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Abstract. Cities are complex systems shaped by simultaneous dynamic processes. While an
increased number of studies focus on analysing urban big data, the attempts predominantly
propose means for data visualisation, and fall short in data interpretation and guidance. In
response, this paper aims to systematically understand dynamic urban big data, trends and
anomalies in city functioning. We outline a comprehensive framework and “DataCube-CityScan”
platform that harness on dynamic economic, societal, environmental, health and attitudinal data
available in Singapore (e.g., people movement, public transport use, shopping behaviour). We
use GIS alongside multiple outlier detection algorithms to analyse and identify specific trends
and anomalies in real-time and alert city officials to respond and make informed and timely
decisions, monitor changes, plan actions and strategies, and maximise their resources.
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1. Introduction

Cities are complex systems shaped by numerous simultaneous dynamic processes, which either
work in harmony and keep the system healthy and thriving or converge into conflicts and cause
anomalies and disruptions. The ways cities have developed historically and how these processes
have manifested were considerably dependent on technological advancements, which arguably
became more rapid in recent decades. According to Smith and Lobo (2019), contemporary cities
can be described as both the devices of innovation and growth, and the containers of intensive
social relations, the so-called ‘energized crowding’. Such concentrations of structure,
infrastructures, information, people and processes that are constantly changing require more
robust, dynamic and resilient urban management mechanism to support city planning and
growth.

With the advancement of information and communication technology (ICT) in cities, enormous
amount of urban data is generated by the minute, concerning various aspects of everyday city’s
functioning. By using this dynamic real-time data alongside the conventional static and semi-
static data, planners and city officials can bridge the gap between different temporal scales of
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urban activities (Batty and Kandt, 2021), which can allow for deep understanding of complex city
processes and urban structures. This in turn helps to create timely and more refined policies,
guidelines and actions to manage these processes.

Unsurprisingly, the questions of ‘When, Where and How’ to use such vast, high frequency
dynamic urban data reflect critical challenges. While there have been numerous studies that
focused on a single domain or type of dataset to analyse, visualize variables, and solve a
particular set of problems or hypothesis, very few studies have focused on using multiple
datasets of different characteristics of the city simultaneously (Puiu et al., 2016). Moreover,
recent studies tended to propose smart new means for big urban data visualisation, while also
falling short in data interpretation and planning guidance.

In response, this paper outlines part of a larger study done in Singapore to systematically
approach the vast expanse of urban big data and develop an alert system for the city officials
and agencies to understand the underlying anomalies in the everyday city functioning.
Singapore being one of the smartest cities in the world provides a range of open data at various
scales and velocities (Lee et al., 2016). This paper presents a multi-perspective “Data Cube”
framework to collect, aggregate and visualize dynamic economic, societal, environmental, health
and attitudinal data at various granularities (city, regions, planning areas and planning subzones)
in Singapore. It also presents a “DataCube-CityScan” platform, which harnesses on GIS, Al, data
mining and outlier detection algorithms to identify specific trends and anomalies/outliers in
real-time and alert city officials to respond, monitor changes, plan their actions and maximise
their resources timely.

2. Literature Review

Development of digital technology has allowed cities to become much more intelligent,
integrated and smarter in managing their resources. This has been possible by employing urban
analytics to understand the unique set of challenges and opportunities in a city. Miranda (2017)
finds analogies between everyday functions in a city with pulse in a human body. He argues that
activities in a city are unpredictable in magnitude and location, and they vary with time, similar
to a human pulse. These activities can generate from any part of the city at any time of the day
which in turn defines the nature of that location at a particular time. In line with this, many
researchers have tried to capture and measure the pulse of a city and to understand the
dynamics of the city through big data analysis (Puiu et al., 2016; Vaccari et al., 2010; Froehlich,
Neumann and Oliver, 2009; Kuemper et al., 2015, Liu and Biljecki, 2022). Most of the cities today
provide access to city data, which allows research institutes to analyse them and provide
innovative solutions to urban problems. Governments across the world have also shown interest
in using big data to increase the innovation capacities of their urban centres in recent decades.
UK government has set up pilot cities with Office of Data Analytics (ODA) for tacking everyday
challenges (Eaton and Camilla, 2018). Main functions of ODA include taking data driven
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initiatives and creating reusable code of ethics and data standards (Templatizing) to be used
across UK. Qualitative research done for cities, such as London and Barcelona, has shown that
while these cities have big ambitions regarding the development in applied data-informed
technologies, they differ in readiness of infrastructure and competence to process and analyse
data to provide meaningful insights (Bibri and Krogstie, 2020).

