individual parts and members had no or little decision-making role in how
they functioned. But empirical evidence suggests that the opposite is true. Cities are not only
dynamic and thus in ever-changing and evolving state, the inter-city as well as intra-city
interactions are becoming more and more profound, which in turn add to the bottom-up direction
of their functionality.

Although cities can decline and even disappear, the current trend forecasts massive
urbanization in the coming century with not only an increase in the number of cities but also in
the size of cities, reaching new heights in population levels. The 20th century has seen the rise of
mega metropolitan areas around the world. This phenomenon becomes more important as cities
will continue to grow even faster in the future, both horizontally and vertically. As a result, now
for the first time in the history of mankind more than half of the world’s population live in urban
areas (United Nations, 2014). Figure 1 exhibits the growth rate of urban population, compared

with rural population.
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Figure 1 Comparison of the growth of world’s urban and rural population.
adapted from (United Nations, 2014).



The growing trend in the expansion of urban areas and their populations has resulted in a
rapid increase in research interest focused on understanding cities, how they function, and how
seemingly-invisible driving forces shape their evolution. Thanks to this research, we now
understand that the evolution of cities is the result of the collection of the interactions between
their constituents, their responses to the changes in their environments, and the decisions made
by their inhabitants. The fact that cities function as collectives that determine the evolutionary
paths they follow has strengthened the idea of considering cities as “living” organisms and
“complex” entities.

This, of course, does not mean that the process is unidirectional. Naturally the feedback
effect and the action-reaction cycle persist. Nonetheless, it is important to know what the main
players that affect their course of evolution are. For that reason, the angle from which cities are
looked at and the approaches used to study and understand them has been improve to include the
science of complexity. Figure 2 exhibits the research trend on the topic of “urban complexity”,
showing that it has been gaining significant momentum since 1990s, and has been exponentially

increasing ever since.
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Figure 2 Research trend on “urban complexity” (Scopus, 2014).



1.2.  Defining Complexity

Before going any further, it is desirable to define what “complexity” means. Different
systems exhibit various properties at different levels with varying degrees of strength. From the
complexity point of view, regardless, they can be categorized into the following three classes

(Nicolis, 2012; Ollhoff, 2002; Wolfram, 2002):

1.2.1. Simple Systems

A simple system consists of a small number of components that work together according
to well-understood principles. A good example is perhaps a pendulum (Figure 3), which is made
of only a few parts. The behavior of such a system and its response to external forces can easily

be described in terms of well-known Physics laws.

Figure 3 Example of a simple system: a pendulum.



1.2.2. Complicated Systems

In contrast, a complicated system is made of a large number of components, but still with
well-defined roles and governed by well-understood rules. An example is an airplane that could
have in the order of millions parts, which have to work together in order for it to fly and
maneuver. This means that if a critical part is out of order, it can prevent the entire system from
providing the expected service. For that reason, redundancy is normally built into the design of
complicated systems to avoid system failure. Despite their complicated structure, however, they

still follow the expected and known rules.

Figure 4 Example of a complicated system: an airplane.

1.2.3. Complex systems

Complex systems typically, though not necessarily, have a large number of components
as well. The difference, however, is that they are “adaptive” and “self-organizing”. This means
that their internal structures, as well as external appearances, are in constant change and
transformation due to the fact that they are reactive to external stimuli and also the internal

interactions between their components.



A good example of a complex system is a flock of birds (Figure 5) that is indeed a
complex system, even though it consists of fewer and very similar components in contrast to an
airplane. Not only the flock responds to changes in its environment, i.e., adaptive property (e.g.,
by changing direction), it self-organizes without the need for a leader to tell the rest of the flock
what to do. This is revealed by observing the dynamic and ever-changing patterns generated by
the birds as they adjust their flying formations during their flight. And it is this and other similar
features of a complex system that also gives it robustness and resilience, since no single
component is critical enough to cause a total system breakdown should it fail. In a flock of birds,
it is the adaptability to the changing environment that matters and not its number of participating

birds.

Figure 5 Example of a complex system: a flock of birds (robwolstenholme.co.uk, 2014)

1.2.4. Definition of Complex Systems

There is no single definition of “complex systems” that is commonly agreed upon. The following

definition, however, might serve the purpose:



“A complex system is a system with a large number of elements, building blocks

or agents, capable of interacting with each other and with their environment. The

interaction between elements may occur only with immediate neighbors or with

distant ones; the agents can be all identical or different; they may move in space

or occupy fixed positions, and can be in one of two states or of multiple states.

The common characteristic of all complex systems is that they display

organization without any external organizing principle being applied. The whole

is much more than the sum of its parts.” (Dougherty, 2013)

The evolution of a system toward complexity consists of two basic phenomena:
“juxtaposition and integration” (Chapouthier, 2009). Moreover, the pattern of interactions
between components of a complex system creates a new level of order, which results in
systematic feedbacks between cause and effect, in space or time.

The following diagram visualizes the characteristics of a typical complex system:

Characteristics of Complex Systems
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Figure 6 Characteristics of Complex Systems (www.necsi.edu)



1.3. Complex Urban Systems

Urban systems can be defined as human settlement agglomerations with high population
densities, which are characterized by the existence of a variety of components and infrastructure,
such as: transportation networks, housing, utilities, ecological conditions, economic relations,
social connections, cultural environments, and so on, all of which work together for the whole
system to exist and evolve (Batty, 2005). Urban areas are the largest creation of mankind, helped
with the opportunities and resources provided by nature.

Most urban areas have not had a coherent and well-designed plan from the beginning.
Together with the impacts of nature and man, they have resulted in cities to be seen as a
“loosely-organized” amalgamation of many components. However, urban systems are believed
to possess an underlying order that links those components. To verify that hypothesis, the
characteristics of such an order need to be captured and expressed in a more quantifiable form.
Unfortunately, however, “there is no single paradigm that has come to dominate our
understanding of cities” (Batty, 2013a). But that is the nature of complexity not to be confined by
one perspective or to one definition or description.

Based on the definition and description provided, an urban system is a very good
example of a complex system; it is made of a large number of components (including people), it
is adaptable, i.e. reacts to and evolves in response to changing environment, it does not have a
fixed and central decision maker that controls all its components, i.e. the course of its evolution

is determined by the collective result of all the decisions made by its constituting elements. That



is why “to understand cities, we must simplify, we must abstract. We must dig below the surface
of what we see and reveal the foundations of how cities function” (Batty, 2013a).

One approach taken towards such understanding of urban environments has been to find
parallels between their characteristics and other natural-occurring phenomena. For example,
cities and their geomorphologies have been compared to human systems and physical systems,
respectively (Haggett and Chorley, 1969). Figure 7 shows the continental United States and its
interstate highway system. Compare the country to a body, and the first thing that comes to one’s

mind as an analogy for its highway system is the body’s circulatory system.

Figure 7 U.S. Interstate highway system.

Moreover, in another recent study on slime mold, Tero et al. (2010) demonstrated that by
creating conditions similar to the ones on the ground in and around Tokyo, the slime mold grows

and forms a network with similar patterns to that of the real Tokyo rail system.



There are many other examples where one can find similarities between a physical
system and a biological one. These analogies enable us to utilize the methods used for, and the
knowledge about, the biological systems towards a better understanding of cities (Samaniego and
Moses, 2008a). The better we know how the urban system components work, the better we can
use this knowledge to make cities more efficient, sustainable, and livable. Recent advances in
“Complex Systems” concepts and methods have opened the door to the challenging and
intriguing field of understanding cities as a joint complex creation of man and nature.

Having said that, one should note that a complete understanding of the complex nature of
urban systems requires many fields of science, including, but not limited to: civil engineering,
transportation theory, network science, system engineering, urban geography, regional science,
social physics, urban economics, etc. (Batty, 2013a).

While a number of researchers have studies cities as non-spatial networks and processes,
the science of evolution of cities is mostly focused on physical form of the urban systems. To
better understand how cities function, we need to think of them as the space within which people
connect and interact. Such interactions happen through physical as well as virtual networks, by
which exchange of goods, money, service, and information occur between people. Based on this
picture, characterizing those networks will be the first step towards understanding the complex
nature of cities and urban systems.

At the core of this dissertation, the rationale for attempting to characterize transportation
networks as the window to the complex nature of urban systems is simply that in order to

“understand place, we must understand flows, and to understand flows we must understand
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networks” (Batty, 2013a). Having said that, it is fair to say that the transportation system within
an urban environment is considered as the main network that facilitates the interactions that
occur continuously, something which is the driving forces behind the gradual evolution of its
encompassing urban system.

The importance of the transportation network in a city comes from the fact that it facilitates
not only the movements of people and goods, but also the social and economic livelihood and
functionality of that urban system. Transportation networks are practically spatial networks that
are usually, but not always, planar, within which the road network is understandably the largest
and perhaps the most important element. When looking at the map of an urban road network, the
first thing that catches one’s eyes is its geometry that is shaped by the locations of it intersections
and the road segments that connect them.

A comparison of road systems in different cities with one another points to the fact that
they have similar characteristics, many of which have been explored through prior studies.
Among them, researchers have always been looking for properties that are universal and that can
summarize and represent networks of different shapes with simple and general indicators, such
as the “scaling” property that is said to be the signature of natural evolution. This is in fact a very
important and fundamental property, because it supports the idea that cities are indeed like
organism, and thus their evolution follows a trend that we also observe in nature.

“Scaling” property represents the self-similarity and replication of similar forms at
different scales within an entity such as a transportation network. Indeed, the resemblance of

road networks in an urban system to circulatory system in the human body is an indicator of the
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existence of this property, which can be studied in order to extract the universal characteristics of
these systems. For that reason, geometric analysis of road networks is the main focus of this
study, in which not only are the current available methods studied in depth, but new approaches
are also developed and applied.

This work focuses on a small corner of this area of science and that is the geometry of
urban road systems. What makes this goal realistic is the intrinsic similar properties we see in the
road networks all around the world, and the fact that even though they do not look exactly the
same, they still show similar patterns and order in terms of shape and size, and potentially other
hidden characteristics that we are yet to discover. Along this line of thought, the main aspiration
behind this study is “to develop novel methodologies to study and characterize the complex
geometry of urban road networks, which can in turn lead to a better understanding of their
encompassing urban systems.”

More specifically, this study attempts to achieve the following detailed objectives:

e Review the history of the methods used for geometric analysis of urban road

systems from a complexity point of view,

e Investigate the validity of the box-counting method, as the traditionally

dominant method of choice, for capturing the complex nature of road networks,

e Explore the information that can be extracted from the outputs of the

application of box-counting method, and define new metrics,

e Propose different methods to analyze the geometrical properties of urban road

networks,
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e Develop new methodologies to characterize the complex geometry of road

systems,

e Explore other relevant areas of study toward a better understanding and

classification of urban environments.

Achieving the above objectives requires collection and processing of large amounts of
spatial data for a large number of urban road networks with various geographical, topological,
morphological, ecological, and demographic conditions. This makes performing repetitive steps
a necessity in order for detailed analysis of those urban systems, and hence requires the use of
proper and powerful tools. Geographic Information Systems (GIS) provide the tools that can be
used with efficiency, accuracy, and speed for the analysis, comparison, replication, verification,
and visualization of spatial data. Moreover, they facilitate the automation of the whole process,
thus avoiding manual repetition of identical steps for different urban systems. This provides the
opportunity for more detailed and in-depth analyses of the collected spatial data toward testing
the relevant hypotheses, both old and new, about the complex nature of urban road networks.
This study will utilize the powerful technology of GIS throughout the analyses performed in
order to ensure the reliability and accuracy of the results.

This dissertation is organized in the following order. Chapter 2 presents an extensive
review of the existing literature that attempts to characterize urban road networks, and
specifically their complex nature. In chapter 3, a critical review of the box-counting method,
which has traditionally been the method of choice for the analyses of road network patterns, is

presented, concluding with the invalidation of that method for physical networks. Chapter 4
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includes a novel methodology for using the outputs of the application of the box-counting
method to urban road networks. That leads to the definition of three area, line, and point
thresholds as representative characteristics of the complexity of urban road networks. Chapter 5
focuses on the development and application of a proposed ring-buffer method, through which the
intrinsic mixed complexity of urban road networks is unraveled. The discussion then leads to a
new set of characteristic models for urban road networks, along with the definition of two more
parameters; density and rate of decay indices. Chapter 6 presents an expansion of the idea
developed in Chapter 5 to other components of urban systems, followed by another related work
within the realm of transportation planning that defines a new pedestrian environment index by
using characteristics of various urban system components. A brief conclusion follows in Chapter
7, which summarizes the contributions of this research, as well as ideas and a layout for relevant
future work. Following the References, Appendix A presents a collection of related information
about the 50 U.S. cities that were studied during the course of this research, while Appendix D

provides a tabular summary of the results and indices for the same cities.
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2. LITERATURE REVIEW

2.1. Theorigin

There is no clear date as to when methodological analysis of road networks started. One
of the earliest works that used a scientific approach to approach a route-based problem is that of
the Swiss mathematician Leonhard Euler (Euler, 1741). The challenge brought to him was
related to the city of Konigsberg in then Prussia, now city of Kaliningrad in Russia. The city was
split by the Pregel River into four areas with seven bridges connecting them, as shown in Figure

8 (Preussen Chronik, 2013).

KONINGSBERGA

Figure 8 The Seven Bridges of Konigsberg.
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The question put forward to him was if it were possible to visit every part of the city but
in a way that each bridge was crossed once and only once. Euler showed that the problem had no
solution. In doing so, however, he faced the difficult task of devising a sound technique to
approach the problem in a scientific way, and that is when he came up with a graph
representation of the problem and used it to answer the question. Figure 9 presents an idealized

representation of the routes network in that problem (Konigsberg, 2013).

Figure 9 Graph representation of the Konigsberg Bridges problem.

The approach used by Euler started Graph Theory as a new branch of science, and that
opened the way for a tremendous amount of research in the centuries that followed. The
methodologies used, understandably, improved over time to include modern graph theory, which

evolved into network science that is a main method used in the science of complexity.
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2.2.  Definition of a network

There are a variety of definitions for networks that vary based on the field they are used
in. For the purpose of this research, the following concise definition is preferred:

“A network is a collection of nodes (or vertices) joined by links (or edges).” (Derrible, 2010)

2.3. Network indicators

After its emergence, graph theory gradually found applications in the analysis of
transportation systems. One of the early pioneers in this area was Garrison (1960), who
introduced some descriptive approaches based on graph theory, while pointing to the fact that the
application of graph theory provides the opportunity to study the whole system as one entity, or
alternatively focus on individual parts while being still considered as the members of the system.
Berge (1962) defined the first index for expressing the number of loops in a network, which in a
way represents “robustness” of a network, because loops practically provide alternative routes.
As a result, this index has been widely used ever since in conjunction with other indices
developed later. Avondo Bodino (1962) used some indicators that were developed based on
graph theory and applied them to road networks. It was, however, Garrison and Marble (1962)
who revolutionized this field by defining three new network indicators and using them to
describe the structural characteristics of transportation systems. The indices they defined

represented the cyclicity, redundancy, and connectivity of the network.
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Around the same time, Kansky (1963) did a study on transportation systems, in which he
attempted to correlate the structural properties of road networks within an urban area to the
regional characteristics of that area, especially its economic characteristics. In doing so, he
defined four indices, each capturing a relevant aspect of transportation networks. They
represented the average edge length, spread, average flow per node, and distribution of the

network.

2.4. Network Science

The review of the literature will now focus on the evolved form of graph theory, i.e.

network science, for which the following definition is selected.

2.4.1. Definition of Network Science

There are various definitions for Network Science, among which the following official
definition presents a proper description:

"The study of network representations of physical, biological, and social

phenomena leading to predictive models of these phenomena.” (NCHRP,

National Research Council, 2010)

Roads and highways, power transmission lines, water and wastewater networks, and
other similar physical infrastructure possess network appearance. It is easily understood,

therefore, that network science is a proper method to study their network aspects. One should
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know, however, that network science can also be utilized to analyze many other non-classic
networks that exist hidden within complex systems, and/or with no physical form, such as
financial networks, epidemics, the World Wide Web, or social networks to name a few. The
usefulness of network science is that it makes it easier to “identify general patterns present in a
system without getting into the details of the system specificities” (Derrible, 2010).

Network science first emerged by an original works on random graphs by Erdés and
Rényi (1959, 1961). But it did not as much attention until the publication of the work by Watts
and Strogatz (1998), in which they introduced the idea of small-world networks. The year after
saw another major article, by Barabasi and Albert (1999), presenting new ideas about scale-free
networks. Those two papers revolutionized network science and gave it a momentum that has

lasted to date. To better understand their works, the following definitions are presented.

2.4.2. Small-World Networks

A small-world network is one in which most nodes are connected to both their immediate
as well as distant neighbors, in a way that most nodes can be reached from every other by a small
number of steps. Social networks are good examples of small-world networks, because two
seemingly complete strangers can get acquainted through a small number of intermediary

friends. Figure 10 shows network variations (Watts, 2003, Watts and Strogatz, 1998).
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Regular Small-world

Figure 10 Comparison of different network types

In a small-world network, the number of steps between two randomly-chosen nodes, also
called their distance, is proportional to the logarithm of the number of nodes in the network
(Watts and Strogatz, 1998), i.e.:

L ~log(N) Eq. 2.1

in which:

L = the distance between the two nodes

N = the number of nodes in the network

2.4.3. Scale-Free Networks

Scale-free networks are the ones whose number of nodal connections follows a power
law (Barabasi and Albert, 1999). In other words, the probability that a node in the network has a
given number of connections to the other nodes is:

p(k) ~ k™ Eq. 2.2

in which:
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p(k) = probability of the node having k connections, which is in the form of a
power law,
y = scaling factor
As a result, in a scale-free network, there are few nodes that have many links, while at the
same time there are many nodes that only have a few links (Barabasi and Albert 1999), which is
a signature property of power law. A good example of a scale-free network is the World Wide

Web.

2.4.4. Applications of network science

The groundbreaking ideas discussed in the previous parts resulted in an explosion of the
applications of network science in many different areas; from physics to virtual networks to
sociology to financial markets to social networks to epidemiology to ecology, and more, the
majority of which are out of the scope of this research, especially for the fact that the work
presented here does not explicitly use a network science approach.

An example of the application of network science to transportation systems is the work
done by Derrible and Kennedy (2011), in which he employed the fundamentals of networks
science towards characterization of urban subway systems. During the process, he not only used
the indicators developed before, but also defined new relevant indicators of his own for subway
systems. Combined together, he was able to extract information from his findings that could be

used for proper classification and thus better design of metro systems.
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2.5.  Science of complexity

Science of complexity is much broader, and in some aspects older (Alexander, 1964;
Simon, 1965), than network science that now is consider as a subset of it. Complexity science
offers a variety of methods for analyzing and characterizing complex systems, some of which

cannot be studies by network science.

2.5.1. Definition of science of complexity

Despite its recent popularity, there is still no single definition that everybody agrees
upon. Among the descriptions offered, the following offers an adequate definition:

“Complexity is a system in which large networks of components with no central

control and simple rules of operation give rise to complex collective behavior,

sophisticated information processing, and adaptation via learning or evolution”

(Mitchell, 2009).

At the same time, one should also note that complexity science is not “general

systems theory, or a postmodern science, or a set of metaphors or analogies based

on resemblance thinking” (Phelan, 2001).

Therefore, the main characteristics of a complex system that differentiate it from other
systems are: being ‘“adaptive” and exhibiting nontrivial “emergent” and “self-organizing”

behavior. In a complex system, not only the components perform their individual tasks, but also
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together they work as a collective that functions as a whole. That is when the famous phrase of
Aristotle, “The whole is greater than the sum of its parts”, finds its place.

A proper example of a complex system is an urban system, which is composed of many
components, working together to change and evolve their encompassing system endlessly.
Interestingly enough, many of those components are complex systems in their own realm and
deserve their own proper analysis. Transportation network within an urban system is a good
example, as it possesses its own complex nature that needs to be investigated and understood,

something which is the main focus of this research.

2.5.2. Branches of science of complexity

In addition to network science, there are many other areas of knowledge that fall under
complexity science’s umbrella. Examples are chaos theory, fractals, self-organization, cellular
automata, nonlinear dynamics, percolation models, feedback control, machine learning,
information theory, statistical mechanics, game theory, evolutionary design, population genetics,
artificial life, simulation modelling, autonomous computing, and so on so forth.

The research presented in this work was originally inspired by the signs of the presence
of fractal properties in transportation systems. The objective was to incorporate that idea into a
better understanding of urban road networks, which lead to studying their complex geometrical
characteristics. For that reason, the rest of this literature review will mostly cover the studies on
fractal and geometric properties of transportation networks, although it will occasionally include

relevant works that have used other approaches.
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2.6. Recent Applications in Transportation Systems

Michael Batty, one of the pioneers of promoting complexity as the new science of cities,
proposes an example that explains how the transportation network in a city could grow to be
similar to fractals. Assume that there are 16 locations within a city, positioned around a circle, as
shown in Figure 11a (Batty, 2008a). The goal is to transport goods from a central location (the
center of the circle) to the other 16 locations in the most efficient way, i.e. while minimizing the

transport costs.

A
v

Figure 11 Comparison of different transportation network structures
a) direct links, versus b) the more-efficient fractal pattern.

