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Abstract. The advancement of sensor technologies makes it possible
to collect large amounts of dynamic urban data. On the other hand,
how to store, process, and analyze collected urban data to make them
useful becomes a new challenge. To address this issue, this paper proposes a visual analytics framework, which is applied to transportation
data to manage and extract information for urban studies. More specifically, the proposed framework has three components: (1) a geographic information system (GIS) based pipeline providing basic data processing functions; (2) a spatial network analysis that is integrated into
the pipeline for extracting spatial structure of urban movement; (3) interactive operations allowing the user to explore and view the output
data sets at different levels of details. Taking Singapore as a case
study area, we use a sample data set from the automatic smart card
fare collection system as an input to our prototype tool. The result
shows the feasibility of proposed framework and analysis method. To
summarize, our work shows the potential of geospatial based visual
analytics tools in using ‘big’ data for urban analysis.
Keywords. GIS; visual analytics; transportation data; flow map; spatial network analysis.

1. Introduction
The advancement of sensor technologies makes it possible for us to easily
and cost-efficiently capture and store massive amounts of location data in a
way that was almost impossible before. These available data sources, such as
social media, GPS traces, and the rapid evolution of information-related
techniques, such as GIS, are changing the way urban studies may employ data collection and analysis. Along with these changes, there are new challeng-
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es emerging. The first is the lack of intuitive and streamlined ways to process massive data sets. The volume of automatically collected data sets increase at a dramatic speed. These large data sets need to be managed with
data management tools, which are often too advanced and complicated for
general users. The second challenge is the lack of adequate analysis methods
to extract hidden information, such as regularities and patterns from raw data
sets. And finally, proper representations of information in the context of urban design and planning need to be devised. In a boarder sense, these issues
are about how to make raw data readable and meaningful in given specific
contexts. To deal with these issues, this paper presents a visual analytics
framework based on integrated geospatial methods. In particular, we develop
a flow map for transportation data to make insights of urban movements.
There are three major contributions in this work:
 First, we propose a framework for visualizing massive transportation data,
which is based on a geospatial pipeline. It integrates advanced spatial analysis methods and allows users to explore the data interactively.
 Second, we present a geospatial network analysis method. It allows extract of
spatial organization from the analysis of urban movement patterns. The extracted information is used in views at different levels of details of large
transportation data.
 Finally, we develop a prototype of a flow map, which is based on our proposed framework. Singapore transportation data is used as input to illustrate
the feasibility of the proposed framework and analysis method.

2. State of the art
This work is positioned in a disciplinary fields crossing urban studies, geospatial analysis and visualization, which are all very broad and extensively
studied fields. In this section we discuss selected relevant works that are related to this work.
Integrated geospatial analysis. A recent expression of the long tradition
in urban analysis of rapidly embracing technological developments is the
adoption of GIS (Páez and Scott 2005). Many applications can be found
(Maguire, Batty and Goodchild 2005). However, though GIS is considered a
powerful and successful tool, it is mostly used as a data inventory and information management tool rather than a spatial analytical and modeling tool.
As pointed out, "frequently missing is any understanding of the objects beyond that required to generate the representations themselves. " (Flaxman
2010). This issue becomes even more crucial in the age of ‘big’ data. Taking
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this challenge, this paper explores potentials of integrated geospatial techniques that can be applied to large transportation data for urban studies.
‘Big’ data analysis for urban studies. As indicated, available urban data
has become much larger and richer than that ever before. In fact, valuable
insights have been gained through analysis of ‘big’ movement data. Examples are the analysis of daily activity patterns from mobile telephone location
data (Ratti et al. 2006); spatial structure detection from urban activity patterns (Zhong et al. 2013); or work capacity inference with regression models
using smart card data (Ordóñez Medina and Erath 2013). The availability of
massive data sets as well corresponding new methods opens another door for
us to look into interactions between humans and space. How to empower the
current technology to make use of the available data sets for certain application is the question we aim to answer.
Flow map visualization. Geo-visualization is a powerful tool in terms of
conveying information and improving communication. For visualizing kinds
of movements, traditional flow maps simply use arrowed curves with various
sizes and colors to represent information in terms of direction, volume and
speed. Many examples can be found such as the famous flow map by
Charles Minard showing of Napoleon's march; computational wind maps
(http://hint.fm/wind/), interchange flow charts (Zeng et al. 2013) or spatiotemporal visualization of trajectories (Zhong et al. 2012). These examples
provide intuitive views of flows. However, analysis of important properties
and structures of the network is missing. It has been explored in (Guo 2009)
that using network analysis methods to aggregate areas, which are nodes in
the context of a flow map. Similar work has been done in other applications
using network analysis (Thiemann et al. 2010, Ratti et al. 2010). Based on
these previous achievements, we continue exploring the use of network
analysis methods and integrate it into a GIS-based framework.
3. A flow visualization tool for ‘big’ transportation data
3.1. FRAMEWORK
The proposed of visual analytics framework can be decomposed into three
components (Figure 1), which are explained as follows:


A GIS-based data processing pipeline serves as a basic collected and
sensed data processing engine. The input is a raw data set. The outputs are
data views at different levels of detail (LOD). LOD 1 outputs cleaned up
data sets; LOD2 outputs aggregated data, generated by simple database
queries. LOD3 outputs aggregated data, which is generated by our proposed spatial network analysis method. A graph view outputs the results of
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the spatial network analysis, which is an advanced analysis method and integrated in the pipeline.


A spatial network analysis method is the core part of our framework.
Here, we take the individual’s travels as a proxy for the transfer of urban
stocks, such as products, money information and so on. In this process, millions of original data records can be greatly reduced by aggregating.
Meanwhile, centrality indices and spatial organization of urban areas are
extracted from analysis of urban movement patterns.



Interactive operations are used to explore the data sets and to interact with
them. A graphical user interface is implemented that allows users to select
add travel records to perform a real time analysis. These user interactions
are supported to facilitate the understanding of the process of data analysis
and the analyzed results.

In a broader sense, this framework can be used in a more general context
for integrated geospatial methods. In the following three sections, we give
more detailed introductions of these three core components.

Figure 1. The proposed visual analytics framework.

3.2. A GENERIC GIS-BASED DATA PROCESSING PIPELINE
As shown in Figure 1, the overall framework is built on top of a traditional
GIS data processing pipeline. ArcGIS1 is used in this work as basis for data
management and processing. Multiple data sources will be reformatted into
uniform structures as inputs of the pipeline.
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Figure 2. Data structure in network space and geographical space. The dash line with two
arrows shows the correspondence between elements in two spaces.

Each object such as an area or a flow will be represented in two types of data
structures. The first one is the traditional geographical data structure. The
second one is a network data structure. Elements in these two structures are
corresponding to each other. As shown in Figure 2, a node denotes a spatial
unit (area) and edges denote human flows between two areas.
3.3. SPATIAL NETWORK ANALYSIS
The nodes and edges together construct a network representing spatial interactions. Thus, a spatial network analysis is conducted to uncover the hidden
information of urban movements. Complex network analysis has been applied in many applications such as space syntax for road networks (Hillier
2007), and more recently been used to analyze movement data. Here, we analyze two kinds of network properties, PageRank and Community, and use
them as urban indices. In fact, more urban indices could be adopted from
network analysis. The two proposed in this paper are demonstrations.
Moreover, this paper focuses on linking the network characters to the
perspective of urban analysis. Mathematics behind these measures can be
further referred to related works in complex network analysis like (Newman,
2003). The measure of PageRank we use here is based on method in which
they determine the importance of nodes in a network in analogy to Google’s
PageRank (Brin and Page 1998). And the community detection is based on
the measured PageRank value and an entropy calculation. More details of
calculations can be referred to (Rosvall and Bergstrom 2008), which we used
to perform the analysis in this paper, since it is one of the recent algorithms
that have an excellent performance (Lancichinetti and Fortunato 2009).
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3.3.1. PageRank – an attractive index of urban areas
PageRank measures the role of a node in attracting flows from all nodes in
the network. The measure is a generic representation of the probability of
any random walker on a network visiting a particular node. In reality, it
measures the role of an area in attracting urban flows such as people, information and so on. The areas with higher value of PageRank are important
urban hubs for transferring and exchanging urban stocks and flows.
3.3.2. Community detection – an index to define neighborhood
Communities in a network are generally defined as groups of nodes with
dense connections internally and sparser connections between groups. In reality, communities refer to neighborhoods in which, people have more internal movements than that going outside. The community’s structure is generated by the nature patterns of the network itself. It is a matter of common
experience that people do divide into groups along lines of interest, occupation, ago, and so on (Newman, 2003). In our case, urban traffic flow is a
proxy of interactions between spaces. The nodes denote areas in reality. The
areas which have more internally interactions are closely connected and
clustered into one community.
3.4. INTERACTIVE VISUALIZATION
In the third component of the framework, properties of original data and extracted information from the network analysis are mapped back to geographical space, and queried and explored by interactive operations. In the following two subsections, two main functions are presented.
3.4.1. Information query of aggregated data
Multiple levels of detail data views are achieved by data aggregation techniques, which are widely used in many visualization applications to simplify
flooding information and give clear views. In our case, the first level of data
view is the row data set. The second and third level data views are achieved
by basic and advanced aggregation methods that we explain as follows:
A commonly used method is to aggregate data by certain attributes. For
instance, when aggregating individual trip records, we can group them by
starting time, ending time or even personal information and so on. This aggregation can be easily done by standard database query functions. With GIS,
a spatial joint could be done to aggregate data by location information,
which are sub-zones in this paper.
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As a higher level of data aggregation, we use results from the network
analysis. Subzones are aggregated into big neighborhoods corresponding to
the communities detected from network analysis, which reflects the spatial
structure emerging from urban movements.