While big data opens endless avenues for experimentation, one of the common issues it faces is
the lack of direction (Batty, 2013). It is argued that as the amount of data increases, the number
of correlations increases as well. Thus, without a theory such correlation can be considered a
diversion. In his book, Bibri (2020) tried to combine the analytical capacities involving big data
and context-aware technologies to provide directed solutions for the urban form.

2.1. Using Big Data in Smart Cities

Through the years, smart cities have been associated with different nomenclatures, such as
intelligent cities, information cities, and virtual cities, amongst others (Batty, 2013). Urban
analytics has become synonymous with smart city to provide solutions to urban problems by
drawing on theoretical perspectives and identifying causal relationships. It offers a set of
methods that can be applied to digital infrastructure to ensure good data processing and inform
the decision makers of accurate insights into and about the urban systems (Kandt and Batty,
2021). Urban analytics can help us answer numerous questions, such as ‘What has happened?’,
‘Why the thing has happened?’, ‘What will happen?’, and ‘What should we do?’ (Barbero et al.,
2016). Recent research has also tried to apply the scientific base of urban analytics to define and
measure urban pulse by creating novel framework that can allow the city officials and citizens
alike to take part in the decision-making process (Puiu et al., 2016).

Some of the studies have focused on providing solutions to common issues associated with
using big data, such as data acquisition, semantic interoperability and real-time analysis, to
name a few. For instance, one such research developed data annotation and aggregation, event
detection, data federation, context filtering and decision support modules to support decision
making process by working on some of the technical issues associated with handling of big data
(Puiu et al., 2016). Another research employed data collected from sensors to map and measure
movement and aggregation points for special city events that attracted people from all around
the world, such as the 2009 presidential Inauguration (Vaccari et al., 2010). Similar study had
tried to define the rhythm of the city by capturing spatio-temporal variations of city ‘activities’
(Miranda et al., 2017), while another analysed usage of bicycle stations in Barcelona to gain
insights into the dynamics of the city (Froehlich et al., 2009). Such research approaches
represent only an example of the endless capacity that big data holds. Being able to provide the
necessary direction to the use of big data is a feat of human ingenuity and has the capacity to
optimize a wide spectrum of city’s functions.
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2.2. Visualisation of Smart City Datasets

Visualisation has a great impact on how we perceive and interpret data, often allowing us to see
things that we might ignore if not properly presented. Interpretation and understanding of data
are often dependent on effective visualisation. With big data in picture, it becomes even more
critical to convey relevant messages across the board. It is important to have clear
understanding of what needs to be visualised at the start of every project (Midway, 2020). In the
past few decades several business intelligence platforms such as Tableau, Power Bl, Qlik sense,
Looker and ArcGIS dashboard among others have emerged. These platforms provide a range of
tools to visualize spatial or non-spatial big data with capacity to do real time analysis as well.
Apart from cities directly using these platforms, many cities have designed their own dynamic
dashboards such as Dublin, London, Hawaii and New York to name a few. Topics such as
economy, safety, health, diversity, education and planning modules amongst other points of
interests are presented in these dashboards. These city dashboards provide interfaces that are
able to deliver complex information to multiple user types in a more intuitive manner (Young
and Kitchin, 2020). Using intuitive dashboards to convey technical city data using simple visuals
proves to be a powerful instrument to gaining insights on city dynamics.

3. SCoRe Methodology
3.1. Conceptual Framework and Data Cube

Based on a comprehensive review of the literature, we developed SCoRe (Societal
Comprehensive Reflective Estimate) Methodology to systematically and holistically capture and
measure the dynamics of the city, its pulse. In reference to Singaporean context, we put
emphasis on five key perspectives, namely: Economic, Health, Environmental, Societal and
Attitudinal.

The data is collected along the lines of these five perspectives at various granularities, temporal
variations and formats. Some of the data that have been collected are highly dynamic in nature,
such as movement and behavior related indicators while other are static or semi-dynamic with
guarterly or annual updates such as economic, health, household and spending habits related
data. The datasets vary in granularity as well with some captured at national level which
provides macro-view of the urban makeup to subzone level which can be used to analyse micro-
situations. A number of datasets have been captured in spatial formats, such as point of interest,
movement and administrative boundaries while others are aggregated in form of tables which
are sorted at national, planning area or subzone levels. A representation of how the three
dimensions interact with each other is given as a data cube in the Figure 1 below.
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Figure 1. Data Cube