Even though the network shown in Figure 11a is a simple and feasible solution, it is not
an efficient one. In comparison, it can be shown that the network presented in Figure 11b (Batty,
2008a), which shows fractal properties, demonstrated by its recursive branching pattern, requires
between ¥4 to % less road length, depending on the way it is created. The difference is due to the

characteristic of fractal entities, which by nature try to create efficient forms that produce the
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most by using the least while adapting to the constraints imposed on them yet still achieving their
objectives.

It is understood that during the evolution of an urban system, the interference by man and
nature at different points in time results in an irregularly and randomly structured transportation
network, but the argument still stands. Moreover, one should note that transportation networks
exhibit a more complex recursive pattern than what is shown in Figure 11, because they include
loops or branch-joining due to the fact that it makes them robust and more resilient towards
disruptions.

Having said that, Figure 12 demonstrates a representation of the street network in
London, U.K. (Batty, 2013a), in which the coloring is based on the link traffic volumes, with red

being the most congested.

Figure 12 Street network in London, U.K.
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With the above analogy in mind, we now present a summary of the literature on fractal
and complex properties of urban systems and their transportation networks.

It was Benoit B. Mandelbrot who first brought up the complexity of physical forms. He
used coastal lines as examples in which fractal nature translates into complex properties. He put
forward a challenge that has amazed many ever since: “How long is the coast of Britain?”
Mandelbrot (1967). In his words the answer was:

“Geographical curves are so involved in their detail that their lengths are often

infinite or, rather, undefinable. However, many are statistically "self-similar,”

meaning that each portion can be considered a reduced-scale image of the whole.

In that case, the degree of complication can be described by a quantity D that has

many properties of a "dimension,"” though it is fractional; that is, it exceeds the

value unity associated with the ordinary, rectifiable, curves” Mandelbrot (1967).

In short, it is impossible to measure the length of a coastline with 100% accuracy,
because no matter how much the measurement precision is increased, there are still smaller
details that are missed during the measurement. Figure 13 shows a demonstration of the above
statement, in which the shorter the ruler used to measure the coastline, the longer the total length
will be. And since the ruler size can hypothetically get infinitely small, the length of the coastline

can get infinitely large accordingly. As a result, the total length remains undefined.
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Figure 13 The paradox of measuring the length of Britain’s coastline (Wikipedia, 2014a).

Instead of using a ruler, some have used box-counting method to highlight the challenge
in measuring the length of a coastline. Due to the relevance of box-counting method to our future
discussion, Figure 14 is presented here to demonstrate the application of box counting to the

same problem.

Figure 14 Application of box-counting method to Britain’s coastline (Wikimedia, 2014).
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Mandelbrot’s introduction of fractals through his publications, e.g. (Mandelbrot, 2004,
1977; Mandelbrot et al., 1998; Mandelbrot and Blumen, 1989), has fascinated the scientific
world to date. His theory of fractals opened the door to numerous studies in the area of physical
sciences.

The 1980°s started to see applications of fractal geometry to physical features, e.g.
geographical features (Goodchild, 1980), landscapes (Burrough, 1981), coastal lines (Burrough,
1984), and geographic surfaces (Goodchild and Mark, 1987), etc.. But it was Batty (1985) who
first highlighted the fractal properties of urban forms. That idea was followed by a flood of
articles, each trying to focus on a component of urban systems and show that fractal properties
exist in every corner of a city (Barthélemy and Flammini, 2009; Batty, 2013a, 2008a, 2008b,
2005; Batty et al., 2008, 1989; Batty and Longley, 1987a, 1987b, 1986; Bettencourt et al., 2010;
Chen, 2011; Chen and Zhou, 2004; Frankhauser, 1998a, 1998b; Milne, 1988; Shen, 2002;

Tannier et al., 2012). Figure 15 presents fractal similarities between two urban features.
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Figure 15 a) U.S. Population Dot Map (theatlanticcities.com),
b) Light pollution at night in the U.S. (nasa.gov).

28



In parallel with studies on general characteristics of urban systems, some researches
started to focus on the fractal applications in transportation networks. Benguigui and Daoud
(1991), Benguigui (1992), and Benguigui (1995) did a series of studies on the subway systems in
a few European cities including Paris using fractal methods. The public transportation system in
Paris is composed of two networks. One is the metropolitan system that serves the city of Paris
itself. The other one, being the suburban system, provides service to the suburbs of Paris. By
counting the number of stations, they showed that a naive analysis using power law property
resulted in the conclusion that both networks were fractal. Through further analysis, however,
they showed that the despite initial observation, the metropolitan network is really not a fractal,
and it is only the suburban network that does have fractal properties. They also devised a method
for generating networks which were analogous to the real ones, further analysis of which
confirmed their findings. The importance of that work was mainly because of the fact it
demonstrated that following some rules blindly can result in erroneous conclusions, especially
when it comes to complex geometries of transportation systems. Hence, one should always
exercise engineering judgment in applying the method and also evaluating the results.

Using a qualitative approach based on length-area relationship, (Rodin and Rodina, 2000)
investigated the existence of fractal properties in different parts of Tokyo’s street network, which
is famous for its old maze-fashion geometrical base structure. While their conclusion was that
their study revealed signs of fractal properties, they admitted that the margin of errors in the
results were high. Nonetheless, they made an interesting observation, unnoticed by many

researchers, that the studies performed on road networks routinely ignores the presence of
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topography that can potentially have profound impact on road length calculations, especially in
mountainous urban areas. While agreeing with this observation in principle, we have to admit
that topographic information are usually either not easily available, or are not accurate enough to
be combined with horizontal distance measurements for road length recalculations.

Shen (2002) used box-counting method to find the fractal dimension for 20 large
American urban areas. Since the objects under study were areas and not boundaries or road
networks, he used pixel-based (raster) maps of the selected cities. He then plotted the results
versus the total area as well as total population of the corresponding urban systems. The results
showed that while the fractal dimension of a city is correlated with its area, it cannot explain the
population variations throughout the urban system. Moreover, the results of the analyses were
very dependent on the resolution of the maps used.

Kim et al. (2003) studied the properties of Seoul’s surface rail and subway lines, for
which they used the data collected for several time periods. They employed a combination of
box-counting method along with radial measurement. By comparing the calculations for the line
lengths for the two systems, they concluded that both exhibit fractal properties that are very
close, meaning that they both have similar structures. Moreover, their time analyses showed that
the fractal dimensions of the public transportation system had increased every time new lines
were added. In addition to that, they used the radially-counted number of stations to show that
they also possess fractal nature. By comparing the two sets of results, they showed that the public
transport system of Seoul has a smaller fractal dimension than its stations. While their

comparative conclusions could be usable, the individual results are not reliable because the

30



output plots did not exhibit acceptable linear patterns, and thus they could not support the
conclusion that the two components of the urban system were indeed fractals.

Tang (2003) used a fractal growth approach to study the relationship between the
population and road network in Bexar County urban area, TX. The study showed that there was
an acceptable linear relationship, based on the statistics provided, between the above two
parameters, and thus they concluded that the fractal approach used was valid. The methodology
employed, however, was flawed (as will be shown in the next chapters), because even though the
study claimed that the two parameters followed power law (the signature of fractal properties),
the diagrams provided visibly contradict that claim, thus refuting the methodology.

Legrand et al. (2004) studied several road profiles in France using wavelet fractal
approach. Their finding was that road profiles do show fractal properties. They also investigated
the correlation between the fractal characteristics of the road profiles and their corresponding
friction coefficients. While no significant correlation was found between the two using the same
method, they found that there is a significant correlation between the friction factors and
“Pointwise Holder Exponent” of the local fractal characteristics of the road profiles that were
studies. The latter finding, however, is questionable because fractal properties of road profiles
depend on their geometries while friction coefficients are properties of the materials used in the
road surface construction, and the two are not related.

Based on the data collected for the road networks in and around Dallas-Fort Worth, TX,
metropolitan area, Lu and Tang (2004) used a revised box-counting method to study the

relationship between fractal dimension and population size as an indicator of the urban growth.
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Their results showed that there was an exponential relationship between the two variables. As
they noticed, however, the results from the application of the box-counting method showed some
problems that they attributed to the fact that the method uses discrete observations to derive a
continuous property.

Doménech (2009) employed a power law approach related to both fractals as well as
small worlds to study the data collected over a long period of time for London, Paris, and Madrid
metros, as well as Madrid and Valencia tramways. He concluded that the metro and tramway
systems studied were basically identical with respect to topology, in a way that their total length
and also total number of stations variations with respect to the total population show a small-
world characteristic that further transform into fractal behavior. Once again, however, the
diagrams he produced using the data do not really exhibit power law trends that can be
considered significant. Moreover, he used the total populations for his analysis, and not the
populations that are served by the metro or tramway, a weakness that he himself admits but
justifies based on the lack of data.

Using the road network data for the city of Dalian, China; Sun et al. (2012) investigated
the fractal pattern of urban road networks by employing an improved version of box-counting
method. They showed that their proposed method was able to capture the heterogeneity of the
road network at various locations. Due to the fact that their log-log plots of the results did not
confirm a significantly linear relationship, as well as based on our findings to be presented in the

next chapter, their overall methodology is under question.
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There have been numerous other studies that have looked at urban road networks from
various angles and through focusing on their non-geometric characteristics (Buckwalter, 2001;
Gulgen and Gokgoz, 2011; Jiang, 2007; Jiang and Claramunt, 2004; Kalapala et al., 2006;
Lammer et al., 2006; Levinson, 2012, 2007; Levinson et al., 2012; Levinson and Yerra, 2006;
Louf et al., 2014, 2013; Samaniego and Moses, 2008a; Strano et al., 2012; Sundquist et al., 2011,
Xie and Levinson, 2009a, 2009b, 2007, 2011; Yamins et al., 2003; Yerra and Levinson, 2005;
Zhang and Li, 2011; Zhang and Levinson, 2004). Even though those studies are not directly
related to the subject matter of this research, the reader is encouraged to browse through them for

general information.

2.7. Research ideas

As mentioned before, the work presented here was inspired by observing signs of fractal
properties in urban road networks, which was influenced by some of the works mentioned in the
review of the literature.

At first, the research idea was to employ the box-counting method by applying it to
selected urban road networks and then try to see what new information could be extracted from
the results. As we will see in the next chapter, however, the study ended up with rejecting the
box-counting method as being able to capture the fractal properties, if any, of transportation
networks, or in general physical networks. This changed the course of the research toward a new
direction, including devising a new method to do the job, the outcomes of which will be

presented in the next chapters.
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As the research progressed, moreover, it gradually became clear that the complexity
observed in transportation systems is not a simple complexity (power law, which means fractal
nature), but a coupled complexity. The new finding presented a challenge as how to decouple

this mixed complexity and uncover the true nature of urban road networks.

34



3. THE BOX-COUNTING METHOD

3.1. Introduction

With the emergence of complexity theory, numerous studies have focused on studying
the characteristics of physical systems that show “scaling” properties, which essentially means
they are fractal in nature (Hastings, 1993; Batty and Longley, 1994; Czegledy and Katz, 1995;
West, 1999; Batty, 2005). A fractal can be described as an entity that possesses self-similarity on
all scales. It is important to note that a fractal only needs to exhibit a similar type of, but not
necessarily exactly the same, structure at all scales. Moreover, according to Mandelbrot (2004):
"A fractal set is one for which the fractal dimension strictly exceeds the topological dimension.”
In practice, this means that while a line feature has a dimension of one in classical geometry, it
must have a fractal dimension larger than 1 (but no more than 2) if it is to have fractal properties.

Among the methods used, box-counting method has traditionally been the method of
choice, especially for physical urban infrastructures, and more specifically the road networks. As
a result, a large number of those studies have used box-counting method for analyzing the

features under study in order to show that they have complex nature, and if so, extract the
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relevant metrics (Ahammer and Mayrhofer-Reinhartshuber, 2012; Han and Lu, 2008; Karperien
et al., 2008; Li et al., 2009; Song et al., 2007; Zheng, 2010).

This chapter will investigate the validity of the box-counting method for studying and
confirming the nature of physical fractal features, i.e. if it is capable of revealing a power law
trend based on its outputs. Along this way, we first apply the box-counting method to several
well-known fractal features and make in-depth observation of the results. Then we follow an
analytical approach to verify our conclusions made in the previous part, followed by a more

rigorous mathematical analysis of the subject matter to support our conclusion further.

3.2.  The Box-Counting Method

The box-counting method has been proposed and applied based on the idea that in a self-
similar system one should be able to find parts at different scales that demonstrate similar
patterns. To capture this characteristic, box-counting method is applied via the following steps

(Burduk et al., 2011; Song et al., 2007), which are also demonstrated in Figure 16 (Biehl, 2008).

Figure 16 Box-counting method.
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I. A fishnet/mesh consisting of squares with size €, large enough to cover the whole
feature, is created,
ii.  The number of non-empty boxes overlaying the feature (N) is counted,
iii.  Size of the squares (€) in the original fishnet are halved, i.e. each square is split into
four smaller squares,
iv.  The number of new non-empty boxes overlaying the feature is again counted,
v.  The process is repeated until the size of the squares become too small for practical
purposes.
For a fractal entity, the relationship between the number of non-empty squares or boxes
(N) and the inverse of the size of squares (1/¢) is supposed to fit a power law (Schroeder, 1991,
Voss, 1987; lannaccone and Khokha, 1996), as shown in Eq. 1 and illustrated in Figure 17a. This
property comes from the definition of fractals. As a result, if the diagram is plotted in a log-log
format instead, a linear graph is expected to appear, as shown in Eq. 3.2 and also in Figure 17b.
N~ (/)P Eq. 3.1
log(N) ~ D log(1/¢) Eq. 3.2
There are different methods proposed for verifying the linearity of the fit in the log-log

plot, for which the reader is referred to Clauset et al. (2009). Once the log-log plot shows a linear

trend, it is regarded as a proof of the fractal properties.
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Figure 17 Patterns expected from box-counting results.
a) Normal plot with power law pattern b) Log-log plot with linear pattern

For practical purposes, the slope of the fit line is then extracted and used as the fractal
dimension of the feature, i.e.:
Fractal Dimension = D = —(Slope of the linear fit) Eq. 3.3

Mathematically, however, the fractal dimension is defined as:

Fractal Dimension = D = lim gﬁo(liﬁfx)) Eq. 3.4

Eq. 3.4 means that in fact it is the asymptotical slope, and not the average slope, of the

log-log plot that is equal to the fractal dimension.
3.3.  Investigating the validity of box-counting method
As mentioned before, after applying the box-counting method, traditionally a line is fitted

to the log-log plot of the box counts, assuming that the line represents a power-law behavior, and

then the slope of the lines is extracted as the fractal dimension of the feature being studied. The
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objective of this work is to investigate the ability of the box-counting method to capture the
characteristics of fractal networks. This investigation is especially pertinent considering the
resurgence of studies on fractal systems, supported by the availability of new and large amounts

of data along with increasing computational power.

3.3.1. Creation of the base network

To start with, a fractal network (hereafter referred to as the base network) of 5120 m x
5120 m consisting of 160 m x 160 m blocks was created, as shown in Figure 18. To create fractal
properties, the network was generated by starting with the outside square (i.e. the largest block).
Next, each side was split in two halves, and then two lines equal to one half was drawn
perpendicular to that side at its middle point. Practically this means that the middle points of the
opposite sides were connected, resulting in four smaller squares, each a quarter size of the

original square. In Figure 18, we demonstrate the first few steps of creating the base network.

il
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-
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I —

2

Figure 18 Steps taken for the creation of the base network.
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The final base network consisted of 2° x 2° (i.e. a total of 1024) squares of 160 m x 160 m

as shown in Figure 19. This geometry is in fact a variant of the well-known Greek Cross.

5120 m

(2 |

= 5120 m

Figure 19 The base network.

3.3.2. Creating fishnets

The application of box-counting method involves using fishnets with varying box sizes
(g), while keeping everything else unchanged. At the time of creating a fishnet, however, it is
important to pay attention to the choice of the location for the origin of the fishnet as compared
to the origin of the network, as it can affect the count of the matching boxes. In other words, if
one considers the bottom left corner of the network as its origin and create two different fishnets,
one with the same origin (Figure 20a) and one with offsets in both horizontal and vertical
directions (Figure 20b), the number of boxes needed to cover the network in the two cases will
be different since in Figure 20a any link to the right of and above the origin will be counted

twice, because it is common between adjacent fishnet boxes, as shown below:
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Figure 20 Comparison of the effect of fishnet offset on the box counts
a) Fishnet origin without offset, b) Fishnet origin with offsets

In order to avoid double-counting, small offsets were introduced to the location of the
origin of the fishnet in both horizontal and vertical directions. This choice can be further
supported by the fact that most, if not all, real physical networks do not have a regular shape and
as a result their links do not align with the edges of the fishnet boxes.

Creation of the base network, as well as the fishnets, was performed using the
commercial platform ArcGIS. The rationale for using GIS (Geographic Information Systems)
software was the fact that it can create a network in vector format (as opposed to pixel format)
that does not lose its resolution when zooming in it. As a result, the process of box counting is
performed accurately, especially when the box sizes become very small. Moreover, the data for
many physical networks (e.g. transportation, power grid, etc.) are increasingly available in

shapefile format, for which GIS is the right analysis platform.
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3.3.3. Application of the box-counting method

GIS software was used to perform the box counting, using fishnets with box size
dimensions of 5160 m, 1280 m, 640 m, 320 m, 160 m, 80 m, 40 m, 20 m, 10 m, and 5 m. Figure
21 shows the results obtained from the application of the box-counting method to the base
network, plotted in a log-log diagram.

The plot of the results clearly show non-linear trend over the full span of the data. This
means that the box-counting results do not follow a power law. In fact, they follow two distinct
regimes, one quadratic and one linear, shown in Figure 21. This observation directly refutes the

existence of a power law, and as a result rejects the applicability of the box-counting method.
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Figure 21 Box-counting results.
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To further validate this finding, we applied the box-counting method to a variety of other
networks, including Greek Cross as well as Sierpinski Triangular networks, which are both well-
known fractals. Except for the Sierpinski Triangle, all the selected networks had an outer square
boundary of 5120 m x 5120 m.

Plot of the results for every network, shown in Figure 22, systematically exhibits two
distinct parts, one quadratic and one linear, akin to the above analysis. The transition between the
quadratic and linear regions for each network was determined based on careful examination of
the goodness of fit for both trends as well as the behavior of the coefficients in their equations. In
all cases, the goodness-of-fit R? values calculated for the corresponding linear or quadratic fit
were 1. In contrast, R? values for power law fits were all less than 1. Residuals also showed
consistent bias in power law fits in contrast with linear and quadratic fits.

In Figure 22, network A was created by adding successively smaller squares at
increments of 160 m using arithmetic reduction. Network B was created similarly, but with the
difference that at each step the size of the new square was chosen to be half of the size of the
previous square, i.e. geometric reduction. Networks C and D were both created by splitting the
first square to 4 equal parts, then choosing the two diagonally opposing squares and applying the
same process to them. Network E was also created using a repeating reduction pattern. The
Greek Cross and Sierpinski Triangular were also created and tested thanks to their well-known

fractal nature.
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Figure 22 Various Networks and their box-counting results.
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3.4.  Analytical investigation

The unexpected conclusion in the previous part deserves proper mathematical
investigation. To do so, it should be noted that the main variables of importance in box-counting
method are &, or better to say 1/g, and N = number of fishnet boxes needed to cover the network.
For this reason, we aim to express N in terms of powers of 1/¢.

If for the chosen network and also any given fishnet:

A = network block size (here 160 m),

¢ = fishnet box size, and

then while referring to Figure 20, we find mathematically:

fore > A N =02m?(1e)" +28M(Y/p) +1 Eq. 35
fore <A N =20MM + 1)(Y/e) — M2 +1 Eqg. 3.6
in which:

N = number of fishnet boxes needed to cover the network,
M = number of network blocks in horizontal or vertical direction.
The above relationships can be further confirmed by the fact that both are equal when ¢ =
A, i.e. where the fishnet box size and the network block size become equal.
Noting the fact that M = L/A, where L is the network size (here 5120 m):

for e > A N =121 +20(1/e) + 1 Eq. 3.7

fore <A N=2L(L/p+1)(Ve) - E/p? +1 Eq. 3.8
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The first observation from the above expressions is that they demonstrate two different
regimes, meeting where the fishnet box size equals the network block size. One regime, for
fishnets with box sizes larger than the network block size (¢ > A), exhibits a quadratic trend. The
other regime follows a linear trend, which is for fishnets with box sides smaller than the network
block size (¢ < A). The above statements mean that a log-log plot of the results cannot be linear,
which is exactly what we observed previously. This conclusion again rejects the ability of box-

counting method in capturing the power law in features that are undoubtedly fractal.

