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Abstract. The increasing population size of cities makes the urban
fabric ever more complex and more disintegrated into smaller areas,
called neighbourhoods. This project applies methods from geoscience
and software engineering to the process of identification of those
neighbourhoods. Neighbourhoods, by nature, are defined by connectivity, centrality and similarity. Transport and geospatial datasets are
used to detect the characteristics of places. An unsupervised learning
algorithm is then applied to sort places according to their characteristics and detect areas with similar make up: the neighbourhood. The attributes can be static like land use or space syntax attributes as well as
dynamic like transportation patterns over the course of a day. An unsupervised learning algorithm called Self Organizing Map is applied
to project this high dimensional space constituting of places and their
attributes to a two dimensional space where proximity is similarity
and patterns can be detected – the neighbourhoods. To summarize, the
proposed approach yields interesting insights into the structure of the
urban fabric generated by human movement, interactions and the built
environment. The approach represents a quantitative approach to urban analysis. It reveals that the city is not a polychotomy of neighbourhoods but that neighbourhoods overlap and don’t have a sharp
edge.
Keywords. Data analytics; urban; learning algorithms; neighbourhood
delineation.
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1. Introduction
Understanding the urban fabric depends on understanding the underlying
structure. Urban structure is the arrangement of urban spaces, the relationships that the urban fabric permits and the interactions that comprise of people, freight and materials, and information (Rodrigue et al, 2013). These interactions influence transportation, economic growth, social equity, and
urban development. The urban form therefore has a direct impact on the configuration of the city through local efficiency, equity, quality of life and
health. The form of human settlements develops from a central market towards a polycentric; decentralizing form due to increased equity, mobility,
transfer of information and population. This can lead to heterogonous urban
sprawl with a complex hierarchy of centres, neighbourhoods, and communities connected through transport and information systems. The question this
paper addresses is how can we detect and represent this complex system of
centres and neighbourhoods? This has implications for governance, planning
and design.
The development of the urban fabric is driven by changes to the transportation and information systems that allow urban dwellers to be connected to
any place and makes places more accessible (Anas et al, 1998). With an increasing complexity of human movement the urban space is under constant
reconfiguration. Urban dwellers are the carrier and transporter of materials,
money, and information between places. Travel and the travel infrastructure
is therefore a proxy to understand the spatial configuration of neighbourhoods. To explore this further, this paper tries to identify the following elements of the urban fabric:
• Connectivity: the relative ease of travel from a place to places
• Centrality: the number of transportation routes that travel through a particular place, as well as the relevance of the area with respect to other places
• Similarity: the rate of change in urban indicators between places
• Boarders: the socioeconomic boundaries that are can be detected by aggregated travel location choices that subdivide the city