The data cube provides the basis for analysing dynamic data and distilling the anomalies in the
datasets. The process consists of three steps, as shown in Figure 2. Firstly, the data that we
gathered from various government sources and collaborators is cleaned and standardised as per
spatial and analytical standards. Indicators such as building footprint, entropy, green cover, etc.
have also been calculated at this stage for analysis. Secondly, the data is fed into the system for
outlier analysis. At this stage the stakeholder has the option to select multiple fields and
datasets for outlier analysis other than the pre-defined sets of combinations that are based on
extensive literature review. As there can be many outliers, the top 1-5 percent of the results are
then further analysed. Finally, the outliers that have been detected will be visualized along with
the supporting data to understand the issues in depth.
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Figure 2. Summary of Outlier detection process and Visualisation

For extracting the outliers, we are using Isolation Forest algorithm due to its merits over other
outlier detection systems. First, it has the ability to handle unsupervised datasets. Second, there
is no need to establish criteria for defining the datasets. Third, it can handle multiple variables at
the same time and with high dimensionality and finally, it can work with few samples as well as
extremely large datasets and requires less computational power than some of its other
counterparts. However, in order to provide additional flexibility, there will be a provision to use
other algorithms as well if needed for validation purposes.

3.2. Data Collection

Data collection is one of the most important parts of this project as it is employed to provide a
comprehensive view of the pulse of the city. Datasets are collected from various sources,
including government institutions and private organizations, such as healthcare providers and a
major credit card network provider. Some of the datasets are gathered as static files while most
of the dynamic data has been aggregated by using APIs and by web crawling. All datasets
collected have been fully anonymized before use to ensure residents’ privacy, which is deemed
critical in this study. To ensure data privacy, which is critical in this study, all private data
collected is fully anonymized, i.e., do not contain any variables that will lead to the individual's
identity. More precisely, the healthcare data gathered has been fully anonymised in accordance
with the ‘Health Insurance Portability and Accountability Act of 1996’ (HIPAA). The payment
transaction data is geo-aggregated and indexed to ensure that no identifiable data can be traced.
Other private data from third parties are also handled with similar protocols, and ethics approval
is obtained when necessary. Additionally, for city planning purposes, individual-level data is not
required; hence, the data captured is aggregated at a subzone level, making anonymization
plausible. Figure 3 shows different sources we have gathered the data from.
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Figure 3. Sources of Data Collection

A list of data that has been collected at different granularity and velocity so far is presented in
Table 1. Apart from the raw datasets collected, indices, such as Network Density, Road Coverage,
Green Cover, Entropy Index, Dissimilarity Index (Bordoloi et al., 2013), Herfindahl-Hirschman
Index (HHI) (Zagorskas, 2016), Land Use Distribution, Built Density, etc., were calculated to gain
more holistic insights of the urban data and the urban landscapes.

Table 1. List of Datasets collected

Data Collected Granularity Source Velocity
Environmental Perspective

Carpark availability Subzone Government Real time

PSI Index Subzone Government Daily
Administrative Boundary - Singapore |National Government Not applicable
Boundary

Administrative Boundary - Planning  |Planning Area |Government Not applicable
Area

Administrative Boundary - Subzone  |Subzone Government Not applicable
Land Use Data Subzone Government Not applicable
Building Footprint Data Subzone Open Street Map Not applicable
Point Of Interest Data Subzone Government Not applicable

115



Passenger volume by bus stop Subzone Government Monthly
Passenger volume by train stations Subzone Government Monthly
Taxi availability Subzone Government Real time
Mode of Transports to School Data Planning Area |Government Annually
Mode of Transport to Work Data Planning Area |Government Annually
Health Perspective

Infectious diseases Planning Area |E-Medical Record |Quarterly
Chronic Planning Area |E-Medical Record [Quarterly
Mental Well-being Planning Area |E-Medical Record |[Quarterly
Injuries Planning Area |E-Medical Record |Quarterly
Substance abuse Planning Area |E-Medical Record |Quarterly
Other cause of concerns Planning Area |E-Medical Record |Quarterly
Economic Perspective

Residential property transacted Subzone Payment Provider |Daily
values (Affluence) Network (PPN)

Retailer: Txn Amount Subzone PPN Monthly
Retailer: Txn Count Subzone PPN Monthly
Retailer: Avg Ticket Size Subzone PPN Monthly
Number of distinct cards used Subzone PPN Monthly
Avg ticket size per card use Subzone PPN Monthly
Avg frequency of use per card Subzone PPN Monthly
Avg amount spent per card Subzone PPN Monthly
Economic Status Data Subzone PPN Annually
Work Income for Household Subzone PPN Annually
(Monthly)