3.5.  Further rigorous mathematical induction

At this point, we take a deeper look at the theoretical definition of box-counting
dimension of a fractal entity. Theoretically, the box-counting dimension of a fractal entity should
be calculated at the limit when € approaches zero, i.e. it is essentially equal to the asymptotic

slope of the plot at infinity (as 1/e — ®), i.e.:

Fractal Dimension = D = limseo(l(l)ogigi)) Eq. 3.9

For the base network used in this study, the above equation corresponds to Eq. 3.8 (i.e.
for small values of €), as shown again below:

fore<A  N=2L(L/p+1)(/e) - E/p2+1 Eq. 3.10
Substituting N from Eq. 3.10 into Eq. 3.9 results in:

log[2L(L/p+1)(1/8) - (1/))? + 1]
log(1/¢)

D = lim,_( Eq.3.11

If z=1/g, then Eq. 3.11 is re-written as:
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log[2L(t/y+1)(2) = (£/p)? + 1]

D = lim,_,( o8 )

Eq. 3.12

Since the above limit is indeterminate, using L'Hopital's Rule, Eq. 3.12 is converted to:

d(log[2L(L/p+1) (@) (£/p? + 1])/dz

D = lim,_( i0og@) s ) Eg. 3.13
Performing the above operations results in:
D= lim,_., 2L(t/p+1)/ [ZL(L/IA:)(z)— /p?+1] Eq. 3.14
or if simplified:
. 2L(L/p+1)
D= s G )~ (= 72 Eg. 315
Finally, by applying the limit:
_aL(t/pr)

This means that the fractal dimension for the base network used in this study using box-

counting method is equal to one, which is equal to its topological dimension, i.e. according to the

box-counting method it is not a fractal. Even if we account for the finite property of the figure,

above the block size the relationship is quadratic and is therefore not power law. The comparison

of the linear plots of the box-counting results for other networks with that of the base network

also points to the fact that for all of them the box-counting method results in a fractal dimension

of one, i.e. the box counting method cannot capture any of the fractal properties of the analyzed

networks. This observation leads to the conclusion that for those networks, and in fact for any

real network in which the self-similarity stops at some finite scale, the box-counting method is

incapable of producing a fractal dimension. The diagrams for Greek Cross (with a known fractal
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dimension of 2) in Figure 22, in which a quadratic pattern is followed by a linear trend exist,

support the above statement further.

3.6. Conclusions

Box-counting method has been used in numerous studies for analyzing features that have
shown fractal properties. It accomplishes that by showing that a power law relationship exists
among the results of its application to the feature under study.

This chapter presented computational, analytical, and rigorous mathematical approaches
in investigating the validity of box-counting method toward capturing the nature of fractal
networks. The observation made was that box-counting method is incapable of producing a
power law relationship between the outputs obtained from its application. As a result, this
finding invalidates box-counting method as an appropriate technique for capturing the
characteristics of physical networks that possess fractal properties.

The methodology followed through this study is general and can be verified by using any
other network. This means that even if the repeating patterns used in creating the above networks
are continued to smaller scales, it will only shift the transition point between the quadratic and
linear regimes, after which the linear trend will eventually appear, leading to a fractal dimension
of one, i.e. no fractality, even if the feature is indeed fractal.

Through robust analytical as well as computational investigation of the box-counting
method, this work has successfully demonstrated that for physical networks, even those with

known fractal characteristics, the application of box-counting method results in data exhibiting
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two distinct patterns in a normal plot, one quadratic and another one linear. These findings
invalidate the box-counting method as being able to capture the existence of a power law, and

thus the fractality of a feature.
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4. AREA, LINE, AND POINT THRESHOLDS

4.1. Introduction

Cities are complex systems, consisting of a variety of interacting elements. From the time
of its inception, an urban settlement goes through an evolutionary process that affects all of its
constituents, among them its transportation system. Since a road network grows, expands, and
evolves along with and similar to its encompassing urban system, it offers a proper means to
study the complexity of its corresponding urban system and to express it using meaningful
indicators (Batty, 2013a). As Samaniego and Moses have described it: “understanding the
topology of urban networks that connect people and places leads to insights into how cities are

organized” (Samaniego and Moses, 2008b).

4.1.1. Transportation Networks as Complex Systems

Moreover, similar to other emerging (Yerra and Levinson, 2005) and self-organizing
systems (Xie and Levinson, 2009a), the evolution of road networks is not a simple “product of

conscious design” (Levinson and Yerra, 2006), but rather a complex and dynamic process (Xie
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and Levinson, 2009b) that is the result of the interaction of many different factors. Such
influencing parameters include not only the system users and its infrastructure (Xie and
Levinson, 2009a), but also topological, morphological, technical, economic, social, and political
factors (Xie and Levinson, 2009b), all of which are also determinants of the changes in the road
network’s encompassing urban system. In fact, even for cities that ‘look’ different, their
transportation systems can demonstrate a variety of similarities (Barthélemy, 2011; Batty, 2005;
Cardillo et al., 2006; Jiang and Claramunt, 2004; L&mmer et al., 2006).

Many researchers have focused on presenting a broad picture of transportation networks
by showing that they possess general properties such as self-organization (Yerra, 2003; Yerra
and Levinson, 2005; Levinson and Yerra, 2006; Samaniego and Moses, 2008a; Barthélemy and
Flammini, 2009), fractal (Batty and Longley, 1994; Li, 2002; Batty, 2008b), scale-free or power-
law distribution (Ldmmer et al., 2006; Porta et al., 2006; Kalapala et al., 2006; Jiang, 2007; Jiang
and Liu, 2012), Zipf’s rank law (Gabaix, 1999; Chen and Zhou, 2004; Gonzalez-Val, 2011; Chen
and Wang, 2014), or other properties (Scellato et al., 2006; Crucitti et al., 2006; Kurant and
Thiran, 2006; Barthélemy and Flammini, 2008; Levinson, 2012; Louf et al., 2013) to name a

few.

4.1.2. Geometry of Transportation Networks

Among other characteristics, transportation systems have geometric properties. While
their topologic characteristics can be examined as graphs (Garrison and Marble, 1962; Kansky,

1963; Haggett and Chorley, 1969; Taaffe, 1973), complex analysis approaches and more
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specifically network topological methods (Watts and Strogatz, 1998; Barabasi and Albert, 1999;
Newman, 2003; Derrible and Kennedy, 2009; Antunes et al., 2009; Barthélemy, 2011) have
recently been extensively used for this purpose (Buhl et al., 2006; Courtat et al., 2011). There are
a number of studies of urban systems that have used simulated grid networks for different
purposes (Levinson and Yerra, 2006; Masucci et al., 2009; Xie and Levinson, 2007; Yerra, 2003;
Yerra and Levinson, 2005).

At the first glance, and from a network perspective, a road system is simply seen as a
collection of connected segments or links. Understandably, this perspective shifts the main
attention towards studying its links as a way of understanding the whole network. This ‘link’
aspect of urban transportation systems is paramount in terms of geometry and perhaps more
closely related to the concept of ‘lines’ (although not related to Space Syntax (Hillier, 1999)).
We will therefore look for a line indicator that can represent the links in a road system.

An urban road network, however, is more than the sum of its links or lines. Similar to the
circulatory system that serves the whole body, a road system serves its encompassing urban area
by dividing it into smaller blocks that make it easier to reach every corner of the system. The
coverage area of the road network is therefore another important factor to be studied. Thus, we
will also represent the coverage area of a given road system by an area indicator.

Moreover, the locations where the road segments cross, i.e. their intersections, also play
an important role in the daily operation of a road network. For that, their representation should

also be a part of any complete study of the complexity of their corresponding transportation
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system. And that provides another objective for this study, which is to find a point indicator for a
given road network.

Based on the above argument, this work will focus on measuring inherent geometric
characteristics of urban road networks through studying their grid equivalents. It will be further
extended by investigating the relationships between the results and their corresponding urban
systems’ demographic and socio-economic characteristics as well as travel patterns. We first
develop the methodology to perform those measurements and then apply it to 50 urban areas in
the United States to extract and analyze the characteristics of their road systems.

This study contributes to a better understanding of the complex nature of urban road
networks by offering a robust and efficient approach that serves as a complement to other

existing methods.

4.2 Methodology

In order to explain the methodology towards the development of the three geometric
indicators of a given road network, Chicago’s urban system is used as an example, for which the

process can be summarized in the following three steps.

4.2.1. Geometric Information

As the first task, the extent of the urban system for the given city is determined. In the

U.S., the commonly-used representation of such an influence area is the city’s Metropolitan
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Statistical Area (MSA). MSA is defined as the “geographical region with a relatively high
population density at its core and close economic ties throughout the area” (Nussle, 2008).
Essentially, an MSA is a Core Based Statistical Areas that comprises the central county plus
adjacent outlying counties (Census Bureau, 2013), e.g. Chicago.

More precisely, “Metropolitan Statistical Areas have at least one urbanized area of
50,000 or more population, plus adjacent territory that has a high degree of social and economic
integration with the core as measured by commuting ties” (U.S. Office of Management and
Budget, 2008). The choice of MSA not only provides a consistent means for the selection of the
extents of an urban area, but it also makes data collection easier as the MSA boundaries are

readily available in shapefile format. Figure 23 exhibits Chicago MSA and its road network.

Lake Michigan

hicago MSA

0 125 25 50 km
Iy

Figure 23 Chicago MSA road network.
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Next, using the corresponding road network, polygons are created within the MSA area
wherever the road network within that area creates a closed loop. The rationale for that is to
exclude large peripheral areas without roads as well as outer road segments that extend beyond
the built environment of a MSA that follows county boundaries. This is desirable since far areas
of the full MSA easily artificially inflate the area of an urban system instead of focusing on the
main area serviced by the road network.

This proved to be an important choice, especially for cities like Las Vegas, NV. Figure 24
demonstrates the difference between the road polygons area created using the above approach
versus the MSA area for the Las Vegas MSA, which makes a substantial difference in the service

area to be analyzed.

—— MSA Area Boundary
Il Road Polygons Area

[} 125 25 50 km LaS VegaSl NV

Figure 24 Comparison of the service area of the road system created by closed road polygons
and the MSA area for the city of Las Vegas.
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Having completed the previous part, the total area of the combination of the polygons is
calculated and reported as the total area (A) of the road network that is serviced by the road
segments within them.

Moreover, for the same road network, the lengths of its roads segments are calculated and
added to find the total length (L), while also the network’s intersections are counted, and their

number is recorder as the total number of points (P).

4.2.2. Grid Creation

This step involves successive creation of grids with varying cell sizes and overlaying
them on the road network in a way that the grid cells cover all the road segments. Figure 25
demonstrates the creation of such a grid with 10 km x 10 km cells that covers Chicago MSA road
network. Note that this process resembles the box-counting methodology in fractal analysis, but

here different information is collected from the results.

0 12525 50 km
R |

Figure 25 Road polygons and 10x10 km grid network.
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During the grid network creation step, if there are any grid cells that do not contain any
portion of the road network is removed. Having completed that task, and for each grid network,
the total coverage area (a), total length of links (I), and total number of nodes (p) are calculated.

Details of grid creation for Chicago MSA are presented in APPENDIX B.

4.2.3. Geometric Equivalency

The final task involves a comparison of the values obtained from the previous two steps.
The goal is to find the grids that are equivalent to the given road network with respect to total
coverage area, total road length, and total number of intersections. As mentioned before, those
criteria represent the given road network’s area, line, and point characteristics, successively. The
idea is that while a given urban road system might have an irregular configuration, something
which is a part of its complex identity; there are equivalent grid networks that possess the same
area, line, or point geometric properties.

Naturally, there are more than one equivalent grid network that satisfy the condition for
any of the above geometric indicators. An additional condition must therefore be set to result in a
unique equivalent grid network. For that, we required the coverage area of the grid network to
cover all the road segments of the urban road network under study, which was set and achieved
in the previous step.

For each of the calculated geometric properties of the given road network, there will be
one equivalent grid. The block size of that equivalent grid network will then be considered as an

indicator, or as called hereafter: the “threshold” for its corresponding geometric property. This
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means that at the end any given road network will have a set of unique indicators: area, line, and
point thresholds.

The procedure explained above is applied to the Chicago MSA road network. Due to its
dense configuration, however, only a south-western section of the road network along with its

equivalent grid networks are magnified and demonstrated in Figure 26.
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Figure 26 Chicago road network and its equivalent grids with respect to
a) area, b) road length, and c) number of intersections.

To explain their differences, the process involves overlaying grids with gradually
decreasing block sizes over the original road system. At the beginning, the area covered by the
grid is larger than the corresponding area of the road network under study. As the cell size of the
grid is gradually reduced, at some point the two areas become equal (Figure 26a). At that very
moment, the grid network crosses a threshold. Since it marks the point where the two networks
are equivalent in an ‘“area” dimensional perspective, the grid network’s block size is then

designated as the area threshold.
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After that point, the focus shifts to the comparison of the total road lengths of the two
networks. As the grid network’s block size becomes smaller and smaller, its total road length
gradually increases, up to a point at which it becomes equal to the total road length of the
original network (Figure 26b). That moment marks another threshold, at which the block size of
the grid network is designated as the line threshold, i.e. when the two networks are equivalent in
a “line” dimensional sense.

The same process continues further, until a point when the total numbers of intersections
(points) in both networks become equal (Figure 26c). That marks the third threshold, at which
the block size of the grid network is designated as the point threshold. At that very moment, the
two networks are equivalent in a “point” dimensional sense.

As discussed before, a given urban road network can be examined from different
perspectives. One is the area it encompasses or serves. Another one is the links (lines) that
facilitate the services it provides. And the third one is the intersections (points) that in turn
facilitate the transfer of services between links (lines). Measuring these three components, and
their corresponding thresholds (as explained above), can help better characterize the road
network itself.

In order to find the three area, line, and point thresholds accurately, the following
approach is taken.

For a given urban road network, its coverage area (A), total road length (L), and total
number of intersections (P) can be calculated and extracted from its shapefile, easily obtainable

from Census TIGER/Lines dataset (U.S. Census Bureau, “TIGER/Lines Shapefiles”).
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In comparison, for any chosen grid network with a block size of ¢, the area it serves (a),
the total road length it consists of (), and the total number of intersections that it has (p), can also
be extracted from its shapefile.

Instead of comparing the two sets of numbers, the grid network values are standardized
by dividing them by the road network’s corresponding values and then comparing the result with
unity (one), i.e. plots of a/A, l/L, and p/P, are drawn and intersected with a horizontal line with
the value of 1. At the point of intersection, the block size (¢) of the grid network is extracted and
reported as the corresponding threshold. Examples of the diagrams for the area, line, and point

thresholds for the Chicago MSA road network are presented in Figure 27.
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Figure 27 Determining the three thresholds for Chicago MSA road network:
a) Area, b) Line, and ¢) Point Thresholds

4.3. Results and Discussion

Similar steps were repeated for a total of 50 urban areas across the U.S. (see Appendix A

for a complete list of cities, and Appendix C for the thresholds for individual cities). These cities
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cover a wide and diverse range of parameters such as road network structure, topology,
morphology, history, size, population, area, and socio-economic conditions.

The results of the analyses performed are presented in Figure 28 in the form of three
maps, showing the geospatial variations of the three thresholds (area, line, and point) calculated

for those urban areas.
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Figure 28 a) Area, b) Line, and c) Point thresholds within U.S. urban areas.

Figure 28a for area threshold shows lower values for older cities (mostly in the north-
eastern states) as compared to those for younger cities. This difference is related to the advent of
the motorized transportation in the 20" century. ‘Older’ cities tend to be more walkable and have
smaller blocks, while ‘younger’ cities tend to have larger block sizes. A same-scale comparison
between the road polygons in Phoenix, AZ with Chicago, IL that have the largest and medium
area thresholds, respectively, sheds light on this fact, as shown in Figure 29. We can see that in

general Chicago offers a more inviting environment towards walking than Phoenix.
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Figure 29 Comparison of a) Phoenix, and b) Chicago road polygons variations

As for the line thresholds, and different from the previous figure, we see that the line
thresholds for the cities along the costal lines are smaller than for the cities inside the country.
The reason is partly due to the fact that coastal cities often perform as logistics hubs (e.g., ports)
and thus are centers of import and export activities. As a result, their road networks are more
compact and have more uniform road segments as compared to inland cities that have larger
variations in their road segment lengths. A comparison of the length variations within the road
networks of Salt Lake City, UT with Chicago, IL that have the largest and medium line
thresholds, respectively, presents a visual explanation of this characteristic, as shown in Figure
30. This is an example of the inland Salt Lake City versus a logistic hub coastal city like Chicago
that is a center of freight activity. We see that as a result, Chicago’s road network is more
compact and has a more uniform distribution of road segments as compared to the non-coastal

Salt Lake City that has larger variation in its road segment lengths.
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Figure 30 Comparison of a) Salt Lake City, and b) Chicago road length variations

For the point threshold, while we might expect to see the same trend for it as the line
threshold, since intersections are merely where the roads intersect, this is not always the case. A
good example is Denver, CO that has a mid-range line threshold, but a small point threshold.
One of the factors affecting the point threshold is the way the intersections are created, i.e. 6- or
4- way intersections as compared to T- intersections or cul-de-sacs, each affecting the point-
threshold differently. This means that cities with similar line thresholds could have different
point threshold, and vice versa.

The above figures demonstrate interesting and insightful aspects of the diversity of the
inner complexity of the urban systems studied here. Of relevance, overall no single indicator can
completely capture and describe all the complexities at play. This emphasizes the fact that any
given urban system has its own unique multi-dimensional complex characteristics, all of which
need proper representation in order to gain a complete picture of its corresponding urban

system’s characteristics.
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In order to better present and visually compare the thresholds calculated for the cities
studied in this work, all the values obtained are plotted in one diagram. Figure 31 clearly shows
that each threshold has its own variation and no two thresholds are behaving similarly, again a

manifestation of the complex nature of urban systems and their road networks.
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Figure 31 Spatial Distributions of Area, line, and point thresholds for 50 U.S. urban areas.

The significance of the three thresholds found in this work was further investigated
through analyzing their relationships with several socio-economic parameters as well as travel

patterns related to their corresponding urban areas.
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A plot of the area threshold versus the age (Wikipedia, 2014b) of the urban systems

studied here is presented in Figure 32.
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Figure 32 Relationship between the area threshold and the age of the urban system.

Figure 32 shows a power law trend (Area Threshold = 52057 Age™®’"? with R? = 0.51 and
t-score| = 6.8), which means that the older a city is, the shorter its area threshold will be. This
supports the fact that in older cities the polygons created by road networks are smaller due to
their more developed state, while in younger cities one would see larger polygon sizes. This
figure is able to capture nearly two hundred years of urban and regional planning theory and the
advent of motorized transportation as discussed earlier.

From another perspective we witness a relationship between population density and line
and point thresholds, as shown in Figure 33. This phenomenon is common and expected (Jacobs,
1961; Hanson and Giuliano, 2004; Peiravian et al., 2014), since, if other conditions remain the

same, neighborhoods with smaller blocks (i.e. higher road and intersection density, as compared
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to larger blocks) tend to create safer environments and thus attract more people, hence higher

population density.
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Figure 33 Relationship between Population density and a) Line and b) Point thresholds.

Figures 33a shows that an increase in line threshold, which means larger block size, has a
negative power law impact on the population density, i.e. Population density = 5x10° Line
threshold™°% (with R? = 0.56 and |t-score| = 7.6). The reason is that longer road segments, i.e.,
larger Dblock sizes, essentially translate into larger residential units. Similarly, population
density is affected by point threshold (Population Density = 2x10” Point threshold®%" with R? =
0.43 and [t-score| = 5.8), as shown in Figure 33b. This shows the fact that closer and denser
intersections translate into city blocks that are smaller and thus more suitable for housing with
higher concentration of people per area.

Using the 2010 American Community Survey (ACS) data (U.S. Census Bureau,
“American Community Survey (ACS)”), we find that many travel patterns within the U.S. have

power law relationships with the line threshold. Figure 34 exhibits the variations of the average
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travel time for all modes and also total transit travel time with respect to the line threshold. Other
travel patterns found to possess similar trends, including all-modes total travel time, total number
of trips, and total number of transit trips.

The power law trend seen in Figure 34a (All-modes avg. travel time = 60.725 Line
threshold®*** with R? = 0.38 and |t-score| = 5.2) shows that as the line threshold increases, the
average travel time for all modes decreases. The reason is that an increase in the length of the
road segments, which partially represents the existence of freeways and thus lower road density,
results in a higher car use as the dominant choice of transportation mode in the U.S. A similar
trend exists for the reduction in the use of public transit, shown in Figure 34b (Total transit
travel time = 7x10™ Line threshold®*” with R? = 0.30 and |t-score| = 4.4). In this case, we use
total as opposed to average travel time since cities with denser road networks tend to generate
more as well as longer transit trips. As a result the total number of transit trips and thus the total

transit travel time drop as line threshold increases.

—

Total Transit Travelg

= Time (min) x100000 S

All-modes Average ,
Travel Time (min) @

N
o

200 Line Threshold (m) 1000 200 Line Threshold(m) 1000

Figure 34 Relationship between the a) Average travel time for all modes,
and b) Total transit travel time, and the Line threshold.
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As for the point threshold, studies (Brown et al., 2013; Peiravian et al., 2014) have shown
that denser road networks, which translate into closer and more compact intersections, support
active modes of transportation, including walking. Walking data from 2010 American

Community Survey (ACS) supports this idea, as shown in Figure 35.
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Figure 35 Relationship between Walk time per capita and Point threshold.

Based on this figure, urban areas with shorter point thresholds, i.e. with more and closer
intersections, have higher walk time per capita, i.e. Walk time per capita = 13.405 Point
threshold®%" with R? = 0.38 and [t-score| = 3.1. Although not as statistically significant, this
result simply reflects the fact that among other parameters the closer the intersections, the more
encouraging and supportive the environment is for pedestrians. In other words, pedestrians are

willing to walk longer distances if the environment is encouraging.
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4.4. Conclusions

Transportation networks serve as windows into the complex world of urban systems. By
properly characterizing a road network, we can therefore better understand its encompassing
urban system. This chapter offers a geometrical approach towards capturing inherent properties
of urban road networks.