To identify connectivity, centrality, similarity and borders a combination
of transportation and geospatial data is used. This paper applies urban analytics approaches that borrow methods from informatics, statistics and geoscience augmenting them with spatial information. One of the contributions
of this paper is the combination of data sources with different properties,
such as temporal data and static data that are not usually combined.
To identify connectivity, the existing physical road network is used to
perform graph analysis. In particular the integration of each of the >1.45 mil-
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lion links with respect to the rest of the network, i.e. its proximity to all other
links in the network, and its centrality, i.e. the number of shortest paths every
link to all other links going through a particular link. The transportation data
for a single day is a representative sample of the population of Victoria (~5.8
million) collected by the Department of Transport containing 151,713 trips
for a day in 2007 and 163,299 for a day in 2009 that also contain additional
information on the purpose of the trip (DOT, n.d.).
The analysis presented in this paper is applicable in two ways. First, we
apply a myriad of established methods on the state of Victoria and validate
our ideas on ‘what constitutes a neighbourhood’ from novel insights into the
actual structure of Victoria. Second, we introduce a learning algorithm to
evaluate urban configurations including the workflow that combines not only
attributes of locations or networks and flows but all of the above.
The rest of the paper is organized as follows. Section 2 provides a review
of existing research in the field, leading to the conclusion that the presented
approach is novel in its use of multiple sources of data and methods. Section
3 introduces and elaborates on the methods applied and invented in this paper. Section 4 presents the example application on the state of Victoria, Australia, the data sets used and the results. Section 5 concludes with a critical
discussion and an outlook on unsolved problems.
2. Related research
Although this research is motivated by recent development in both software
tools and availability data, it addresses a classic problem of decomposing the
city into smaller neighbourhoods. In spatial analysis this problem is known
as ‘aggregation problem’ where researchers are either decomposing spatially
aggregated data or aggregate data from individual observations to spatial areas or zones. The methods use commonly characteristics based on demographic, economic, or ethnographic structures and apply methods from fields
like transportation planning, mathematics, statistics, or geography.
In the 1960s a formal tool to derive mutually exclusive or overlapping hierarchies in large data sets was pioneered by Berry (1967) and extended to
interaction data including densities, volumes, and directions of flows, which
is the basis from which to create a spatial system based on aggregation
(Slater, 1976; Batty, 1978). Approaches using stochastic models to predict
land use exist since the early 19th century (von Thunen, 1875) and have seen
a revival through the implementation in cellular automata (CA) (Batty,
2007). CA has provided intriguing results since their conception in the 1950s
(Von Neumann, 1951). The increase in computing power allowed for an ever-increasing refinement of the individual cells. The availability of more
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longitudinal data helps to define the underlying function. Problematic in this
approach is the ‘one size (of raster and time) fits all’ that does not differentiate between areas of high heterogeneous activity or change within a city.
Network based analysis was pioneered by Nysten and Dacey in the 1960s
using graph theory to spatially partition the city. This approach was very rudimentary and it took until the development of network science in the last
two decades for these methods to appear.
Increased sensor density and storage of urban data has created a momentum in the analysis of networks and flows in cities. These ‘big’ data sets are
investigated to gain insights into the dynamics of human movement and activity (Zhong et al, 2014). Methods are borrowed from other fields such as
the statistical analysis of human travel behaviour on transportation data
(Park et al, 2008; Liu et al, 2009; Kang et al, 2013; Munizaga and Palma,
2012). Over time these evaluations of activity and travel patterns led to the
detections and identification of the fine urban spatial structure. In London
Roth et al (2011) used Oyster Card data and in Singapore Ordóñez and Erath
(2013) used stochastic models to estimate workplaces. Machine learning
methods are implemented to derive land use from mobile phone use patterns
(Toole et al, 2012). These datasets allow us to discover patterns in the urban
fabric useful for a variety of application (Jiang et al, 2012; Song et al, 2010;
Noulas et al, 2012; Simini et al, 2012).
Detecting a pattern in the urban fabric is the first step in evaluating the
impact of change over time though planning and design interventions. These
changes are important to estimate the impact of changed activity and
transport patterns on social, environmental, and economic systems (Páez and
Scott, 2005).
Current approaches use either geospatial or transportation data to detect
networks of flow and activities. This paper aims to extend the current system
by extending the analysis from a single data set to a multitude of data sets
regardless of their structure.
3. Method
This project proposes the integration of network graph analysis, spatial analysis and temporal transportation data through an unsupervised learning algorithm. Therefore the rest of this section is organized starting with the data
sources, elaborates on the graph generations for network analysis and explains the applied methods for evaluations.
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3.1. CONNECTIVITY AND CENTRALITY
To identify centrality 𝐶!"#$%&'#!(" or 𝐶!!!"#$ the existing road network is
used to create a graph. The road networtk is divided into segments of 5m
lengths that contain only the geometric value of angular change to all connecting links. This enables us to create shortest paths with angular change as
a cost function. The number of all shortest path from a particular link to all
other is the centrality of integration of the particular link 𝑘.
𝐶!!!"#$ (𝑘) =

!" 𝛿!"

(𝑘)/𝛿!"

(1)

where 𝛿!" (𝑘) is the number of paths between any two links 𝑖 and 𝑗 going
through 𝑘. Since the shortest path from each link to all others is available the
number of shortest paths going through each link can be counted. This represents the ‘busyness’ of a link (Hillier and Hanson, 1984).
Summing up the distance of shortest paths to all other links in the network is an indicator on how well a link k is integrated within a graph.
𝐶!"#$%&'#!(" 𝑘 =   

!( !
! !!" !!)
!!!

(2)