Income from Work Data Subzone PPN Annually
Industry of Population Data Subzone PPN Annually
Societal Perspective

Dwelling Type Household Data Subzone Government Annually
Dwelling Type Population Data Subzone Government Annually
Household Size Data Subzone Government Annually
Household Structure Data Subzone Government Annually
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discussion board

Education Status Data Subzone Government Annually
Ethnic Distribution Data Subzone Government Annually
Language Literacy Data Subzone Government Annually
Marital Status Data Subzone Government Annually
Occupation Data Subzone Government Annually
Age Data Subzone Government Annually
Religion Data Subzone Government Annually
Spoken Language Data Subzone Government Annually
Tenancy Data Subzone Government Annually
Formal Complaints from residents Subzone Government Quarterly
Attitudinal Perspective

Social media comments from Twitter |Planning Area |Twitter Real time
(Geotag to the country)

Social media comments from Planning Area |Facebook Real time
Facebook (Public Institution accounts)

All news articles from the major news |Planning Area |Major News Real time
network Network

All news articles from the community |Planning Area |Community news |Real time
news network network

Relevant threads from Reddit forums |Planning Area |Reddit Real time
All threads from a major online Planning Area |[Major Online Forum |Real time

3.3. Using SCoRe Methodology and Data Cube

There are two key applications of SCoRe methodologies.

3.3.1. Exploratory Research — Detecting and Interpreting Outliers

The primary use of the methodology and the resulting data cube is to understand the city
dynamics. One of the ways to achieve this is to use the data cube as an alerting system. Being
able to highlight outliers or anomalies in the datasets can help us to identify points of distress in
the city’s pulse. By assuming outliers as ‘self-emerging’ and can surface from any section of the
dataset we can use outlier detection algorithm to flag out the outliers (Goh et.al., 2022). With
the outlier detection mechanism in place, we have tried to solve the problem by allowing users
to focus on what data is relevant in the current situation and dive deep into it.
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One example of the outlier that was detected by examining the health datasets was
hospitalization of unusually high percentage of residents due to asthma cases in two subzones.
The number of asthma cases in these two subzones was much higher than the national incident
rate of asthma cases. Our further analysis revealed that these two areas also had a relatively
higher proportion of rental housing units which are typically occupied by lower-income families.
Nevertheless, any potential relationships between the public housing typology and health
outcomes are highly unclear and speculative, and require further study.

Despite possible limitations with approximation and speculation, such initial observations may
alert city officials of specific issues and provide a path that can be followed to address the
problems timely and more quickly. One thing to note is that the aim of this study is not to argue
for any causal relationships that may be formed during the analysis but to be used as an alerting
tool and comparing various characteristics of the city data.

3.3.2. Directed Research — Comparative Analysis and Forecasting

The data cube can be used for comparison of properties of different subzones. This can be in the
form of a directed question that stakeholders might be interested in or can be used to forecast
the trends in data. While the purpose of using data cube is to find anomalies in datasets, the
outliers that are detected can help to form the questions that need to be asked in a focused
mannetr.

Comparison has been one of the important tools that planners and city officials use to examine
proposed guidelines (Kandt and Batty, 2021). In Singapore, much of the data is available at high
granularity and up to date, which enables the user to compare multiple subzones at the same
time. To achieve this, the platform is equipped to visualize all relevant datasets to aid
comparison of cross-domain data (Zhang et al., 2022). To make the process more intuitive and
flexible, at this stage the user will be able to select the type of data to be showcased and the
time period that needs to be visualized. By providing the ability to select the data, users can be
connected to the process itself and will be better equipped to look at the facts from different
angles.

Figure 4 provides an example of the comparative analysis of two specific attributes, namely: ‘rail
(MRT) tap-in volume’ and ‘economic spending per active credit/debit card’ at two different time
periods. The months selected, namely July 2021 and July 2022, represent the periods of
complete lockdown and subsequent opening of the city state once Covid-19 cases went down. In
respect to movement data, one can observe that the movement in the southern part of the
country has increased with easing of Covid-19 restrictions, which is an indication that people
had started returning to the offices for work in the downtown region of the city (in the central
south). On the other hand, credit card spendings were distributed more evenly across the island
thanin 2022.
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(a) MRT Morning Net Tap-In Volume (July 2021) (c) Taxation Amount per Active Card (July 2021)

Figure 4. Movement - Economic Spending comparison: Metro rail tap-in volume compared with
active card taxation at subzone level from July 2021 (when remote work was mandatory) until
July 2022 (when situations were back to normal); (a) and (b) represent the MRT Net Tap-In
volumes in July 2021 and July 2022 respectively; (c) and (d) represent taxation amount per
active card in July 2021 and July 2022 respectively

Similarly, the user can zoom into one of the planning areas or subzones to get more details. In
Figure 5, ‘Chinatown’ subzone is highlighted in the ‘Outram’ planning area to compare the Tap-In
volumes (left) and active taxations (right) at different timeframes.