Based on the arguments presented, an analysis of a road network, as a representative of
the complexity of its encompassing urban system, requires three different yet related geometric
indicators: area, line, and point. From a mathematical perspective, these three indicators also
represent the three main geometric dimensions of an urban system, D?, D*, and D°, respectively.

This study resulted in the development of a unified and systematic approach for the
characterization of urban road networks through their area, line, and point indicators, later
referred to as thresholds. It offers a robust and efficient methodology towards defining and
extracting the three relevant indicators of road networks through measures of their grid
equivalents.

By creating grid networks of varying block sizes and overlaying them on the road
networks under study, three indicators were extracted, each representing an individual geometric
property of the network. Together, the area, line, and point thresholds obtained through the
method developed in this study succeed in capturing important and complex characteristics of an

urban system.
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By applying the methodology to 50 U.S. urban systems, we successfully observe
differences between eastern versus western, coastal versus inland, and old versus young, cities.
Moreover, we show that many socio-economic characteristics as well as travel patterns within
urban systems are directly correlated with their corresponding area, line, and point thresholds.
While two cities may share similarities for one of the thresholds, they may not be similar with
respect to the other two, thus allowing us to capture their unique properties from different

perspectives.
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5. THE RING-BUFFER METHOD

5.1. Introduction

5.1.1. Cities and Complexity

Cities are complex systems consisting of many inter-related components and features.
They possess both visible as well as hidden characteristics. Similar to complex living organisms,
they exhibit orderly characteristics that are lying beneath their physical forms. The evolution and
spread of an urban system and its components happen over many years. It is the aggregated
outcome of numerous individual and collective choices, each influenced by the prevailing
conditions in its time. Each new change is overlaid on previous changes. In other words, any
urban system and its components have a starting point when and where they are founded; tens or
in some cases hundreds of years ago.

While we may assume that the older a city is, the less coherent its founding blocks have
been, many researchers suggest (Batty, 2008b; Batty et al., 2008; Batty and Longley, 1994), and

even demonstrate (Wong and Fotheringham, 1990; Friedrich et al., 1994; Rodin and Rodina,
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2000; Doménech, 2009; Chen, 2010a), that no matter how an urban system has evolved or what
foundations it has been built on, from a larger perspective it has inherent order and organization.
As complex systems, cities have been studied heavily in the scientific literature, leading
for a push towards a new “Science of Cities” (Batty, 2013b). In order to better understand the
complex nature of an urban system, studies have been focused on the characterization of its
components (Hillier and Hanson, 1984). As a result, the hidden, and presumably orderly,
characteristics of different components of a given urban system have been a matter of interest in
recent time (Shen, 2002; Levinson, 2007; Terzi and Kaya, 2011). These studies have looked at a
large number of characteristics, from the travel behavior of their residents (Gonzalez et al., 2008;
Wang et al., 2012), to the amount of energy that is being consumed (Bristow and Kennedy, 2013;
Kennedy et al., 2014), to how they scale with size (Bettencourt et al., 2007; Batty, 2008;

Samaniego and Moses, 2008; Bettencourt, 2013) to name a few.

5.1.2. Transportation Systems

Studying urban systems require proper analysis methods capable of capturing their
complex nature. The complex behavior of cities has been studied through their transportation
systems (Batty and Longley, 1994; Samaniego and Moses, 2008c), because “understanding the
topology of urban networks that connect people and places leads to insights into how cities are
organized” (Samaniego and Moses, 2008c). Urban transportation systems are particularly
interesting to study since they have evolved at the same pace as their encompassing cities, and

thus they offer virtual snapshots of the past through the changes in their characteristics from
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downtowns to the suburbs. Measuring the complex properties of transportation systems can
therefore pave the way to a better understanding of city formation and growth.

In the case of the road network of a city, one can visually observe that such an order
manifests itself in a self-similar pattern (L. M. A. Benguigui, 1995; Kim et al., 2003). In other
words, the evolution of a transportation network is very similar to a tree trunk that grows, then
splits into branches, and those branches also grow and then split again into smaller branches, and
so on so forth. One main difference, however, is that transportation networks create loops
through branch-joining. Additionally, order can manifest itself by showing similar shapes and
patterns even if scales differ. This is particularly true in road networks that tend to be denser in a
downtown while keeping the same overall pattern throughout the city.

With the advent of new technologies, and in particular powerful Geographic Information
System (GIS) tools, as well as the availability of more disaggregate datasets including extensive
geospatial data, we are now enabled to perform a more detailed analysis of transportation
networks towards a better understanding of their encompassing urban systems as complex
adaptive entities.

Based on the above discussion, the main objective of this work is to employ a proposed
ring-buffer approach to capture the complex characteristics of urban transportation systems. The
steps to take are first applied to Chicago metropolitan area as a case study. After making proper
observations and analyzing the results, the method is then applied to 50 U.S. urban systems.
Overall, this work fits within the global endeavor to analyze cities and their infrastructure as

complex systems (Domeénech, 2009; Batty, 2005; Luis M. A. Bettencourt et al., 2007; Derrible
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and Kennedy, 2009; Bettencourt et al., 2010; Derrible and Kennedy, 2010; Kennedy, 2011,
Derrible, 2012; Levinson, 2012). Taking a complex analysis approach to analyze an urban
system and its components offers many benefits, including the provision of measurable metrics,

as is the case here.

52 Methodology

5.2.1. Description of the ring-buffer approach

The ring-buffer method used in this study is based on the assumption that urban systems
and their components, specifically their road networks, evolve similar to living organisms. A
living being comes to life as a single cell. Then it grows and spreads around that center, subject
to its prevailing conditions and constraints. Similar to that, a city spreads around a point of
origin, or “center” (Frankhauser, 1998b; Levinson and Xie, 2011), and then gradually expands
outwards, while avoiding the physical constraints around it such as water bodies, etc. The widely
accepted assumption is that the spread of any component of the urban system, e.g. its road
network, at a given point is proportional to its distance from that center. Mathematically, for this
assumption to hold true, it needs to manifest itself in the form of a power law. In other words, if
measurements follow a power law, then the urban system, or its component, will be considered
to be a fractal.

A fractal can be described as an entity that possesses self-similarity on all scales. It is

important to note that a fractal needs to only exhibit similar (but not exactly the same) type of
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structure at all scales. Moreover, according to Mandelbrot (2004): “A fractal set is one for which
the fractal dimension strictly exceeds its topological dimension.” In practice, this means that
while a line feature (e.g. a road) has a dimension of 1 in classical geometry, it must have a
dimension larger than 1 (to a maximum of 2), if it is to have fractal properties.

The existence of a power law appears in the form of Eq. 5.1:

N(r)=a-rP° Eq.5.1
in which r is the radius (with respect to a point of origin or center), N is the number quantifying
the object under consideration within a circle of radius r, a is a constant, and D is the exponent,
also called the fractal dimension. Figure 36 illustrates the idea, in which circles with increasing
radii are created around the center. The quantities of the feature are calculated for each ring, and
then successively added to obtain the quantities within consecutive circles (or buffers) with
corresponding radii. The variation of the total length of the feature with respect to the buffer
radius can then be examined for the presence of the power law, according to Eq. 5.1, as shown in

Figure 37.

Figure 36 Ring creation in the ring-buffer method.
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Figure 37 Normal plot of the power law relationship.

In order to facilitate the examination of the data, the measurements are re-plotted in log-

log scale. Taking the log of both sides in Eq. 5.1 results in Eq. 5.2, as shown below:

Log[N(r)] = log(a) + D - log(r) Eq. 5.2

This means that the log-log plot of the data should be linear, as shown in Figure 38.
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Figure 38 Log-log plot of the power law relationship.
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Exhibition of the linear trend by the logs of the data not only proves the existence of the
power law, but also enables us to extract the fractal dimension of the feature from the slope of
the log-log plot, as per Eg. 5.3:

D = Slope Eqg. 5.3

Because the data points are ordered and successively plotted based on r values, a
regression analysis will be sufficient to linearly fit the outputs of this method to Eq. 5.2. The
reader, however, is referred to Clauset et al. (2009) for a further discussion regarding statistical

methods that can be used to fit power laws to overlapping data.

5.2.2. Verification of Ring-Buffer Method for Fractal Analysis

As the first step, the validity of the ring-buffer approach as a proper method for capturing
the fractal nature of features is investigated. In order to do so, the Greek Cross grid, which is a
well-known fractal with dimension of 2, is chosen. The rationale behind this choice is the
resemblance of Greek Cross pattern to urban road systems, especially grid road networks. Also,
to investigate if the grid cell size has any impact on the results, a total of 20 Greek Cross grids
are created with varying cell sizes from 100 m to 10000 m. Moreover, and in order to capture the
impact of boundary shapes on the results, the Greek Cross grids are all clipped by the Chicago

MSA area. Figure 39 demonstrates one of the grids created via the above steps.
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Figure 39 Greek Cross grid with 1000 m cells created within Chicago MSA.

As it can be seen, however, there is no apparent center to the above grid network, mainly
due to its uniform structure. As for the point around which the circles are to be created, therefore,
the center chosen for the actual Chicago road network (as explained later) is used. The ring-
buffer method is then applied to every grid created through the above steps, during which circles
with the radii from 1 km to 100 km are created around the chosen center at the increments of 1
km. This results in the creation of a total of 100 rings of 1 km width. The rings are then
intersected with the grid networks, and the total road length within each ring is calculated for
every grid.

An important note to mention here is that at some radius, as shown in Figure 40, the

boundary of the MSA representing an urban system starts to cut through some of the rings, thus
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reducing the road lengths within the affected rings, as compared to the smaller rings that are

uncut and complete.
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Figure 40 Examples of full and partial rings.

To rectify this problem, the density of the roads within the partial rings are calculated and
then extended to their corresponding full rings, as if no parts of them are cut. This allowed us to
successively add the ring road lengths to obtain the total road lengths within buffers (circles)
around the center at the selected radii. The values obtained, which represented N in Eqg. 5.1, are

then plotted versus the radii in a log-log diagram, as shown in Figure 41.
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Figure 41 Log-log plots of buffer road length versus radius for different grid cell sizes.

The above Figure 41 shows that the fits to all the above plots follow linear patterns, i.e.,
they display power law relationships, supporting the existence of fractal properties. Moreover,
the slopes of the fits to all the plots are equal to 2, meaning that the fractal dimensions of all the
grids are 2, as expected. Moreover, for grids with large cell sizes (> 1000 m or 1 km), the plots
show oscillations at the beginning, but still around a line. The reason is that the chosen ring
width (1 km) becomes too small for grids with cell sizes of larger than 1 km. Nonetheless, all of
the plots eventually become lines with slope of 2. This investigation therefore validates the

ability of the ring-buffer method to capture the characteristics of a fractal feature. In other words,
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if this method does not show a linear pattern in a log-log plot for a given feature, it will mean
that the feature is not a fractal.

Another observation that is made from the above experiment is that the outcomes of the
application of the ring-buffer method are insensitive to the shape of the boundary of the chosen
urban system, i.e. the shape and size of the MSA of a given urban system will not have an impact
on the results.

Moreover, the size of the grid cells used also does not affect the outcome of the ring-
buffer method. Of course, the smaller the grid cell size, the clearer the linear relationship, but

even for larger grid sizes, the oscillations remains around a line with the slope of 2.

5.2.3. Application of Ring-Buffer Method to Urban Road Networks

In order to investigate the complex properties of urban road networks, we apply this ring-
buffer approach to the same 50 U.S. urban systems chosen in Chapter 4.

The first step, however, is to select a consistent method for determining the “center” for
any given road network. Based on the earlier discussion, we first use the distribution of the road
density of the whole network over its MSA area to identify and select the densest area. Then, we
choose the point with the highest road density within the selected area as the “center” for the
whole network. An example of the application of this method to the Chicago MSA road network,
and the selected center, is presented in Figure 42. Similar maps are generated for all 50 U.S.

urban systems and are included in Appendix F.
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Figure 42 Road Density map for Chicago MSA road network, and the selected “center”.

Naturally, this method is most applicable to mono-centric cities that show a clear center.
Although some cities have evolved to become poly-centric, our analysis shows that their road
networks have often remained mono-centric, simply related to the fact that denser streets tend to
locate in older areas of the cities. Even in a relatively young country as the U.S., only two cities
out of the 50 cities studied did not have a clear center. In that case, a point between them is
chosen as the center, for which the results are found to be still acceptable (as shown in Appendix
F).

Having determined the “center”, the ring-buffer method is applied to the 50 urban road
networks. The results of the process for Chicago MSA road network are displayed in Figure 43.
Looking purely at the data points (i.e., the blue dots), the trend looks close to linear, but the

power law fit (i.e., red line) clearly shows a systematic bias. Based on Figure 43, some may
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claim that the plot is piece-wise linear, i.e. each part represents a power law and thus a fractal,
albeit with different slopes or fractal dimensions. Further examination of the results, however,
shows that the slope of the plot in Figure 43 is nowhere constant, i.e., even after selecting any
number of points, adding another or more points (or removing them) changes the slope. In other

words, the Chicago road network is neither a fractal nor a multi-fractal.
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Figure 43 Log-log plot of buffer road length versus radius
and power law fit for Chicago road network.
Similar steps are taken for all 50 U.S. urban areas chosen for the study. The majority of
the diagrams show similar issue too. This fact supports the conclusion that the general

assumption of the existence of a power law for any urban road networks is flawed. Therefore, the
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universality of power law as the manifestation of the evolution of urban road networks, and as a

result the sole existence of fractal properties, is rejected.

5.2.4. Coupled Complexity

The question that naturally follows is: “Are we able to find a general rule that captures and
explains the complex nature of urban road networks?” In order to answer this question, let us
assume that the average density of a road network within a buffer of radius r around its center, as

shown in Figure 44, is equal to p(r).

==l
AT\

= lll H =
T,

=

Figure 44 Buffer with radius r around the center of the road network.

The buffer area is given by:
A =m? Eq. 5.4
As a result, the total road length within the buffer with radius r can be written as:

N(H) = A pr) = p(r) Eq.5.5
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The above relationship, despite its simple appearance, has a profound meaning. The first
part of the right side, %, is in fact a power law representing a fractal with the dimension of 2,
similar to the Greek Cross or a uniform grid. This means that a given road network does in fact
have an intrinsic component similar to fractal features, which represents some kind of scaling in
our system and akin to many other studies (Batty, 2013b; Clark, 1967). It is, however, coupled
with another component represented by p(7).

What makes the above finding interesting is how these two components are coupled,
which represents complexity at a higher level than what the power law alone offers. This
presents the challenge of separating these two components (z* and p(r)), thus isolating p(r), in

order to examine its properties.

5.2.5. Grid Equivalency

To tackle this challenge, we recall that a grid network is represented by a power law of
exponent 2, as we observed in Figure 44. This means that the appearance of 7+ in the Eq. 5.5 is
equivalent to the existence of a uniform grid network. But, we also need a component that
changes along r to represent p(r). As a result, the combination can be represented by a non-
uniform grid network, i.e., one in which the block size evolves with r, yet overall it stays
equivalent to the real road network. By choosing an equivalent non-uniform grid network, the 7
component will be represented by its grid nature, while the block size that is varying along r will

represent the p(r) component.
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In order to find out how to create such a grid network with varying block size, let us first
consider a uniform grid network with block size of |. By isolating an intersection from this grid
network, and drawing a hypothetical square of side | around that intersection, we obtain Figure

45.

Figure 45 A portion of a uniform grid network with block size of .

Using the above figure, we can calculate the total road length inside the shaded square, as
shown in Eq. 5.6.

Total length = 4(1/2) = 2I Eq. 5.6

Moreover, the area of the shaded square is equal to:

Area = I? Eq. 5.7

As a result, the road density within the shaded square, which is also the road density for
the whole uniform grid, is calculated to be:

p=20/F=2]l Eq.5.8
This means that having the density p of a grid network, we can find its block size, I:

1=2/p Eq. 5.9
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This also means that if the average density of a given road network is known within an
area, using Eq. 5.9 an equivalent grid network can be found for that area that has the same road
density as the given network. Moreover, Eq. 5.9 highlights that the grid block size and the
density are actually inversely proportional.

Having Eq. 5.9 in mind, we now recall that during the application of the ring-buffer
method, we measured the average road densities within the consecutive rings with varying radii
(i.e. as a function of radius r). With those measurements, we can therefore calculate an
equivalent grid block size for every single ring by using Eqg. 5.9. We can then substitute the
actual roads within each ring with their equivalent grids. This way, any given road network can
be represented by an equivalent non-uniform grid network with radially-varying block sizes.
This means that the block sizes of the equivalent grid network will change as a function of the
distance, r, from its center, thus representing 1/p(r) according to Eq. 5.9.

This process is applied to Chicago MSA road network, and its equivalent grid network

with radially-varying block sizes is created, as shown in Figure 46.

5.2.6. Verification of the Equivalent Grid

The ring-buffer method is then applied to the radially-varying equivalent grid created for
Chicago MSA road network. Figure 47 shows the results for the equivalent non-uniform grid

(red line) versus the real Chicago MSA road network (blue markers).
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Figure 46 Radially-varying equivalent grid network for Chicago MSA road network.
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Figure 47 Ring-buffer results for Chicago MSA road network and its equivalent grid.
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The above figure shows that the results are extremely close. This confirms that the
approach developed is valid, i.e. a grid network whose properties vary radially (as a function of

r) has been found that is equivalent to the real network with respect to the ring-buffer method.

5.2.7. Revealing the Functional Form for the Ring Road Density

As mentioned before, the equivalent grid network already represents the z* component
in Eq. 5.5 through its grid nature. As for the representation of the p(r) component, we note that it
is the block size, or better to say the inverse of the block size, of the equivalent grid network that
varies as a function of r. This means that if we plot the variation of the inverse of the grid block
size versus r, it will reveal the form of the p(r) component.

To do so, at first a log-log plot of the inverse of grid block size versus radius is created
for Chicago’s equivalent grid network, and a power law fit to the data is performed, shown in
Figure 48.

Figure 48 clearly shows that the data does not follow a power law, which is another proof
that a simple power law does not exist.

Several other types of fits are also performed on the data, among which the exponential
fit is found to be the best. As shown in Figure 49, semi-log plot is used to plot the data and its

corresponding exponential fit, which clearly fits well.

90



8

e Chicago, IL =——Power (Chicago, IL)

1/Grid Size (1/km)

-
o

y = 62.628x°0-854
R?=0.793

0.1 L L -

1 10 100
Radius (km)

Figure 48 Log-log plot of the inverse of the equivalent grid block size for
Chicago, IL road network versus radius and the power law fit.
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Figure 49 Log-log plot of the inverse of the equivalent grid block size for
Chicago, IL road network versus radius and the exponential fit.
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The whole process presented in this part has two main outcomes. One is that we were
able to decouple the mixed complexity of the urban road networks and reveal that in fact it
consists of a combination of two different components; one with a power law or fractal nature,
coupled with another component of unknown form. Moreover, we were able to devise a novel
method to reveal the nature of the second component, which in the case of Chicago MSA road
network turned out to possess an exponential form.

The above steps are applied to the selected 50 U.S. urban road networks. It is found that
the second component for some networks follows an exponential form, similar to Chicago, IL,
shown in Figure 49, while for some others it indeed exhibits power law properties, e.g. Austin as
shown in Fig 50, and some others show logarithmic trend, e.g. Los Angeles as shown in Figure

51.
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Figure 50 Variation of the inverse of grid block size versus radius
for Austin, TX with a power law fit.
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Figure 51 Variation of the inverse of grid block size versus radius
for Los Angeles, CA with a logarithmic fit.

5.2.8. Deriving the Functional Form for the Total Toad Length N

The ultimate objective of the application of the ring-buffer method to an urban road
network is to come up with an expression for N(r), which is the total road length within a buffer
of radius r around the center, As explained before, Eq. 5.1 (i.e., N(r) = a - r °) suggests power
law property for features that are fractal in nature. Based on the results from this work, we are
now in a position to reject it as a universal rule representing urban road systems. Instead, our
observation has been that each urban road networks has its own inner mixed complexity, which
may or may not be the same as another one. Because of that, investigation of the nature of the

complexity of a given urban road network needs to be performed on its own.
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As an example, we take another look at the outputs of the application of ring-buffer
method to Chicago MSA road network. In accordance with Eq. 5.1, we present the expression
developed in Eq. 5.5 here again:

N@r) =m? - p(r) Eq. 5.5

Moreover, we now know that in addition to z* that follows a power law, for the case of

Chicago MSA road network p(r) follows an exponential trend of the form shown in Eq. 5.10.

pr)=a- e Eg. 5.10
which means:
N =m? a-e™ Eq. 5.11

The final goal is to find a fit to N(r), through which the values of the parameters a and b
can be found. Performing a fit to Eq. 5.11, however, is difficult due to the fact that it consists of a
combination of two different trends. But since the first component of Eq. 5.11, i.e. =%, does not
include any parameters, the whole equation can be divided by the z+* component to obtain a
relationship with only the second component remaining on the right hand side:

N@)/m?=a e™ Eq. 5.12

5.2.9. Calibration of the Formulation for the Total Toad Length N

Now a fit can be performed to Eq. 5.12 to find the values for parameters a and b. Due to
the exponential nature of the right hand side, we use a semi-log paper to plot the left hand side
(which is essentially the buffer road density) versus radius, with the expectation to observe an

exponential pattern. The resulting diagram for Chicago MSA road network is shown in Figure
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52. We see that the data points clearly follow an exponential trend, as expected, from which

parameters a and b are found.
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Figure 52 Semi-log plot of buffer road density for Chicago, IL with an exponential fit.