Figure 3. In the three level of details, area referring to different elements in reality. Trips are
aggregated by stops, subzones, neighborhoods that defined by community detection.

3.4.2. Linkage: interactions between geographical and network window
Besides basic operations, like zoom in and zoom out to get views with different levels of details, click to query the information of lands and flows, we
highlight a linkage operation, since the objects in two data structures are corresponding to each other. Computed results in the network view will be directly mapped to the geographical view. Vice versa, changes in the geographical view are reflected in the network view. Instead of a black box, this
linkage operation between two views provides a transparent way to users for
a better understanding and controlling analysis processes.
4. Implementation and results
In this section, we demonstrate our framework, analysis results and interactive visualization with a case study of Singapore using sampled smart data
sets. This prototype of flow visualization is implemented in Java, using the
third party dynamic graph library GraphsStream2. The preliminary data processing is done with ArcGIS. Input data is a sample set from one-day public
transport smart card data in April 2011, generated by the automatic fare system. The tap in / tap out events create around 5 million daily travel records.
As we show here, Figure 6 shows the two types of views provided by our
tool. Figure 4 shows queried and compared flow information at a subzone
scale. By clicking one zone, all connections between this zone to the others
are shown as curve-lines.
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Figure 6. There are two views in the tools: network view and geographical view. Elements in
each view are corresponding to each other. This example shows the linkage functions. When
the tools started to load trip data, the geographical view is adding links between stops, and on
the other side, the network view is add nodes and links.

Figure 4. Visualization of flows at subzone level. Trips are aggregated by subzone. By selecting in visual zones, you can get detailed information. By a visual comparison, you can see that
subzone in left figure has less interactions than that in right figure.

Figure 5. Real-time analysis of changing flows.
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In Figure 5, we demonstrate a real-time analysis. PageRank is computed
iteratively in the network space and results are shown in the geographical
view simultaneously. Besides analyzing collected data sets, users can also
add data by themselves. In figure (top), we selected 25 subzones as a test
case. The traffic flows between 25 subzones are shown in a network view
(top left), the calculated centrality value (PageRank) is mapped with colors
(red to blue, high to low) in the geographical view (top right). In the figure
(bottom), we show that if we add two subzones into the flow network by
adding few flows, global centrality values are changing.
This tool could be used by different groups of peoples. Planning decision
makers, who are mostly concerned about the global distribution of people,
can map and obtain insights of spatial structures and urban movements. Urban designers who want to use big data for urban studies, such tools are a
way to convey the massive data into readable views. Transportation planners,
who are mostly concerned about traffic conditions, can have a better idea of
the impacts of their decisions on transportation planning on the distributions
of urban resources.
5. Conclusion and future work
In this paper, we presented a generic of visual analytics framework, which is
based on integrated geospatial techniques. The purpose of this work is to facilitate geospatial technique for design and planning use, especially, for ‘big’
data sets. The implemented prototype as well as the case study shows the
feasibility of the proposed framework and method. As follow up work of this
research, there are many potential areas to explore. In our work, primary data
processing is done separately in ArcGIS, parts of network analysis is also
pre-calculated due to limitations of computing power, while visual analytics
is done with a self-developed tool. To integrate these parts into one platform
to achieve real-time big data processing and analysis is one direction that we
want to go. Other improvements will be made on analysis methods to mine
out more hidden information. In sum, integrated geospatial techniques are a
way to make use of huge location and movement data sets for urban studies.
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Endnotes
1. Esri, http://www.esri.com/software/arcgis (accessed on 10.12.2013).
2. GraphStream. http://graphstream-project.org/ (accessed on 10.12.2013).
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