For performing this type of dashboarding, we used the existing Bl platforms due to three main
reasons. Firstly, the project needs to be handed over to the government agencies, and the used
of the platform that is already in use by them would allow for a smooth knowledge transfer.
Secondly, available Bl platforms do not require complicated programming skills, which enables a
larger group of users to use the platform easily, including editing or replacing datasets without
much hassle. Lastly, the support for large number of formats and live data means that the
platform can be automated to show live data analysis when required.
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(a) MRT Morning Net Tap-In Volume (July 2021) (c) Taxation Amount per Active Card (July 2021)

P2

(b) MRT Morning Net Tap-In Volume (July 2022) (d) Taxation Amount per Active Card (July 2022)

Figure 5. Movement -Economic Spending comparison - Zooming into one of the subzones in
Outram Park planning area provides comparison of attributes from July, 2021 (when remote
work mandatory) to July, 2022 (when situations were back to normal); (a) and (b) represent the
MRT Net Tap-In volumes in July 2021 and July 2022 respectively; (c) and (d) represent taxation
amount per active card in July 2021 and July 2022 respectively

4. Discussion and Future Work

In this paper, we have demonstrated the conceptual capacities of the alerting system that is
being developed based on dynamic urban data understanding and analysis and the city pulse
and anomalies detection. While the development of the platform for outlier detection is still in
progress, the preliminary results are encouraging, indicating shorter time for issue detection,
feedback and response to the community.

The response to the developments by the government agencies has been encouraging and the
suggestions that were proposed by various stakeholders provided us the clarity for developing
an intelligent dashboard that is intuitive and able to support real-time calculations and data
visualisations. Some of the features that were appreciated by the stakeholders included: the
capability to do comparative analysis (among subzones of similar characteristics), enabling the
end user to select initial data and perform desired calculations in real-time (which is
technologically challenging), and the ability to zoom in on particular planning areas for further
analysis.

One of the requirements for being able to use the findings of urban analytics in general is
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adoption of data analytics techniques across the official landscape. This allows the user to be
receptive towards the results of analysis. Singapore being one of the smartest cities in the world
has most of its government offices well equipped with capacities of using big data in policy
framework. The methodology presented here can have significant implications for city planning.
The current research can have implications specifically in policy planning (understanding the
current situation as an alerting system), Policy adoption and design (evidence-based design),
Policy implementation and application (monitoring of policy) and future policy evaluation
(Barbero et al., 2016).

Some limitations of the methodology should be acknowledged. Firstly, the quality of data
available is not perfect. Data are from various sources and in different formats, which requires
cleaning and pre-processing before use. As the amount of data increases so do the
imperfections. More imperfections lead to increased processing time and ultimately delays in
analysis. Secondly, the project depends on the availability of data at the micro-scale. Most of the
data available is present at the national or regional scale, but only few datasets are present at
planning area or subzone levels. This limits the granularity at which different datasets can be
used for the analysis. Finally, the data are not always complete or representative. For instance,
the credit card transaction and spending data that we have collected only represent part of the
spectrum of the total spending by the citizens. In everyday life, much of the transactions are
done using other means, such as cash and mobile payment platforms, or other credit card
providers.

5. Conclusion

With this project we have tried to provide a stage for discussing the use of relevant datasets
from the enormous pool of Big Data available. This will help to understand the vast expanse of
city’s digital footprint and by using outliers for factoring out the data, we will be able to focus on
issues that needed immediate attention. Such alerting systems help to reduce the response time
to issues faced by the city. By involving stakeholders in the process of development we were able
to get several valuable responses that will allow us to mold the final platform towards the
specific needs of the city planners and officials while retaining the original skeleton and
framework intact.

Singapore is one of the smartest cities in the world and has its advantage in data readiness. On
the other side of the spectrum are the cities whose digital infrastructure is not as capable. For
such cities, where the availability and quality of data is in question, outlier analysis using
isolation forest algorithm can still be a viable option due to its advantage of working even with
small number of data points.
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