Similar procedure is repeated for all the selected 50 U.S. urban road networks with
satisfactory results. The outputs are included in Appendix F. The results for some urban road
networks indeed followed power law, e.g. Austin, TX as shown in Figure 53, while for some

others showed logarithmic trend best, e.g. Los Angeles, CA as shown in Figure 54.
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Figure 53 Semi-log plot of buffer road density for Austin, TX with a power law fit.
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Figure 54 Semi-log plot of Buffer Road Density for Los Angeles, CA with a logarithmic fit.
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5.3. Results and Discussion

Based on the methodology developed in this study, we now understand that the inner
complexity of urban road networks consists of two components that are intertwined: one is the
power law component, which is a manifestation of the fractal nature common in all road
networks. The other one, however, is a property that is specific to the urban system under study,
and thus differentiates between various road networks, and therefore needs to be characterized
separately for any given urban system. The methodology developed in this study is able to
decouple this mixed complexity of urban road networks.

The proposed ring-buffer method is applied to 50 U.S. urban road networks. Complete
results are provided in Appendix F. The results clearly show that there are three possible trends
for the second component representing the complexity of urban road networks; exponential,
power law, and logarithmic. Overall, the results confirm that the methodology developed in this
study is sound, efficient, and robust.

As for the exponential trend, e.g. Figure 52 for the case of Chicago MSA road network,
the total road length N within a buffer of radius r can be written in the following general form:

N =m? a-e™ Eq. 5.11

As mentioned before, the z# part represents the hidden fractal nature of road network
under study, in this case Chicago MSA’s. This is expected to some degree, because in general

most urban road networks have grid elements imbedded in them, a property that is fractal in
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nature, as confirmed by Figure 41. In other words, 7 represents the scaling property of the road
network.

More interestingly, however, is the second part, i.e. a - €™, that represents the road
density of the network. It is easily understood that a is the maximum road density of the network
(at r = 0). This also means that the larger a is, the larger N value will be, i.e. they have a direct
and positive linear relationship. In other words, given r and b values, a represents how compact
or sparse the road network is. Because of that, a can be considered as an overall compactness or
density index for urban road networks. In comparison, b has a different impact on N. We note
that b appears with a negative sign in the exponent of the exponential function. This means that
for a given set of a and r values, the larger b is, the smaller N will be. On the other hand, and
unlike a, b has a non-linear impact on N. As a result, b can be interpreted as a decay index, I.e.
how fast the rate of change of N value (i.e. the road density value) drops, or how fast the
equivalent grid size increases.

As for the power law trend, e.g. Figure 53 for the case of Austin MSA road network, the
total road length N within a buffer of radius r can be written in the following general form:

NO=m?-a-r® Eq. 5.13

Again, and as mentioned before, the 7% part represents the hidden fractal nature of road
network under study, in this case Austin MSA’s. Therefore, 7 represents the scaling property of
that road network.

Moreover, similar to the previous part, the second part, i.e. a-r ®, that represents the road

density of the network, is also a form of power law. Once again, it is easily understood that a is a
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representative of the maximum road density of the network (at r = 1). This also means that the
larger a is, the larger N value will be, i.e. they have a direct and positive linear relationship. In
other words, and similar to the case of the exponential component, and given r and b values, a
represents how compact or sparse the road network is. Because of that, a can again be considered
as an overall compactness or density index for that urban road network. In comparison,
moreover, b has a different impact on N. We note that b appears with a negative sign in the
exponent of r in the right hand side of Eq. 5.12. This means that for a given set of a and r values,
the larger b is, the smaller N will be. On the other hand, and unlike a, again b has a non-linear
impact on N. As a result, b can be interpreted as a decay index, i.e. how fast the rate of change of
N value (i.e. the road density value) drops, or how fast the equivalent grid size increases.

Moreover, for the logarithmic trend, e.g. Figure 54 for the case of Los Angeles MSA road
network, the general form for the total road length N within a buffer of radius r can be written as:

N(r) = - [-b - In(r) +a] Eq. 5.14

Again, similar to the previous cases, the z* part represents the hidden fractal nature of
Los Angeles MSA’s road network, and therefore represents its scaling property.

The second part, i.e. [-b - In(r) +a], on the other hand, represents the road density of the
network, which follows a logarithmic trend. Even though Eq. 5.13 looks partially different from
Eqg.s 5.11 and 5.13, it essentially conveys the same meaning, i.e. that a is the density of the
network (at r = 1). This also means that a and N have a direct and positive linear relationship, in
the sense that the larger a is, the larger N value will be. Similar to the case of the exponential and

power law versions, and given r and b values, again a represents how compact or sparse the road
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network is. This means that a can again be considered as an overall compactness or density index
for this group of urban road networks. Similar to the previous cases, the impact of b is still the
same but with a different look. In the sense that due to its negative sign, and for a given set of a
and r values, the larger b is, the smaller N will be. Moreover, due to the fact that b is the
coefficient of In(r), it again has a non-linear impact on N. Therefore, and once again, b can be
interpreted as a decay index, i.e. how fast the equivalent grid size increases, or how fast the N
value (or the road density value) drops.

The overall observation is that even though three different patterns are observes for the
way N values change for different U.S. urban road networks, the parameters a and b obtained
from the calibration of the fits continue to have similar meanings.

Comparing the above three patterns, we see that they represent different rates of decay in
the urban transportation networks, where the exponential fit is the fastest, followed by the power
law and finishing with the logarithmic fit. Another difference is that the logarithmic trend, which
is slow by nature, also exhibits an “additive” property, as opposed to the “multiplicative” nature
of the two other fits.

Figures 55a illustrates the distributions of the density index within the three categories of
cities. It can be seen that cities such as Minneapolis, Boston, and Chicago have denser centers as
compared to cities such as Nashville, Charlotte, and Miami, respectively.

Moreover, Figure 55b demonstrates how the decay index varies among the same cities,
based on which we see that in cities like Las Vegas, Portland, and Denver, the road networks’

densities fall faster than in cities such as Sacramento, Buffalo, and San Francisco, respectively
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Figure 55 Spatial Distributions of the a) Density Index, and b) Decay Index.
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5.4. Conclusions

In the past, many studies have been done with the final conclusions that the transportation
networks (as well as many other components) of urban systems follow power law, and thus are
fractals (Shen, 2002; L. M. A. Benguigui, 1995; Kim et al., 2003; Lu and Tang, 2004).

In this study, we developed a methodology for the application of a ring-buffer method as
a tool for analyzing complex urban road networks. Even though the mathematical foundations of
this method has been originally developed based on the assumption of the existence of a power
law for the features being studies, thus proving that they are fractal, we used it to reject that
assumption as a universal rule for urban road networks. Moreover, we used a novel approach to
decouple the mixed complex nature of urban transportation systems, through which we
concluded that such features possess characteristics that are influenced by two components that
are mixed. One is a power law with exponent 2 that captures the fractal aspect, or scaling
property, of the road networks. The other component can come in three different forms, either
exponential, or another power law, or logarithmic, thus separating the urban road networks to
three classes based on their complex nature.

Nevertheless, for any of the cases, two parameters are identified. One that has a direct
and positive linear relationship with the total length of the road network, and because of that can
be considered as a compactness or density index. And the other one that has a negative nonlinear
inverse impact on the total length of the road network, and thus can be considered as a decay

index. Using those two indices, various urban road networks can then be properly classified.
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In short, through rigorous computational as well as analytical work, we show that
regardless of the choice of the city, urban road networks possess similar attributes while also
exhibit unique properties at the same time. More specifically, our study rejects the universality of
power law as a means of describing the evolution of urban road networks, something that has
been suggested by many researches in the past. Instead, we show that urban road networks
possess a combination of two characteristics; a scaling component related to the square of the
radius, as well as a second component that can follow a number of trends (exponential, or

logarithmic, or power law).
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6. APPLICATIONS AND EXTENDED RESEARCH

6.1.  People versus buildings: Characterization and Correlation

6.1.1. Introduction

In the previous chapters we discussed the fact that the evolution and spread of an urban
system and its components; whether it is its transportation network, or buildings, or even
distribution of people themselves, evolve during its life that could be for decades or perhaps
centuries. Moreover, present morphology and demographic characteristics of an urban system is
the aggregated outcome of all actions and interactions that have occurred between its own
components with one another or with external factors during that period. An urban system starts
with a small settlement or development that expands over time in accordance to various factors
affecting its direction and speed of growth and subject to the constraints imposed on it. This
means that any urban system has a starting point around which it has evolved.

Even though that central point might gradually move as the system readjusts the way it
functions, its location at any point in time can easily be known by looking at the distribution of

the buildings within its greater urban system. Usually that falls where the city’s central business
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district (CBD) is, especially in North-American cities. On the other hand, the distribution of the
population within an urban system does not necessarily match the spread of its buildings. One
reason could be that people tend to live more in areas where the rents or house prices are
comparatively lower. This means that there are more people living in the suburbs than in
downtowns where housing is more expensive.

Yet, buildings and population are naturally linked, since buildings are physical places of
origins or destinations for people, and both should be related at some level. Indeed, referring
back to the idea that cities possess inherent organization (Batty, 2008b), we can reasonably
expect that the two integral components of any urban system, i.e. its people and buildings, can be
shown to be correlated.

As for the complexity of the building component of a city, it can be justified that the
construction of buildings and their spread resembles the expansion of living organisms. They
start from a central area, and then spread and expand in different directions while avoiding
natural, as well as man-made, barriers. Moreover, since a building not only spreads horizontally,
but also vertically, and because its footprint alone does not capture that characteristic, total
building gross floor area (equal to the footprint multiplied by the corresponding number of
floors) is the proper attribute for it in any study.

Moreover, instead of population alone, population+employment data should be selected
to represent the people. This essentially means that population and employment numbers are
summed together. The rationale is that downtown areas tend to host few households but many

jobs, while the opposite is true as we move towards suburbs. In comparison, downtowns are
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usually centers of financial and commercial activities, which attract many people for work or
business, while the number of employment opportunities falls as we go away from the
downtown.

By choosing the above attributes, therefore, we are suggesting that the buildings (i.e. a
supply) are constructed to meet a demand, which is mostly (though not completely) generated by
the needs to live and/or work.

The characteristics of different components of a given urban system have been a matter
of interest in recent time (Shen, 2002; Terzi and Kaya, 2011), more specifically about the
population (Appleby, 1996; Chen, 2010b; Lu and Tang, 2004) and buildings (Frankhauser,
1998a; Batty et al., 2008). Such studies have showed that scaling patterns exist within the spatial
distributions of these components, which manifest itself in the form of a power law. That, as we
learned in previous chapters, shows that those components do have complex nature. While the
characteristics of population and also buildings have been studied to some degree before, new
technologies as well as more disaggregate datasets, and in particular extensive Geographic
Information Systems (GIS) tools and spatial data, now allow us to perform a more detailed
analysis of their complex relationship.

Based on the above discussion, the objective of this part is to employ the ring-buffer
technique, that was developed in Chapter 5, toward studying the characteristics of, and
relationship between, population+emplyment and building gross floor area, as proxies for people
and buildings, respectively. As a case study, Chicago, one of the oldest and most populous cities

in North America, was chosen.
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Similar to the studies presented in previous chapters, this work fits within the overall
effort to look at, and analyze, cities and their constituting components as complex systems
(Batty, 2005; Bettencourt et al., 2010; Luis M. A. Bettencourt et al., 2007; Kennedy, 2011).
Taking a complex analysis approach provides the opportunity through which we can analyze and

compare different urban systems components such as people and buildings.

6.1.2. Methodology

6.1.2.1. The Ring-Buffer Method

The procedure for applying the ring-buffer method is the same as explained in Section
5.2.3. The only difference is how to select the center. In this study, buildings are chosen as the
main feature, and therefore the place where they have the highest concentration is chosen as the
“center”. Moreover, unlike a road network that is mostly planar, buildings are in three
dimensions. In fact, their third dimension, i.e. height, is usually longer than the other two
dimensions, especially in high-rise buildings. That is why the method used to determine the

center for road networks is not applicable here.

6.1.3. Application

6.1.3.1. Case Study: Chicago
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In this part, we study the spread of people and buildings in one of the oldest cities in
North America, i.e. Chicago. The hypothesis is that not only they have inherent order, but also
that they are highly correlated.

What made Chicago a unique choice was not only its long history during which it had
experienced different periods of urban evolution, but also its unique morphology. Chicago is
restricted on the east side by Lake Michigan (Figure 55), which means it has only been able to
expand towards the west. Moreover, two branches of Chicago River run through it from north
and south which join together to the west of the center of the city and then run eastward towards
Lake Michigan. Such natural constraints on the evolution of its urban system, in addition to the
man-made barriers such as its two international airports, offer intriguing challenges against the

task at hand.

Lake
Michigan

Illinois L= Chié@QO

Figure 56 Location Map for Chicago, Illinois. (Background: Bing Maps Hybrid)

Moreover, Chicago has a well-defined center, called the “Loop”. The “Loop” is
Chicago’s Central Business District (CBD), hosting the Chicago Mercantile Exchange, as well as

being the city’s administrative center. It is a well-defined 1.0 km x 1.2 km rectangle surrounded
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by freeways and partially the Chicago River (Figure 56). For that reason, the “Loop” seemed to

be a natural choice for the “center” (or the “heart”) of the city.

Figure 57 The “Loop”, CBD of Chicago (Background: Bing Maps Hybrid).

Having done so, rings were then created around it with radii from 1 km to 21 km, in
increments of 1 km (Figure 57). As shown, the physical or natural barriers to the city’s

expansion, such as the lake, rivers, valleys, airports, etc., have been cut out of the rings.

Figure 58 Rings, splitting Chicago into rings from the center.
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6.1.4. Data
The data for this study was obtained from different sources, as shown in Table 1.

Table 1 Data sources

Data Source

Census Tracts and Population Data U.S. Census Bureau, American FactFinder

Building footprints, Land-Use,

and Employment Data Chicago Metropolitan Agency for Planning

Having obtained the data for both urban system components, their quantities in each ring
and the areas of the rings are calculated. That information is then used to calculate the densities

of those components for buffers around the center at the selected radii (Figure 58).

3}

Figure 59 Chosen urban components within equi-distance rings around the Center.
a: Population+Employment b: Gross Floor Area
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6.1.5. Results

In order to compare the two components, their densities are calculated for buffers at the
radii from 1 km to 21 km at increments of 1 km. The results are plotted in Figure 59. The
diagrams provide an opportunity to observe the variations in the overall cumulative (average)

value of the given components as a function of the distance from the center.
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Figure 60 Plots of component densities vs. radius.
a. Population+Employment b. Gross Floor Area

The initial observation is that both the above plots seem to exhibit similar properties,
though not exactly the same. Nevertheless, the population+employment density as well as the
gross floor area density figures show power law patterns. As mentioned before, the presence of a
power law is a manifestation of scaling property, which is a signature of complex systems. In
accordance to power law properties, both Figures 59a and 59b show that the density values for
them are expectedly high at the center, and then drops sharply as one moves away from the

center. Moreover, the rates of change of the slopes for both plots gradually start decreasing,
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demonstrating the reduced sensitivity of the population+employment as well the gross floor area
densities with respect to the distance from the center. This is also expected; because the further
away from the center, the less percentage change in the radius.

To further investigate the existence of the power law, the same data are redrawn on log-

log diagrams, which transform power laws into straight lines (Figure 60).
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Figure 61 Log-log plots of components densities vs. radius.
a. Population+Employment b. Gross Floor Area

As a mega city, Chicago has absorbed many smaller urban areas within itself during its
evolution history, and therefore changes were expected in the patterns observed over the selected
range of the radii. The log-log plots indeed confirmed this expectation, as there are break points
in the linear trends in the plots, both at the same distance from the center, which one can observe
in Figure 60. Nevertheless, using the piece-wise linear patterns observed in the log-log plots, the
fractal dimension values for the chosen components of the city were extracted. Also, statistical
analyses were performed on the data and the results are presented in Table 2. The R? and t-stat

values show that all the results are statistically significant.
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Table 2 Scaling properties of component densities

Radius Fractal 2 s L 5
Component (km)  Dimension St. Dev. R |t-stat|  Significant?

populationsEmployment L1010 130 002 099 77 Yes
11021 173 003 098 22 Yes

11010  1.20 002 099 66 Yes

Gross Floor Area 11to21  1.70 002 099 45 Yes

6.1.6. Analysis

Both the log-log plots of population+employment and gross floor area densities show
very well-defined piece-wise linear relationships, which are signs of the existence of scaling
property, which in turn is a signature of complex properties.

Moreover, the linear trends start from the center and move outwards up to the radius of
10 km, at which the slopes of both population+employment and gross floor area curves change
simultaneously. Interestingly, the location of the change, which appears in both log-log
diagrams, corresponds to the boundary of old Chicago City with old Cicero Township, which are
now completely merged. This fact explains the sudden, yet similar, changes in the trends of both
log-log plots in Figure 60, as well as the ability of the method to capture the hidden
characteristics of Chicago urban system.

Moreover, the diagrams show that the rates of change of both densities have slowed
down beyond the 10-km radius, which reflect the fact that after that point the sensitivities of the

population+employment and gross floor area densities with respect to the distance to the center
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of the city have fallen, i.e. people and businesses are less reactive to a slight change in the
distance to the downtown area after that point. Nevertheless, the linear trends of both diagrams
continue after the 10 km radius, though with different slopes.

In order to further investigate the similarity between the population+employment and
gross floor area densities, the corresponding values are plotted against each other (Figure 61),
which clearly shows linear relationship between them with a significant R? value of 0.997.

This confirms our hypothesis that the two different-in-nature components of the urban
system are indeed strongly correlated. Moreover, one would appreciate that the fractal
dimensions of the population+employment and the gross floor area densities are also very close.

This observation also points to the high degree of similarity between the two.
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Figure 62 Correlation between Population+Employment and Gross Floor Area Densities
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6.1.7. Discussion

The two important components of the urban system, population+employment and
building gross floor area, show strong similarities with one another. Moreover, their fractal
dimensions are close. Although a further investigation is necessary, this result seems to attest the
presence of an equilibrium between the supply (i.e. buildings) and the demand (i.e. people)
within that range.

The patterns of both diagrams therefore correspond to the fact that the further one moves
away from the center of an urban system, the less dense it gets in terms or population+
employment and building gross floor area, something which is expected. Moreover, their rates of
change, expectedly, are higher at the beginning but slow down quickly as the distance increases.
This, again, is the exhibition of the power law, which is a representative of fractal behavior.

Overall, the results strongly support the hypothesis that the two components that are
studied, i.e. population+employment and gross floor area, exhibit scaling properties, and thus are
complex in nature, as demonstrated by the presence of power law relationships.

Nevertheless, not all fractals are exactly the same, and as such each possess its own
characteristics, including its own fractal dimension. Sudden changes in the behavior of these
fractal entities can enable one to identify where the inherent characteristics of a system have
changed. This could be a clue to the causes behind such changes, which can then be used to
identify the shortcomings or deficiencies of the system.

Despite the old history of city of Chicago, both chosen components show fairly similar

patterns. For example, they both showed a change in their trends where the old boundary of the
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city used to be. This could be used as a tool to identify hidden underlying attributes of an urban
system.

The presence of a power law here, unlike in road systems, is interesting and likely related
to the fact that buildings are not constrained in two-dimensional space. Indeed, buildings have a
third dimension, and an increase in demand can therefore be accommodated by building

upwards.

6.1.8. Conclusion

The work presented in this article employed the simple yet efficient ring-buffer fractal
approach towards the identification, analysis, and comparison of the characteristics of the
components of an urban system. The results showed that the ring-buffer method is capable of
exposing the hidden features of a city, even an old and diverse city such as Chicago with its
unique physical and topological barriers.

The study was also able to achieve its objectives, namely: to analyze the characteristics of
the two urban system components, i.e. population+employment and gross floor area, of Chicago;
to show the similarities between the fractal representations of those components; and to
demonstrate that the two components, despite their different natures, are strongly correlated.

The presence of a power law is also interesting and it is likely related to the fact that
building systems have a third dimension that can accommodate growing demand, unlike

transport systems as we saw in previous chapters.
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A further expansion of this work could be the application of the method used in this study
to other cities, so that the results can be compared and analyzed and the findings can be used to
improve the quality of the observations and conclusions from this fractal approach. This is a
project that is currently under way in which world cities with different regulations are being
studies. An example is Paris, where regulations are in place that prohibits buildings from being
built too high, something that is expected to show in the results.

Moreover, the approach can be used to explore the evolution of urban complex systems
through time, i.e. temporal analysis, which could help in following their evolutionary paths and
analyze the impacts of natural or man-made events on how they are shaped today.

The accuracy of complex analysis of urban systems not only depends on the
appropriateness of the methods employed, but also on the quality of the data used. The reliability
of analyses that involve non-stationary subjects, such as people (population, as well as
employment) can greatly be improved if the advances in mobile technology are integrated with
the data collection process (Tilahun and Levinson, 2011).