with 𝑎!" being the shortest distance between the links 𝑖 and 𝑘 and 𝑛 denoting the total number of links.
3.2. SELF ORGANISING MAP
In order to incorporate multiple datasets with different characteristics and to
derive a model an unsupervised learning algorithm is applied called ‘Self
Organizing Map’ (SOM). SOM is a data-driven modelling method introduced by (Kohonen, 1982). The method transforms an n-dimensional space
into a low-dimensional space (two in this case) while keeping the topology
of the n-dimensional space. This means that two points that were close in the
n-dimensional space will be close in the lower dimensional space. The lowdimensional space is called map. The map consists of nodes with coordinate
(𝑥!! , 𝑥!! ) and a high-dimensional vector 𝑊! = 𝑤!! , … , 𝑤!" that contains
the original data from the n-dimensional space.
This data transformation delivers two-dimensional maps with smoothly
changing patterns of data. This method allows integrating incomplete datasets, e.g. vectors with missing values 𝑤!" by inferring values through nonlinear approximation.
The two dimensional maps lend themselves to find clusters of similarity
by a k-nearest neighbour algorithm (KNN). This method returns a cluster
membership for each node depending on the vector 𝑊! (Moosavi et al,
2015).
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4. Application to Victoria, Australia
4.1. SALIENT CHARACTERISTICS OF VICTORIA
Victoria is a state of Australia that covers 237,629 km2 and has a population
of ~5.9 million which are mainly living around the Port Philip bay and includes the principal settlements of Melbourne and Geelong, respectively the
State’s largest and second largest cities. The urbanization of the area commenced with the discovery of gold and lead to the rapid increase of population through migration to gold mining towns like Ballaarat and Bendigo. The
state is divided into 9,306 census districts.
4.2. MULTI DIMENSIONAL MAPPING
The initial investigation into both transport and geospatial data uses a multidimensional interactive visualization to represent the temporal patterns of
different modes of transportation (bus, car, public transport, cycling, walking), the motivation of trips for the years 2007 and 2009. This visualization
renders each of the dimensions mentioned above on the level of a CCD. The
data is aggregated in 15min intervals. The representation dynamically represents the transportation data and allows selecting different modes of transportation and their origin and destinations. The ground plane represents the
different functions present in each CCD and can change.
4.3. CENTRALITY EVALUATION OF THE STREETNETWORK
The investigation to identify centrality and centres uses the street network as
basis. The Integration and Choice calculation method is applied to a network
of 1,267,318 links.

Figure 1. Integration measures on the Victoria street network with a radius of 2,500m colour
indicating the relative value of integration light grey to black (high)
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Figure 2. Choice measure on the Victorian street network with radius of 1,000m colour indicating the relative value of choice from light grey to black (high)

The integration (radius of 25km) map highlights the state capital Melbourne. By reducing the radius down to 5km and 2.5km sub-centres are
highlighted.
Choice shows an even more refined representation of sub centres that
even highlights particular neighbourhoods within the metropolitan area that
are local hubs.
4.4. SIMILARITY DETECTION WITH SOM
To find places with similar characteristics the data-driven method SOM is
applied to transform the data space where similarity can be detected. This
requires the following 3 steps: data aggregation; data transformation from a
high to a 2D-map; identifying clusters.
First multidimensional vector is generated for each CCD that contained
the static information about the street network and the modes of transportation used to start or end trips in each CCD. The selection of dimension was
driven by the availability and can be extended. Second, a SOM is applied
that delivers a 2D-map with a smoothly changing pattern. This is true for all
dimensions of the high-dimensional data space allowing us to apply pattern
recognition on the map. Third, to find similarities a k-nearest neighbour algorithm is applied that find clusters of similarity. This involves a random
starting position and iterate until the clusters boundaries stabilize. The cluster membership is then exported and shown on the map (see Figure 3 and
Figure 4)
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Figure 3: Cluster membership in the metropolitan area of Melbourne derived from transport
data through a SOM.

Figure 4: Cluster membership in victoria derived from transport data by applying SOM.

Similarity in does not lead to geographically congruent clusters. This is to
be expected since several properties appear in different areas.
5. Conclusion and Discussion
The capability of analytical tools to evaluate the urban fabric and provide
guidance to urban designers, planners and politicians was shown in this project by using transportation and geospatial data to infer neighbourhoods. It
also highlighted the requirement to go beyond multidimensional mapping
since evaluating multidimensional data streams in real-time is beyond human
capability.
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The choice of using multimodal transport data, geospatial data as well as
network evaluations to detect neighbourhoods has shown promising results.
That the urban environment drives ‘transportation mode choice’ is a known
fact; inverting this fact to derive neighbourhood qualities is interesting but
requires further research. The evaluation of street graphs has provided a set
of very clear neighbourhoods that are very similar to the settlement clusters
in Victoria. The street graph evaluation also provides insights into the local
centrality by highlighting streets that are more frequented which correlate
with street life and commercial activity. This is essential for the choice and
location of urban interventions.
All of the evaluation methods only provide a single point of view and require more than combining combined method to gain a more holistic view
on the city. The capability of the SOM as a data-driven modelling method to
combine and structure multidimensional data has helped to overcome this
limitation. This is particularly true since it allows us to overcome excessive
dimensionality and incompleteness of data problems. Even though the SOM
is a robust method, the application of evaluation methods described earlier in
this paper is not a complete set of evaluation tools.
The results show that the clusters and network centres are not necessarily
congruent, indicating that urban locations are used by multiple communities
and are not only connected in one direction. This shows that the city cannot
be understood as a polychotomy but as a collection of distinct neighbourhoods, and as a multi-layered conglomerate of many separated and interactive communities.
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