Overall, this approach could potentially be used towards a better understanding of how a
city, as a complex system, works and how its intertwined components can be studied and

improved.
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6.2.  Development and Application of the Pedestrian Environment Index (PEI)*

6.2.1. Abstract

The objective of this work is to develop a new and easily computable measure of
pedestrian-friendliness for urban neighborhoods that makes the best use of the available data and
also addresses the issues concerning other models in use. The Pedestrian Environment Index
(PEI) is defined as the product of four components representing the Land-use Diversity (based on
the concept of entropy), Population Density, Commercial Density, and Intersection Density. The
final PEI is bound between 0 and 1 and it uses data that is typically readily available to planners
and MPOs (metropolitan planning organizations). The results of this method is region-specific,
i.e. they are comparable only between the zones within the given study area. As a case study, the
city of Chicago is analyzed at the sub-TAZ (Traffic Analysis Zone) level. The results agree
closely with the expectation of pedestrian friendliness across different parts of the city. Possible
extensions are also listed, including a further study to determine statistical relationships between
the PEI and common socio-economic characteristics. The method can also be further improved

should more types of data become available.

! This section is an authorized reproduction of the recently published paper by Peiravian et al. (2014):
Peiravian, F., Derrible, S., ljaz, F., 2014. “Development and application of the Pedestrian Environment Index (PEI).
Journal of Transport Geography 39, 73-84.”
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6.2.2. Introduction

The two active transportation modes, walking (Gotschi and Mills, 2008) and cycling
(Tilahun et al., 2007), have received much attention in recent transportation literature. Not only
do they possess significant health benefits as well as being natural and integral means in
reducing our dependence on fossil fuels for transportation (Woodcock et al., 2007; Derrible et

% ¢¢

al., 2010), they offer a myriad of benefits including the provision of Jane Jacobs’ “eyes on the
street” (Jacobs, 1961, pp. 54). In her own words: “... there must be eyes upon the street, eyes
belonging to those we might call the natural proprietors of the street.” (Jacobs, 1961, pp. 35). A
study by Gauvin et al. (2005 pp. 126) has confirmed that “safety of the environment was
positively associated with neighborhood affluence.” Relevant to that view, a study has shown
that the social cohesion, e.g. ‘‘people in my neighborhood can be trusted’’, can result in a
significant increase in the time they spend walking (Clark and Scott, 2013, pp. 284).

While the modernist movement in the 20th century, and the infamous Buchanan report
(Great Britain and Ministry of Transport, 1963), focused mostly on accommodating the private
transportation mode, ideas of smart growth and new urbanism have embraced new planning and
design techniques that favor walking and cycling (Tilahun et al., 2007). Indeed, concepts of new
urbanism attempt to address a variety of human needs through promoting communities in which
“people can live, work, and socialize without being totally dependent on cars” (Saligaros, 2010,
pp. 11). The goal of this movement is to create pedestrian-friendly neighborhoods where most of
the residents’ needs (e.g. living, working, shopping, entertainment, etc.) are met within walkable

distances (Saligaros, 2010).
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The new urbanism philosophy has received much acceptance and has gained momentum
among the academic community as well as practitioners. Consequently, there has been much
interest lately in developing and promoting pedestrian-friendly neighborhoods in urban areas
(Azmi and Karim, 2012). The goal is to create walkable communities with mixed land-use,
facilitating periodic activities of less than 15 minutes that would make the use of cars
unattractive, and instead make walking or biking viable alternatives.

In recent times, there have been numerous studies aimed at defining a proper index that
can capture the urban design elements which affect the friendliness of a neighborhood towards
pedestrians. The models developed so far, however, more or less have shortcomings that are
discussed later. To address that, Parks and Schofer (2006, pp. 251) have emphasized the “need
for a method to characterize neighborhood pedestrian environments that can be applied
objectively using commonly available data.” They have also recommended measures for the
development of such a method that will still agree well with the commonly-used subjective
measures.

The main impetus for this work is to offer a simple yet useful index that assists urban
planners in using the publicly available data towards comparatively evaluating current, proposed,
and future community designs in different stages of their plans. The rest of the article goes as
follows. First, a brief review of the current literature is presented, which notably shows current
gaps that need to be address. Then, the pedestrian environment index (PEI) is introduced and all

of its constituting sub-indices and its final formulation are detailed. Then, the approach is laid
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out by going through the case study of Chicago. The results are then presented and discussed for

Chicago.

6.2.3. Background

A study by Millward et al. (2013, pp. 101) has shown that “most walks are shorter than
600 m, and very few exceed 1200 m”. Nonetheless, designing more walkable neighborhoods is
not necessarily straightforward. Many factors can impact the propensity to walk or bike for any
given trip, including the three Ds: Density, Diversity, and Design (Cervero and Kockelman,
1997; Lee and Moudon, 2006). Overall, pedestrian-friendly urban design offers at least four
benefits (Burian, 2012):
e Practical impact: making it easy to walk or bike to the destination by making the
distances shorter (Millward et al., 2013),
e Social impact: increasing social interaction by facilitating meeting between people (Clark
and Scott, 2013),
e Health impact: highlighting the fact that the level of physical activity of people is greatly
affected by their neighborhood environment, thus improving their health (Smith et al.,
2008; Gebel et al., 2010; Hoehner et al., 2011; Smith et al., 2011; Brown et al., 2013),
e Economic impact: creating public and consumer cost savings, more efficient land-use,
community livability, and economic development (Litman, 2003; Cavill et al., 2008,

2012).
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Using a “path choice to investigate the causal effect of the pedestrian environment on the
utility of walking”, Guo (2009, pp. 343) has concluded that “the pedestrian environment can
significantly affect a person’s walking experience and the utility of walking along a path”.
Moreover, Lund (2003) has found that the perception of walking environment in the
neighborhood has direct positive relationship with participation in social activities there. Another
study within the framework of transit-oriented development (TOD) (National Research Council
(U.S.) et al., 2004) has focused on the pedestrian access between their neighborhoods and the
transit stops in their vicinities using some walkability indicators. During the process, the streets
were classified into two groups: friendly to pedestrians and hostile to pedestrians (National
Research Council (U.S.) et al., 2004). The analysis highlighted the fact that "the presence and
location of pedestrian-hostile streets have a significant, negative influence on the pedestrian
environment surrounding transit stops, often cutting off more-pedestrian-friendly environments
from the transit stops” (Schlossberg and Brown, 2004, pp. 34). The built environment naturally
has an impact on people’s mode choice and travel patterns as well (Ewing and Cervero, 2010).

Measuring how friendly an environment is to the pedestrians represents a major
challenge, for which a few methods and indices have been developed. For instance, Schlossberg
(2006) used Topologically Integrated Geographic Encoding and Referencing (TIGER) street data
from U.S. Census Bureau for areas surrounding transit stops and schools. The goal was to
visually and quantitatively analyze the path network around key urban destinations in order to
provide tools for evaluation and planning applications in pedestrian-oriented projects. During the

process, three GIS (Geographic Information Systems) techniques, namely; “intersection density”,
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“street network classification”, and “pedestrian catchment areas” were used. He introduced
“impedance” as a measure that could help identify pedestrian-oriented neighborhoods from
automobile-oriented areas (Schlossberg, 2006). From another perspective, Weyman et al. (2008)
used GIS to analyze nine previously-identified urban environmental variables to measure and
compare walkability between neighborhoods with pre- versus post- mid-20th century buildings
in Toronto. They concluded that "urban development in Toronto dating from the mid-20th
Century and earlier generated higher walkability, while development since the mid-20th century
has been inconsistent in generating built environments amenable to pedestrians” (pp. 320).
Mayne et al. (2012) used a set of four indices to study the walkability of different neighborhoods
in Sydney, Australia. They had to use an abridged approach, however, due to the lack of data for
one of the indices.

The reader is also referred to Kelly et al. (2011) for some survey-based studies and to
Clifton et al. (2007) and Hoedl et al. (2010) for environmental audit approaches. From another
perspective, Lwin and Murayama (2011) have modeled “green space walkability” for urban
areas by utilizing web-based GIS along with Advanced Land Observing Satellite (ALOS) to use
the green space areas in neighborhoods to calculate their ecofriendly walk scores.

Arguably, one of the most famous of indices that has been created to date is perhaps the
Walk Score measures resource proximity and density. It uses the address entered by the user and
finds amenities within a one mile radius that address (Brewster et al., 2009). Weinberger and
Sweet (2012) have used data from walkscore.com to assess walking behavior in four U.S. cities.

They developed three models in order to understand the correlation between walk scores and
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walking, in which they looked at walk scores and walk mode shares for different trip types. Their
results suggested that "walk scores may be used as a reasonable heuristic to assist with assessing
trip impacts for individual projects” (pp. 20). More recently, Lee et al. (2013) have done a
literature of the topic based on which they developed another walk score that notably uses
elements of space syntax (Hillier, 1999).

Health impacts of walkable neighborhoods have also been the subject of numerous
studies, some of which have used Walk Score as a tool. Carr et al. (2010) did a study that showed
significant positive correlations between the Walk Score and several physical activity
environment measures, both objective as well as subjective. A research by Duncan et al. (2011)
used the data obtained from “YMCA-Harvard After School Food and Fitness Project” and
concluded that “Walk Score is a valid measure of estimating certain aspects of neighborhood
walkability, particularly at the 1600-meter buffer” (pp. 4175). Also, another study (Duncan,
2013) has recommended that neighborhood walkability tools (e.g. Walk Score) to be used as a
part of health-related intervention tools. As mentioned before, however, a disadvantage of Walk
Score is that it measures the walkability of a given address (Brewster et al., 2009) and not a
neighborhood. Perhaps due to that reason, many studies have developed or used other
approaches in order to capture the health impacts of walkable neighborhoods. Bahrainy and
Khosravi (2013) did a cross-sectional study to collect data on health and walkability. They found
that “continuity has the largest effect on walkability.” They also concluded that the walking
environment “has a stronger influence on female residents than on male residents,” as “safety

was the most important factor for women, whereas distance to destinations was the most
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important factor for men” (pp. 17). Another study by Brown et al. (2009) concluded that “the
presence of walkable land uses, rather than their equal mixture, relates to healthy weight (pp.
1130). A study by Owen et al. (2007) used regression analysis to demonstrate the correlation
between the frequency of walking and measures representing network design (census-block
density, block length and intersection type), pedestrian facilities (sidewalks), as well as the built
environment along the roads (parkings and setbacks). Several parts of data collection, however,
had to be done manually due to the lack of available data. The reader is also referred to works by
Hou et al. (2010); Van Dyck et al. (2010); Gray et al. (2012).

Among the research on the definition of pedestrian-friendliness of neighborhoods, works
by Frank et al. are probably the most significant ones to-date, which deserves proper review.
Frank and Pivo (1994); Frank (2000); Frank and Engelke (2001) laid the foundations for
developing a walkability index to capture the impact of micro-scale urban form on walking, and
biking, as forms of physical activity. Frank et al. (2004a, 2004b) defined built environment
measures affecting walkability as being: connectivity (number of 3+-leg intersections per square
kilometer), net residential density (defined as the number of persons per residential acre), and
land use mix (represented by an entropy-type function). Based on that, Frank et al. (2005) used
those concepts to define a walkability index as the summation of the weighted z-scores of the
above measures.

Later, Frank et al. (2006, 2007) added a fourth variable (the ratio of retail floor to the
retail ground area) to the previous three, using which the walkability index definition was revised

to simple (un-weighted) summation of the z-cores of the measures used. The most recent version
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of their model was presented by Frank et al. (2010), in which they used the same variables to
define a walkability index as: Walkability = 2 (z-intersection density) + (z-net residential
density) + (z-retail floor area ratio) + (z-land use mix).

Frank et al.’s works, while impressive, possess shortcomings such as inconsistency in the
geographic extents used for the variables, dependency on the number and spatial distribution of
participants, combining the impact of different variables by addition and hence the inability to
capture the interaction and feedback loop between the variables, and the use of z-score to
normalize the variables Frank et al. (2007, pp. 1903) without proper statistical justification, to
mention a few.

In an effort to “develop objective measures of the pedestrian environment that still
correlate well with accepted subjective measures”, Parks and Schofer (2006, pp. 251) concluded
that “there is a need for a method to characterize neighborhood pedestrian environments that can
be applied objectively using commonly available data.” They suggest that:

“Any new measure of the pedestrian environment should meet these criteria:

e Measures should not require field visits to decrease the time and cost associated
with application.

e The rating method should be objective to avoid problems of inter-rater reliability.

e There must be a balance between the level of detail and data collection costs. The
method should capture the key walking related aspects of the neighborhood but
should be simple enough to apply easily to many neighborhoods.

e It must be possible to develop ratings for proposed designs.
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e Measures should be based on reliable data sources that are systemically updated,

so that measures stay current.”

Having the above recommendations in mind, the main goal of this article is to develop a
new index, called the Pedestrian Environment Index (PEI), which uses GIS data most commonly
available to urban planners and metropolitan planning organizations (MPOs) without having
similar shortcomings as other models that were discussed before. In order to support the use of
spatial (GIS-based) methodology for this paper, the reader is referred to a recent study by Hajna
et al. (2013), which has concluded that “The GIS-derived measure of walkability correlated well
with the in-field audit, suggesting that it is reasonable to use GIS-derived measures in place of
more labor-intensive audits” (Hajna et al., 2013, pp. 55).

The PEI takes into account characteristics of land use diversity (using concepts of
entropy), population and commercial densities, as well as intersection density, based on which it
assigns a value at the zonal level. This new index has the benefits of being region specific, which
is helpful to compare different areas within a city with one another, a problem that seems
pertinent to walkscore.com for instance (Kelbaugh, 2013). Moreover, the PEI is most useful to
urban planners and metropolitan planning organizations (as opposed to the general public), who
most often have access to the data required while having the leverage to modify the variables

used in the PEI at a policy level.
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6.2.4. Methodology

The Pedestrian Environment Index (PEI) consists of four sub-indices: Land-use Diversity
(LDI), Population Density (PDI), Commercial Density (CDI), and Intersection Density (IDI).
These four sub-indices are specifically selected because they capture relevant aspects of a
neighborhood design for walking, while addressing the concerns by Parks and Schofer listed in
the previous section. They have also been repeatedly used in the literature and shown to have
positive influences on walking. As an example, Rutt and Coleman (2005) used statistical analysis
of their data to show that the land-use diversity and BMI in a low-income Hispanic
neighborhood had positive relationship. Moreover, using improved sampling and analysis
methods for the data collected from 715 participants, Forsyth et al. (2007) concluded that the
purpose of walking is affected by the density of the residential environment. At the same time,
Boer et al. (2007) used the data collected for ten American cities to show that the walking mode
is directly and positive related to the level of business (commercial) diversity and percentages of
four-way intersections within a neighborhood.

Having emphasized the relevance of the chosen indices, in the following, the four

individual sub-indices are defined, followed by the complete PEI model.

6.2.4.1. Land-use Diversity Index (LDI)

The LDI is a measure of land-use homogeneity or heterogeneity (i.e. mix of residential,

commercial, and other uses). It shows how diverse the land-use in a given zone is. It is calculated
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using concepts of entropy, originally defined in statistical mechanics and applied famously in
information theory by Shannon (1948). More closely related to measuring inequalities, an
entropy index was defined to study biodiversity, and it was applied in many other fields,
including economics (Sen, 1973) and transportation (Xie and Levinson, 2007). A version of this
index was first used in a classic mode choice study (Frank and Pivo, 1994) in which it was found
that walking, biking, and transit trips possessed a positive relationship with land-use diversity

(Manaugh and Kreider, 2013) Mathematically, the entropy is defined as:

. k1 (pj*in(pj))
In(k;)

E; = ,forki>1 Eg.6.2.1

=0 , for ki =1
where:
p; = the ratio of the surface area of land-use type j over the total area of the study zone i,
ki = the total number of different land-use types within the study zone i.
Here, the LDI of a zone is calculated as the entropy of that zone, E, divided by the maximum

entropy found in all the zones in the studied area. As a result:

,0<LDI<1 Eq. 6.2.2

The numerator in Eq. 6.2.2 is maximized when all land-use types in the study zone have
equal proportions. For instance, an area with 50% residential and 50% commercial leads to:
E=-[0.5x%1In(0.5) + 0.5x1In(0.5)]/In(2) =1.

The rational for the denominator in Eqg. 6.2.2, which is the maximum value of the

numerator across all zones studied in a city, is to normalize the index in order to keep its value
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between 0 and 1. This process allows for the sub-index to be region-specific, therefore making it
more convenient for citywide comparative analyses.

Consequently, a higher LDI translates into a more diverse land-use. This diversity in
land-use is likely to facilitate performing one’s daily activities by walking between different
destinations (Loo and Chow, 2006). As a result, the relationship between LDI and PEI is direct

and positive.

6.2.4.2. Population Density Index (PDI)

The PDI represents population density in a given zone. It is a measure of the community
environment, which encourages people to get to their destinations by walking. Mathematically,
the PDI is defined as:

Pop;
Aj

(Popi)
max|——
Aj

PDI; = ,0<PDIi<1 Eq. 6.2.3

where:

Pop; = Total population in the study zone i,

A; = Area of the study zone i.

The PDI index has also been normalized (i.e. keeping its value between 0 and 1) using
the same method that was used for the LDI.

A higher PDI means more people reside in the neighborhood. The rationale for a denser
neighborhood links back to Jane Jacobs’ conditions for diversity (Jacobs, 1961), since more

“eyes on the street” will provide a safer and more secure environment to walk in. Moreover,
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dense population makes social services easily accessible within walking distance for low-
mobility groups (Loo and Chow, 2006). High PDI values are mostly observed in city centers
where walking distances are expectedly shorter (Burian, 2012). Here again, the relationship

between PDI and PEI is direct and positive.

6.2.4.3. Commercial Density Index (CDI)

Commercial establishments act as destinations for work-, shopping-, entertainment-, and
service-related trips. The higher the commercial density, the more people’s needs can be satisfied
within a small area, encouraging them to walk rather than drive to farther places. The CDI
represents the existence of different commercial, financial, and other services that are typically
needed during one’s daily activities in an area. Koh and Wong (2013) found that the percentage
of commercial land-use, among other factors, influences the propensity of walking.

Mathematically, the CDI is defined as:

(5529
%Ai),oscmig Eq.6.24

max( A

CDI; =

i
where:
GFA; = Total Gross Floor Area of commercial establishments in the study zone i,
A; = Area of the study zone i.
The GFA represents the total area available for commercial activity in a given zone (i.e. it

is the sum of the products of building footprints multiplied by their corresponding number of
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floors). As compared to a simple building footprint, GFA was preferred because commercial
buildings typically have more floors than residential buildings, especially in downtown areas.
Once again, the denominator in the CDI is used as a normalizing measure (i.e. keeping its
value between 0 and 1), similar to the LDI and PDI.
In general, a higher CDI suggests closer and more diverse commercial services in an area.
Consequently, people may be more encouraged to walk. Here as well, the relationship between

CDI and PEI is direct and positive.

6.2.4.4. Intersection Density Index (IDI)

The IDI measures the density of intersections (i.e. street crossings) in an area. It can also
be seen as a proxy to block size, which is also one of the four conditions for diversity by Jacobs
(1961). It is defined as:

()
Aj

max(f—”)
Aq

IDI; = ,0<IDli<1 Eq. 6.2.5

where:
nij = Intersection equivalency factor for intersection j in zone i; i.e. number of links
meeting at node j (see Figure 62),
2. n;j = Sum of intersection equivalency factors in zone i,
Ai = Area of zone i.
As shown in Figure 62, the intersection equivalency factor value for a given intersection

is equal to the number of links originating from, ending at, or continuing through that
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intersection. This means that a regular 4-way intersection will have an intersection equivalency

factor value of 4, while that of a cul-de-sac will be 1.

Figure 63 Examples of intersection equivalency factor values.

In practice, a higher IDI essentially suggests smaller block sizes, which is a desirable
feature and part of Jacobs’ conditions for diversity (Jacobs, 1961). Indeed, smaller block sizes
tend to provide a more pleasant environment to pedestrians, while offering more route choices
and the option to change course more easily. Even though a smaller block size results in a higher
number of crossings and hence increased safety concerns, the fact that in this context the streets
will be narrower, and thus the crossing times will be shorter, compensate for those concerns to
some degree. In addition, smaller block sizes also tend to discourage car use due to increased
delay at intersections. Akin to the three other sub-indices, the relationship between IDI and PEI
is direct and positive.

Finally, we wish to highlight that since highways artificially inflate the number of
intersections (because of their multiple lanes as well as their access and egress ramps that

intersect with each other and with the overpasses/underpasses in planar maps), they were
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excluded from the network. The fact that they are not suitable for walking in the first place also
supports such a decision. In addition to the highways, areas of water bodies and rivers were also

subtracted from the zonal areas (Burian, 2012).

6.2.4.5. Pedestrian Environment Index (PEI)

As discussed previously, the PEI combines the four sub-indices of LDI, PDI, CDI and
IDI, each capturing an important characteristic of a neighborhood. The final PEI is defined as:

PEI; = %6[(1 + LDI;)) x (1 + PDI;)) X (1 +CDI;) x (1 +IDI;)],

O0<PEIli<1 Eq. 6.2.6
where:

LDI; = Land-use Diversity Index for zone i,

PDI; = Population Density Index for zone i,

CDI; = Commercial Density Index for zone i,

IDI; = Intersection Density Index for zone i.

The PEI combines the impact of each component by multiplication and not by
summation. The rationale behind this form is that factors affecting the pedestrian environment
within a neighborhood have cause-and-effect or non-linear feedback impacts on each other, i.e. a
change in one can result in changes in the other factors. For example, by increasing the number
or variety of commercial activities in a neighborhood, more people will be encouraged to move

to that area and live there, resulting in an increase in the household density. That, in turn, will
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attract more cause-and-effect or non-linear feedback impact on each other, i.e. an improvement
in one magnifies the impacts of the other factors. For example, by increasing the number or
variety business to the neighborhood, positively affecting the commercial density.

Having the rationale for multiplication in mind, and in order to avoid a null value for PEI
should any of the sub-indices turn out to be zero (e.g., if there is only one zone type, i.e. k =1,
then LDI will be zero), a value of “1” was added to every sub-index value. Since the final values
of PEI are used only for comparing different zones, and thus relative values (as opposed to
absolute values) are important, the final outcome of the comparative analysis remains unchanged
with such a precautionary measure.

At last, since the maximum possible value of the product of the components shown in the
PEI formulation is 16, the introduction of a 1/16 coefficient will help to normalize the calculated
values and keep the PEI values within a (0,1] range.

Based on the above definition, a value of PEI close to 1 will mean that the neighborhood
environment better supports pedestrian activities, while a value of PEI close to 0 will mean that
people in that neighborhood will be encouraged to depend on using cars in their everyday

activities due to unwelcoming walking environment.

6.2.5. Notes on Area and Data Requirements

The definition of “zone” in the PEI can be applied to any zonal system, ranging from
neighborhoods, blocks, block groups, traffic analysis zones (TAZ) or sub-TAZ, census tracts, or

even to an entire city (i.e. to compare small suburban cities). Custom sizes can also be
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envisioned; e.g., 1 km by 1 km squares. The limit is not imposed by the definition of the PEI but
by the data availability and the scope of the study. That being said, and unlike WalkScore, the
PEI needs to be calculated for an area as opposed to a point.

As mentioned before, one of the objectives of the formulation of PEI was to provide a
simple, yet efficient, index for comparative analysis. This included the simplicity in obtaining the
data required for the analysis. The formulation requires data that is mostly available publicly,
including the population, land-use, buildings, zonal and geographic, and street network data, all
of which should be easy to find. A more complex formulation could include other parameters
such as sidewalk widths, etc., which is very difficult to obtain. This is why only the data that is
expected to be available in many cities across North America and around the world is used in the

proposed model.

6.2.6. Case Study

To fully explain the approach, use, and application of the PEI, the city of Chicago is
chosen as a case study. Chicago is a particularly good candidate for any pedestrian index since it
has a variety of diverse neighborhoods with vastly changing pedestrian environments, from
extremely friendly to the north (e.g., Lincoln Park) to extremely hostile to the south (e.g., close

to Midway Airport).

136



6.2.6.1. Data Sources

Several sets of data were needed to compute the PEI. Table 3 presents the type of data

required and their sources for our case study.

Table 3 Data Sources

Data Source

Census Tracts 2010 (U.S. Census Bureau a), TIGER/Line Data
TAZ (Traffic Area Zone) 2009 (Chicago Metropolitan Agency for Planning)
City of Chicago boundary 2010 (City of Chicago), Data Portal

Household data 2010 (U.S. Census Bureau b), American FactFinder
Land-use data 2005 (Chicago Metropolitan Agency for Planning)
Building data 2000 (Chicago Metropolitan Agency for Planning)
Street networks 2010 (U.S. Census Bureau a), TIGER/Line Data

6.2.6.2. Application

When applying the PEI, the first task is to determine the desired zonal geometry, i.e.
Block, Block group, Census Tract, TAZ (Traffic Analysis Zone) or sub-TAZ (see Figure 63),

and even neighborhoods that can have different sizes and shapes.
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Figure 64 Comparison of zonal geometries.

For this case study, the sub-TAZ level was chosen since it offers fairly high spatial
resolution and for that reason is traditionally used by the Chicago Metropolitan Agency for
Planning (CMAP). In total, there are 985 sub-TAZs within the city of Chicago. The sub-TAZ

geography was then used to extract the city of Chicago zones from Cook County, as shown in

Figure 64.
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Figure 65 Chicago sub-TAZ system.

The second task was to remove land areas that do not directly affect pedestrians and are
therefore not relevant for this study (e.g., highways, waterways, airports). To do so, land-use
designations in the GIS shapefiles that were provided by CMAP were used to identify the lands

that had to be excluded from the analysis. They were clipped from all analysis zones (Figure 65).
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Figure 66 Excluded and remaining areas.

Individual land-uses were then extracted from the study zones, examples of which are
shown in Figure 66. Although the residential land-use apparently dominates other land use types
in this figure, one should not forget the third dimension (i.e. the building height or number of
floors), which is not captured by the figure. Indeed and as mentioned, most of commercial and
other non-residential land-uses include tall buildings, resulting in large gross floor areas. The
outputs were then spatially joined with sub-TAZ areas in order to obtain the numbers and areas

corresponding to individual land-use classes
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a) Residential b) Commercial c) Recreational
Figure 67 Extracted individual land uses.

To determine gross floor areas (GFA), the building footprints were multiplied by their
corresponding number of floors (as explained previously). This information along with the land-
use data was then used to extract the gross floor areas but only for the commercial buildings
from the data obtained previously (to be used in CDI calculations).

The fourth task dealt with the IDI specifically. The street network was used to create a
network dataset for the city, in which the intersections (junctions) were identified, for which the
intersection equivalency factors (as explained in Figure 62) were calculated as shown in Figure

67.

141



Downtown

=l

| Miles.

a) Street Network b) Intersections
Figure 68 Street Network and Intersections.

As the fifth task, the results of the previous steps were used to calculate the four
individual sub-indices. For each sub-TAZ in Chicago, the Land-use Diversity Index (LDI), the
Population Density Index (PDI), the Commercial Density Index (CDI), and the Intersection
Density Index (IDI) were calculated and displayed in Figure 68, which is discussed in the next
section.

The sixth and final task was to calculate the Pedestrian Environment Index (PEI) values

for each zone using equation 6. The results are shown and discussed in the next section

6.2.7. Results and Discussion

The spatial distributions of individual sub-indices are shown in Figure 68.
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Figure 69 Spatial distributions of Land-use Diversity Index (LDI), Population Density Index
(PDI), Commercial Density Index (CDI), and Intersection Density Index (IDI).
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As expected, the LDI map (Figure 68a) shows higher values in the downtown area, i.e.,
the “Loop” (shown by a rectangle). The LDI is also fairly high directly west of the downtown as
well as along the lakefront. Considering the PDI map (Figure 68b), higher values tend to be
present towards the northeastern part of the city. This phenomenon is notably due to the
existence of higher number of tall residential buildings in those areas, especially by the lakefront,
which results in higher population densities. As expected, Figure 68c also shows higher values of
CDI in the downtown area, as well as towards the northeastern areas of the city. That again, is
due to the existence of more commercial sectors as well as tall buildings in those areas, resulting
in higher commercial densities. Looking at the IDI map, Figure 68d shows higher values in the
downtown area. As expected, IDI values tend to decrease with distance from that area.

Finally, the overall PEI results were calculated for the city of Chicago (Figure 69).

PEI
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Figure 70 Spatial distribution of the Pedestrian Environment Index (PEI)
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Unsurprisingly, PEI values are highest in the downtown areas, as well as around the
University of Illinois at Chicago’s east campus (shown in the map), which are compatible with
the expected performance of those areas with respect to their pedestrian-friendliness
environments. PEI values are also high northeast of the downtown, especially in areas close to
the lakefront, which are also compatible with the facts on the ground, partially validating the
PEL.

The Figure 69 also succeeds in highlighting the serious differences in pedestrian-
friendliness throughout the city. A reverse process can then be adopted to identify the roots of
the cause for a low PEI value, i.e., whether a low PEI is linked with a poor LDI, or PDI, or CDlI,
or IDI, or a combination of those four sub-indices, which can then be helpful to devise and
recommend relevant policies. As an example, the PEI values below the center of the map in
Figure 69 are comparatively low. A look at the sub-indices values show that while the
commercial and intersection density sub-indices values for that area are in medium to high
ranges, it is its land-use diversity and population density sub-indices that are very low. A more
detailed look at the area reveals that it mostly consists of industrial lots without much land-use
diversity and with very low population, confirming the outputs of the analysis.

Two natural further extensions can be thought of. First, the PEI could be further validated
by comparing its zonal values with walk mode data from the American Community Survey. This
process may also help determine other important characteristics that have been omitted in the
current version of the PEI. Second, a subsequent study could investigate the spatial statistical

relationships between the PEI and other socio-economic characteristics such as poverty, crime
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rate, income, etc. In fact, this work could be repeated in various cities across the United-States,
which could then offer insights about the relevance of each of the four sub-indices.

Another possible extension would be to include specific amenities in the index, for
instance in the form of entropy (i.e. looking at the number of grocery stores, schools, banks, dry
cleaners, etc. akin to walkscore.com), although caution should be taken since this data is rarely
available to planners.

Furthermore, in addition to land-use mix, population and commercial densities, and street
connectivity (via intersection density), the inclusion of the impact of the urban design could be
studied, because what makes a place walkable is to some degree the way it is designed.

Moreover, further research will be needed as to how the PEI can be used to devise

policies, improve the pedestrian environment, or evaluate community designs.

6.2.8. Conclusion

All across the urban planning community, much effort is currently being put into
providing safe and friendly environments that encourage walking in cities. The main goal of this
study was to develop a simple yet efficient measure that captures properties of pedestrian
friendliness, which is region-specific and, that can be particularly useful to urban planners and
metropolitan planning organizations.

The Pedestrian Environment Index (PEI) that is developed is based on four sub-indices:
Land Diversity Index (LDI), Population Density Index (PDI), Commercial Density Index (CDI),

and Intersection Density Index (IDI). These four sub-indices each capture a specific
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characteristic of an area relevant to active transportation. The index is also compiled in such a
way that the final PEI value cannot be 0 because of one single index.

As a case study, the PEI of each sub-TAZ in Chicago was calculated and mapped. The
final output of the project was in agreement with the overall expectation based on the prior
knowledge about the current urban configuration of the city of Chicago. That serves as the
validation of the model.

The method developed in this study can be used to compare neighborhoods, which are
within the same study area, in terms of their pedestrian-friendliness. Using this method, planners
and policy makers can compare and rank already-built areas and identify the ones where
investment can improve the pedestrian environment. This will be an important tool for
optimizing funding allocation for projects geared towards the renovation and revitalization of
neighborhoods that are suffering from low economic activities and high levels of crime, poverty,
and obesity, which are all correlated. As an example, considering the high crime rate in Chicago,
the results of the case study presented in this paper can be used to list the neighborhood for
which improvements in the built environment can support and encourage safe walkability and
improve the living condition due to increased economic activity.

The Pedestrian Environment Index can also be used as a tool to compare designs for
future developments and select ones that can offer better environment for pedestrian activities
that in turn are major players in future prosperity and sustainability of those communities.

Moreover, a reverse analysis of the outputs from the application of this method to

different zones or neighborhoods within a given city or urban area can reveal the deficiencies in
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their urban design and other relevant factors for areas with low PEI values. This in turn can help
policy makers devise customized plans specific to such areas in order to make them more
walkable and thus encourage people to engage more in community and group activities as well
as reduce their dependence of motor vehicles.

While active transportation seems to have a bright future, measuring the friendliness of
neighborhood to accommodate for walking and cycling and as a policy tool remains non-trivial,

and much work remains to be done. This work provides a starting point for such a task.
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7. CONCLUSIONS

7.1. Introduction

With the growth in world population and the increasing trend of urbanization, the need to
understand how cities function is becoming more important than ever. The reason is simple,
forming settlements and agglomerating offers a multitude of positive economies of scale, and
cities are growing around the globe, both in number and in size. Understanding these economies
of scale is therefore essential if we aspire to design more livable cities.

As a city grows and its population increases, and especially as technology advances, the
interactions between the city’s components become more frequent, more diverse, and with higher
level of sophistication. The combination of these factors gives that city a unique identity in its
own realm. Similar to living organism, the building blocks of cities have their own individual
functions and roles, yet together they create a much bigger entity and in a much larger scale.

The sheer number of components that form a city and the fact that these components are
more or less autonomous, and the diversity of interactions that occur between them as well as
many other apparent and hidden factors make the understanding how cities form and grow a

gargantuan task. Similar to any living being, however, and despite the presence of seemingly

149



aleatory changes in the appearance of cities, an underlying order exists, and capturing and
understanding this order is highly desirable to better design the city of the 21 century.

Luckily, the overarching task to understand cities is greatly facilitated by the growth in
human knowledge and further advancements in technology. Indeed, we are now equipped with
tools and techniques that were not available a short while ago. This provides us with the
opportunity to perform a more detailed analysis of our surroundings and obtain a deeper
understanding of cities.

From this need to better understand cities, a new branch of knowledge has emerged.
Since the early 20" century with the works of Geddes et al. (1915) and now often grounded
within the realm of Complexity Theory, a new Science of Cities has steadily been growing,
providing us with the necessary tools towards a better understanding of the complex nature of the
urban systems. Even though understanding the holistic nature of cities is not yet possible, we
nonetheless possess sufficient knowledge to investigate one or more of components of cities
individually. This approach opens a path through which we can enter the inner world of urban
systems, and lay some of the ground work to understand the whole by understanding some of the
parts.

Among the components of an urban system, its transportation network is one that carries
traces of its evolution. From an original small settlement to a metropolis, the residents of a city
need physical infrastructure to travel to be able to connect with one another, and this is not
possible without building roads, even from the very early years of a city. For that, the evolution

of an urban system and its transportation network are inseparable. In theory, this suggests that
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understanding the evolution of the transportation system of a city, we may be able to understand
the evolution of the entire city.

The research exposed in this dissertation started with the aim “to develop novel
methodologies to study and characterize the complex geometry of urban road networks,
which can in turn lead to a better understanding of their encompassing urban systems”.
The above goal required a set of objectives to be met, which were to:

e Review the history of the methods used for geometric analysis of urban road
systems from a complexity point of view,

e Investigate the validity of the box-counting method, as the traditionally dominant
method of choice, for capturing the complex nature of road networks,

e Explore the information that can be extracted from the outputs of the application of
box-counting method, and define new metrics,

e Propose different methods to analyze the geometrical properties of urban road
networks,

e Develop new methodologies to characterize the complex geometry of road systems,

e Explore other relevant areas of study toward a better understanding and
classification of urban environments.

Most notably, this thesis was the summary of the accomplishments that have been made,

through the course of which old knowledge was rejected as new knowledge was born.
The achievements made during this research were included in the previous chapters, a

summary of which is summarized is presented here.

151



7.2.  Summary of the Achievements

Chapter 1 of this thesis presented the reason why we need to understand urban systems, It
also described the complex nature of cities, and the fact that they are similar to living organisms.
This meant that despite their rather chaotic appearances, there is an intrinsic order hidden
beneath urban system. We learned that studying components of an urban system opens windows
into its inner world. The idea was that by understanding different elements, and the interactions
among them, we can better understand the whole. Among the components of urban systems, we
chose to study transportation networks, more specifically road networks. The rational was that
transportation networks evolve along with and at the same pace as their encompassing urban
systems. In fact they carry the signature of their evolutions, because any new change is overlaid
on the previous ones, thus preserving the history for us to study.

In Chapter 2 we talked about the history; how the origins of the knowledge and tools we
have at hand started. It was first the idea of graphs, which then became graph theory. Combining
a more cohesive foundation with new knowledge, it evolved to network science, one of the main
themes used for studying complex phenomenon. In parallel, the idea of complexity and the need
to have a branch of knowledge to understand and characterize the nature of complexity took
form. This new breed evolved to something very big that connects and includes a spectrum of
many other sciences. Among those, we chose the knowledge that was developed based on fractal
properties of living organisms. The rationale was that road networks resemble, and evolve like,
fractals. We reviewed previous literature on the application of fractal approaches used for

characterization of transportation networks, and noted their shortcomings. At the end, we made a
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case for the need to new ideas and tools towards a better understanding of road networks as
representatives of their encompassing urban systems.

Chapter 3 focused on box-counting as the traditionally method of choice for fractal
characterization of transportation networks. A characteristic of naturally-evolved organisms is
the existence of inherent “scaling”, which means that the object consists of parts that are similar
at different scales. This essentially means that similar patterns of different characteristics, e.g.
shape, are repeated everywhere within that entity. The scaling property traditionally exhibits
itself in the form of a power law. Therefore, one could say that power law is the manifestation of
fractal properties. As a result, prior researches have tried to show the existence of power law
behavior in different features, including road networks. And for that, the box-counting method
has been extensively used. By trying to critically assess the results collected when employing the
box-counting method, we realized that the power law could not be applied. This led us to
investigate the validity of the box-counting methodology to capture fractal properties. Through
rigorous mathematical induction, along with computational effort, we concluded that in fact the
box-counting method is incapable of properly capturing the fractal nature, if any, of physical
networks such as transportation systems. This was an important finding, considering the fact that
the box-counting method has been used in numerous studies in the past decades.

Although it cannot capture fractal properties, the box-counting method can be useful
towards some understanding of the complexity of urban transportation networks. The idea
discussed in Chapter 4 was that as the grid network created during the employment of box-

counting method evolve, at some point and based on a single criteria it becomes equivalent to the
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real road network under study. We presented the results of our efforts to extract meaningful
information from the results we had obtained through the application of the box-counting method
to 50 urban road networks around the country. Our research concluded with the definition of
three new indicators for urban road networks, namely: area, line, and point thresholds. They
represent the block size at which the created grid network becomes equivalent to the real road
network in terms of the coverage area, total length, and total number of intersections,
respectively. We also studied the relationships between the three newly-defined indicators and a
variety of travel and demographic statistics, and showed that each threshold exhibits correlations
with one or more of the statistics used. We provided maps, demonstrating the distribution of each
threshold within the U.S. and discussed the findings.

Chapter 5 presented a ring-buffer method as an alternative approach towards studying
complex features, including urban road networks. Again, and understandably, the application of
the method was based on the existence of power law, though a variant form of it. We first
investigated the validity of the method by applying it to a series of grid networks created from
Greek Cross, a well-known fractal, and concluded that the method is indeed capable of capturing
the existence of fractal nature in those networks. Next, we applied the ring-buffer method to the
same 50 U.S. urban system road networks that were studied in Chapter 4. The results, however,
did not support the presence of fractal properties in the majority of the networks studied. This
took us on a journey to understand the complex nature of urban road network. Through a novel
approach with both analytical as well as computational steps, we managed to reveal the mixed

complexity that road networks possess. We showed that their complexity consists of two parts;
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one part that follows power law and thus exhibits scaling or fractal property. The other part,
which is specific to any urban road network, that could take different forms (exponential, or
power law, or logarithmic). This second part includes two new parameters, named as density and
decay indices, respectively, that are unique to any given urban road system. We provided a
method as how to measure those two indices. We demonstrated the distribution of each index
within the U.S. and discussed it.

In Chapter 6 we presented to related extensions of this research, in both of which
components of urban systems were used towards achieving the objectives defined. In 6.1, we
applied the ring-buffer method to the distribution of two different-in-nature components, i.e.
people and buildings, within Chicago, IL. The hypothesis was that the spread of
population+employment as well as building gross floor area; as proxies for people and buildings,
respectively, not only possess complex nature, but are also correlated. Our study confirmed both
hypotheses. Moreover, we showed that the method used is capable of capturing and unraveling
the hidden characteristics of an urban system, e.g. the city of Chicago’s old boundary, something
that might not be discovered by simply looking at the corresponding road network. In 6.2, we
combined the information we tried to use the characteristic of different urban system components
to define an index that can describe the friendliness of a neighborhood towards pedestrians. We
developed a sound methodology, in which we incorporated a variety of relevant urban system
components; road network (number of intersections), population and commercial, and land use

data. This resulted into a new index, named “Pedestrian Environment Index (PEI)” that measures
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how inviting and supporting an urban area is towards walking. We then applied the model to the
city of Chicago, and discussed the results with relevant conclusions.

To summarize, this research was successful to meet the objectives set, during which we
managed to develop a sound, efficient, and robust methodology towards a better understanding
of the complexity of urban road networks. Moreover, we also defined five new indices to
characterize them, as well as a new index to measure the friendliness of an urban environment
towards walking. At last, the contributions of this work can be listed as follows:

e Invalidation of box-counting method for fractal analysis of physical networks,

e Devising the methodology for an alternative application of box-counting method,

e Developing three new indices; area, line, and point thresholds, that can be used

for classification purposes,

e Developing a methodology using which the ring-buffer method can be used for

complexity analysis of urban road networks,

e Unraveling and decoupling the mixed complexity of the nature of urban road

networks,

e Developing the two new density and decay indices that can be used for

classification of road networks,

e Demonstrating the complex nature of the spread of people and buildings, and

their strong correlation,
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e Developing a new descriptor, Pedestrian Environment Index (PEI) that
measures the friendliness of an urban area towards pedestrians, that can be used

for comparison and planning purposes.

7.3.  Suggestions for Future Work

The research presented in this thesis laid the foundations for an area of knowledge that
can be further explored and expanded in a variety of ways and directions.

Our study showed that the complexity of a road network consists of two parts; one being
a universal fractal component, and the one a components whose form is determined by the
specific road network under study. A potential extension to this work is finding the underlying
factors that determine the overall characteristics of an urban road network. This can help explain
why different networks exhibit different forms for the second component.

The question also arises whether or not similar forms exist in cities in the rest of the
world. For instance, many cities in Europe are much older, and their road densities might not
present similar patterns. Most European cities also have regulations that prohibit the construction
of buildings above a certain height, therefore limiting this vertical expansion to meet the demand.
Cities in newly develop counties like Seoul in South Korea, Tokyo in Japan, Hong-Kong or
Singapore may also show different patterns symptomatic of their local conditions.

As importantly, effort should be put into understanding the growth of cities in fast
emerging countries like India and China, so that design recommendations can be given to limit

an ever-increasing carbon footprint.
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Another important task is to link the indices developed in this study to travel patterns and
other relevant parameters such as demographic and socio-economic characteristics of the
corresponding urban system. This can be further developed into design and or policy-making
tools.

Applying the ring-buffer to other systems is also highly desirable. This includes other
types of transportation networks, especially public transportation, which is essential if we aspire
to lower our greenhouse-gas emissions.

Another potential extended topic for further research is to study the impact of topography
and climate on the complex evolution of urban systems and travel behavior. This will help to link
sustainability and complexity and employ the strength of both towards the betterment of our
cities. A paper based the same idea has been prepared, which is currently under review for

publication.
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APPENDIX A: List of 50 U.S. Urban Systems Studied
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Table 4 List of 50 U.S. urban systems studied

Urban Area, State Founded in®  Population®  Area (km”)® Pop Density  Road Length (km)®  # of Intersections®

Atlanta, GA 1843 5486738 20306.8 270.2 67215.1 243462
Austin, TX 1835 1784094 9440.8 189.0 30382.0 111234
Baltimore, MD 1729 2895944 5624.9 514.8 35556.3 220784
Boston, MA 1630 4892136 8368.7 584.6 49139.9 261949
Buffalo, NY 1789 1191744 3821.4 311.9 12293.0 41429
Carson, NV 1858 87743 109.0 804.9 900.6 3045
Charlotte, NC 1755 1927130 71775 268.5 24978.8 93988
Chicago, IL 1803 9594379 17783.6 539.5 86788.9 396704
Cincinnati, OH 1788 2252951 10398.8 216.7 33834.5 141744
Cleveland, OH 1796 2272776 4827.5 470.8 19472.2 64630
Columbus, OH 1812 1949603 9483.2 205.6 27764.3 106156
Dallas, TX 1841 6501589 21833.1 297.8 83815.2 350762
Denver, CO 1858 2666592 18262.0 146.0 46547.0 182157
Detroit, Ml 1701 4369224 9664.6 452.1 46880.4 187960
Grand Rapids, Ml 1825 895227 6665.8 134.3 16684.6 42990
Hartford, CT 1637 1400709 3487.6 401.6 14992.7 56695
Honolulu, HI 1809 953207 775.4 1229.3 4678.9 22904
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Table 4 List of 50 U.S. urban systems studied

Urban Area, State Founded in®  Population®  Area (km®)® Pop Density  Road Length (km)®  # of Intersections®

Houston, TX 1837 6052475 20585.7 294.0 83365.0 353831
Indianapolis, IN 1821 1856996 9289.1 199.9 32389.9 150469
Jacksonville, FL 1822 1451740 7182.3 202.1 22067.4 76396
Kansas City, KS 1868 2138010 19148.1 111.7 50639.6 184748
Las Vegas, NV 1905 2010951 7330.1 274.3 20926.8 104925
Lewiston, ID 1861 85096 2104.6 40.4 4206.1 6334
Los Angeles, CA 1781 13059105 10913.2 1196.6 70096.7 335638
Louisville, KY 1778 1443801 9227.8 156.5 24453.7 82680
Memphis, TN 1819 1398172 10049.2 139.1 25028.4 74462
Miami, FL 1896 5571523 8410.3 662.5 42827.1 178680
Milwaukee, WI 1833 1602022 3507.8 456.7 17207.1 66802
Minneapolis, MN 1867 3412291 15365.8 222.1 57532.0 259788
Nashville, TN 1779 1740134 13588.3 128.1 32653.8 90700
New Orleans, LA 1718 1247062 3715.5 335.6 18340.7 83361
New York, NY 1624 19217139 15551.5 1235.7 105344.0 499969
Oklahoma, OK 1889 1359027 13051.0 104.1 34167.6 120303
Orlando, FL 1875 2257901 7996.6 282.4 28876.5 123076
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Table 4 List of 50 U.S. urban systems studied

Urban Area, State Founded in®  Population®  Area (km®)® Pop Density  Road Length (km)®  # of Intersections®

Philadelphia, PA 1682 6234336 11271.7 553.1 58104.3 256023
Phoenix, AZ 1868 4262838 25763.0 165.5 60738.6 241836
Pittsburgh, PA 1758 2503836 12859.9 194.7 45196.4 167027
Portland, OR 1845 2363554 14669.4 161.1 44544.0 174765
Providence, RI 1636 1695760 3773.5 449.4 18431.5 83871
Raliegh, NC 1792 1258825 4830.5 260.6 18678.0 81802
Rochester, NY 1803 1159166 7037.2 164.7 17863.9 47275
Sacramento, CA 1839 2277843 10167.0 224.0 34020.6 124839
Salt Lake, UT 1847 1246208 10895.1 114.4 22387.0 59736
San Antonio, TX 1718 2239307 16213.5 138.1 44137.5 127773
San Diego, CA 1769 3144425 7668.0 410.1 29499.1 144194
San Francisco, CA 1776 4472992 5352.1 835.7 33483.0 172400
San Jose, CA 1777 1992872 4921.2 405.0 19824.6 93610
St. Louis, MO 1763 2934412 20184.1 145.4 57670.8 205269
Tampa, FL 1823 2858974 5756.8 496.6 31421.2 143714
Washington D.C. 1790 5916033 12735.0 464.5 74190.6 437470
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1. Wikipedia, Accessed 2014-06: http://www.wikipedia.org/
2. U.S. Census Bureau American FactFinder, 2010: http://factfinder2.census.gov/

3. Calculated from U.S. Census Bureau TIGER/Line Shapefiles, 2010: https://www.census.gov/geo/maps-data/data/tiger-line.html
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APPENDIX B: Road Networks for 50 U.S. Urban Systems

183



0 125 25 50 km Atlanta, GA 0 125 25 50 km AUStIn, TX

z) -

g G252 S0k Baltimore, MD 1o 5 i Boston, MA

184



2
)~

P
-¥"V\§'
42

0 125 25 50 km Buffalo. NY 0 125 25 50 km Carson. NV
’ S T S N | !

z)

o 125 25 o Charlotte, NC by 1 e Chicago, IL

185



. . 0 125 25 50 km land. OH
0 M2s e 0 Cincinnati, OH Cleveland,
T I

012525  50km Dallas, TX
0 125 25 50 km Columbus, OH L ’
ST T Y N

186



»

012525  50km Denver, CO 9 w2y a9 80 kmi Detroit, M|
A -
L4 7 b -
es j‘_“’ -
5
i
0 125 25 50 km Grand Rapids, Ml 0 125 25 50 km Hartford, CT

187



4>
=

o 2 2 Dk Honolulu, HI NI Houston, TX

2~
)~

0 125 25 50 km
ST Y |

0 125 25 50 km
ST |

Indianapolis, IN Jacksonville, FL

188



S P
BN g gl s
i e e
1,1._|1 i \Ak‘zj;:?»# o SE RS
Hv"L\ : i
SRR e
T 3 A TR
i 53 £
s & Vs
0 125 25 50 km Kansas, KS

0 125 25

z)

50 km

Lewiston, ID

189

0

0

125 25

125 25

50 km

Los Angeles, CA



—=

Memphis, TN

m

ki

50

125 25

0

Louisville, KY

50 km

125 25

0

<{=z

Milwaukee, WI

50 km

125 25

0

Miami, FL

50 km

125 25

0

190



A A

o W25 2 0 Minneapolis, MN e T i Nashville, TN
A )

o WZs 2 S0km New Orleans, LA e e New York, NY

191



—=z

%

5
S

S

H]]

il

=il

I

i

i

" HIF

e
R TTHH

[Reiaiiatanainin:

oy

[iataaiiateni)

it i
S

Orlando, FL

50 km

125 25

Oklahoma, OK g

50 km

125 25

0

=z

Phoenix, AZ

50 km

0 12525

Philadelphia, PA

50 km

125 25

0

192



A A

o 2 & 5y Pittsburgh, PA R S0k Portland, OR

0 125 25 Bk Providence, RI N e Raliegh, NC

193



0 125 25 50 km
Rochester, NY 9 128 2% S0:km Sacramento, CA

2~
)~

e Salt Lake, UT T T e San Antonio, TX

194



San Francisco, CA

60 km

30

15

San Diego, CA

50 km

125 25

0

St. Louis, MO

50 km

125 25

San Jose, CA 0

60 km

30

15

195



g azs o 30em Tampa, FL L2 Vi Washington D.C.

Figure B1. Relative sizes and shapes of the 50 urban road polygons analyzed in this study
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APPENDIX C: Details of Grid Creation for Chicago MSA
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Details of grid creation for Chicago MSA

As explained in the methodology, at first the MSA of the given urban area was chosen as its
extent. In the next step, successive grids with varying block sizes were created and then overlaid
on the road network, from which the cells needed to cover all the road segments within the MSA
were extracted. Figures below demonstrate the creation of grids with cells ranging from 10 km to
100 m for Chicago MSA road network. They show how the grid network evolves towards the
real road network. During this process, there are thresholds at which the grid network becomes
equivalent to the road network from area, line, and point dimensional perspectives. The last

figure demonstrates the real road network for visual comparison.

A A RN N
a) 10 km Grid Network b) 9 km Grid Network c) 8 km Grid Network
d) 7 km Grid Network e) 6 km Grid Network f) 5 km Grid Network
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APPENDIX D: Area, Point, and Line Thresholds for 50 U.S. Urban Road Networks
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Table 5 Area, point, and line thresholds for 50 U.S. urban road systems

Urban Area, State Area Threshold (m) Line Threshold (m) Point Threshold (m)

Atlanta, GA 872 610 270
Austin, TX 794 666 272
Baltimore, MD 390 352 153
Boston, MA 480 353 174
Buffalo, NY 971 615 270
Carson, NV 156 778 279
Charlotte, NC 672 627 267
Chicago, IL 984 321 179
Cincinnati, OH 745 668 249
Cleveland, OH 821 479 251
Columbus, OH 907 722 267
Dallas, TX 971 472 215
Denver, CO 1671 654 241
Detroit, Ml 751 381 204
Grand Rapids, Ml 792 926 395
Hartford, CT 545 514 245
Honolulu, HI 454 361 178
Houston, TX 904 450 210
Indianapolis, IN 863 575 213
Jacksonville, FL 923 670 271
Kansas City, KS 1028 793 282
Las Vegas, NV 1330 484 181
Lewiston, ID 663 980 727
Los Angeles, CA 962 230 152
Louisville, KY 767 879 327

202



Table 5 Area, point, and line thresholds for 50 U.S. urban road systems

Urban Area, State Area Threshold (m) Line Threshold (m) Point Threshold (m)

Memphis, TN 960 891 348
Miami, FL 1660 248 174
Milwaukee, WI 700 386 212
Minneapolis, MN 904 502 207
Nashville, TN 868 919 383
New Orleans, LA 699 372 189
New York, NY 501 282 170
Oklahoma, OK 955 828 296
Orlando, FL 1374 418 200
Philadelphia, PA 648 378 197
Phoenix, AZ 1200 535 221
Pittsburgh, PA 707 596 267
Portland, OR 787 722 270
Providence, RI 531 444 201
Raliegh, NC 637 562 231
Rochester, NY 881 874 380
Sacramento, CA 821 627 260
Salt Lake, UT 1033 957 397
San Antonio, TX 875 806 347
San Diego, CA 1129 413 186
San Francisco, CA 640 272 155
San Jose, CA 773 478 195
St. Louis, MO 880 753 287
Tampa, FL 756 315 180
Washington D.C. 467 361 162
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APPENDIX E: Density and Decay Indices for 50 U.S. Urban Road Networks
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Table 6 Density and Decay Indices for 50 U.S. Urban Road Networks

Urban Area, State Density Index (km) Decay Index (1/km) Fit Type

Atlanta, GA 20.24 3.9 Logarithmic
Austin, TX 44.855 0.673 Power Law
Baltimore, MD 31.692 6.633 Logarithmic
Boston, MA 29.722 5.79 Logarithmic
Buffalo, NY 19.897 4.344 Logarithmic
Carson, NV 22.281 0.914 Power Law
Charlotte, NC 16.034 3.198 Logarithmic
Chicago, IL 24.43 0.017 Exponential
Cincinnati, OH 49.53 0.675 Power Law
Cleveland, OH 13.39 0.023 Exponential
Columbus, OH 47.732 0.692 Power Law
Dallas, TX 22.61 4.244 Logarithmic
Denver, CO 19.475 0.026 Exponential
Detroit, Ml 18.225 0.018 Exponential
Grand Rapids, Ml 30.192 0.632 Power Law
Hartford, CT 26.681 0.541 Power Law
Honolulu, HI 22.073 0.586 Power Law
Houston, TX 18.448 0.019 Exponential
Indianapolis, IN 72.927 0.755 Power Law
Jacksonville, FL 32.15 0.625 Power Law
Kansas City, KS 20.921 4.207 Logarithmic
Las Vegas, NV 148.2 1.105 Power Law
Lewiston, ID 15.368 0.721 Power Law
Los Angeles, CA 27.803 4.908 Logarithmic
Louisville, KY 18.781 4.192 Logarithmic
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Table 6 Density and Decay Indices for 50 U.S. Urban Road Networks

Urban Area, State Density Index (km) Decay Index (1/km) Fit Type

Memphis, TN 32.929 0.656 Power Law
Miami, FL 17.908 0.021 Exponential
Milwaukee, WI 27.063 5.803 Logarithmic
Minneapolis, MN 92.52 0.742 Power Law
Nashville, TN 26.233 0.576 Power Law
New Orleans, LA 63.23 0.854 Power Law
New York, NY 20.149 0.013 Exponential
Oklahoma, OK 51.494 0.712 Power Law
Orlando, FL 21.955 4.632 Logarithmic
Philadelphia, PA 52.557 0.571 Power Law
Phoenix, AZ 19.883 0.026 Exponential
Pittsburgh, PA 43.931 0.606 Power Law
Portland, OR 29.404 6.371 Logarithmic
Providence, RI 36.808 0.586 Power Law
Raliegh, NC 53.298 0.723 Power Law
Rochester, NY 40.877 0.709 Power Law
Sacramento, CA 42.276 0.643 Power Law
Salt Lake, UT 55.928 0.818 Power Law
San Antonio, TX 59.363 0.725 Power Law
San Diego, CA 44.855 0.666 Power Law
San Francisco, CA 18.316 0.019 Exponential
San Jose, CA 24.289 5.063 Logarithmic
St. Louis, MO 92.722 0.801 Power Law
Tampa, FL 46.73 0.576 Power Law
Washington D.C. 28.348 5.341 Logarithmic
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APPENDIX F: Characteristic Maps for 50 U.S. Urban Systems
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Density Index (km?)  16.034
Decay Index (1/km) 3.198
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Density Index (km?) 24.43
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Founded in 1796
Population 2272776
Pop Density (/km?) 470.8
Area (km?) 48275
Road Length (km) 19472.2
# of Intersections 64630
Area Threshold (m) 821
Line Threshold (m) 479
Point Threshold (m) 251
Density Index (km?) 13.39
Decay Index (1/km) 0.023
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# of Intersections 350762
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Point Threshold (m) 215
Density Index (km?) 22.61
Decay Index (1/km) 4.244
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Road Length (km) 46547
# of Intersections 182157
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Road Length (km) 46880.4
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Founded in 1637
Population 1400709
Pop Density (/km?) 401.6
Area (km?) 3487.6
Road Length (km) 14992.7
# of Intersections 56695
Area Threshold (m) 545
Line Threshold (m) 514
Point Threshold (m) 245
Density Index (km?)  26.681
Decay Index (1/km) 0.541
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Founded in 1809
Population 953207
Pop Density (/km?)  1229.3
Area (km?) 775.4
Road Length (km) 4678.9
# of Intersections 22904
Area Threshold (m) 454
Line Threshold (m) 361
Point Threshold (m) 178
Density Index (km?)  22.073
Decay Index (1/km) 0.586
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Founded in 1837
Population 6052475
Pop Density (/km?) 294
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Founded in 1822
Population 1451740
Pop Density (/km?) 202.1
Area (km?) 7182.3
Road Length (km) 22067.4
# of Intersections 76396
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Density Index (km?) 32.15
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Founded in 1868
Population 2138010
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# of Intersections 184748
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Point Threshold (m) 282
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Decay Index (1/km) 4.207
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Founded in 1781
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Pop Density (/km?) 1196.6
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Founded in 1778
Population 1443801
Pop Density (/km?) 156.5
Area (km?) 9227.8
Road Length (km) 24453.7
# of Intersections 82680
Area Threshold (m) 767
Line Threshold (m) 879
Point Threshold (m) 327
Density Index (km?)  18.781
Decay Index (1/km) 4.192
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Founded in 1779
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Pop Density (/km?) 128.1
Area (km?) 13588.3
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# of Intersections 90700
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Founded in 1875
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Characteristics

Founded in 1790
Population 5916033
Pop Density (/km?) 464.5
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Road Length (km) 74190.6
# of Intersections 437470

Area Threshold (m) 467
Line Threshold (m) 361
Point Threshold (m) 162

Density Index (km?) ~ 28.348
Decay Index (1/km) 5.341



APPENDIX G: Copyright Authorizations

258



Farideddin Peiravian
Civil and Materials Engineering Department
University of Illinois at Chicago
842 W Taylor St, MC 246
Chicago, IL 60607
Sep. 29,2014
Mr. Robert Wolstenholme
wolstenholme.images@yahoo.co.uk
http://www.robwolstenholme.co.uk/

RE: Permission to use a photo taken by you in my PhD thesis

I am writing to request permission to use the following photo taken by you in my PhD thesis

with proper reference to you:

If you kindly agree, please sign and date below and return a scan of this request to me.
Thank you for your kind consideration of my request.

Sincerely,
£ Rinesd

Farideddin Peiravian

The above request is ap| g
Approved by: it Z)& LDocsnendo &

Date: Q~O(,'\' 2ol

Authorization for Figure 5

259



http://www .elsevier.com/journal-authors/author-rights-and-responsibilities

http://www.elsevier.com/journal-authors/author-rights-and-responsibilities#fauthor-use

Joumals & books

For Authors

Journal authors' home
Author Rights

Ethics

Agreements

Open access

Author services

Early career researchers
Authors' Update

Book authors' home
Sharing your article
Journal and article metrics

Promote your article

Type here to search on Elsevier.com

Folowus: 3 @ » &

Advanced search Help & Contact

Solutions Authors, editors & reviewers About Elsevier Community Store

Author Rights

Elsevier supports the need for authors to share, disseminate and maximize the impact of their research. We take our responsibility as stewards of
the online record seriously, and work to ensure our policies and procedures help to protect the integrity of scholarly works.

Author's rights to reuse and post their own articles published by Elsevier are defined by Elsevier's copyright policy. For our proprietary titles, the
type of copyright agreement used depends on the author's choice of publication

For subscription articles: These rights are determined by a copyright transfer, where authors retain scholarly rights to post and use their articles.
For open access articles: These rights are determined by an exclusive license agreement, which applies to all our open access content.

In both cases, the fundamental rights needed to publish and distribute an article remain the same and Elsevier authors will be able to use their
articles for a wide range of scholarly purposes.

Details on how authors can reuse and post their own articles are provided below

Help and support
For reuse and posting not detailed below, please see our posting policy, or for authors who would like to

+ Include material from other sources in your work being published by Elsevier, please visit Permission seeking guidelines for Elsevier authors

+ Obtain permission to re-use material from Elsevier books, journals, databases, or other products, please visit: Obtaining permission to reuse
Elsevier material

« Orif you are an Elsevier author and are contacted by a requestor who wishes to re-use all or part of your article or chapter, please also refer
them to our Obtaining Permission to Re-Use Elsevier Material page

+ See our FAQ on posting and copyright queries.

«+ Contact us directly, please email our Permissions Help Desk.

Definitions Author Posting Author Use

How authors can use their own journal articles

Authors can use their articles for a wide range of scholarly, non-commercial purposes as outlined below. These rights apply for all
Elsevier authors who publish their article as either a subscription article or an open access article

‘We require that all Elsevier authors always include a full acknowledgement and, if appropriate, a link to the final published version
hosted on Science Direct.

For open access articles these rights are separate from how readers can reuse your article as defined by the author's choice of
Creative Commons user license options

[ Authors can use either their author ipt orfinal article for:

V Use at a conference, meeting or for teaching purposes

Internal training by their company

Sharing individual articles with colleagues for their research use™ (also known as 'scholarly sharing')
Use in a subsequent compilation of the author's works

Inclusion in & thesis or dissertation

<[<]&T<

Authorization for Chapter 6.2

Monday, September 29, 2014

260



VITA

FARIDEDDIN PEIRAVIAN

EDUCATION

2011-2014

1992-1994

1985

Ph.D. Degree, Civil/Transportation Engineering

University of Illinois at Chicago, Chicago, Illinois, U.S.A.
Dissertation: “Geometric Complexity of Urban Road Networks
GPA: A

Master’s Degree, Civil Engineering

McMaster University, Hamilton, Ontario, Canada

Thesis: “Interpretation of In-situ Pavement Properties Using FWD Testing Technique ”
GPA: A

B.Sc. Degree, Civil Engineering

Shiraz University, Shiraz, Fars, Iran

GPA: 3.67/4.00, Ranked 1* among the graduating class

SPECIAL INTERESTS

Mathematical Paradoxes
The Human Nation
Sustainability
Complexity

Fractals

261



