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Abstract. The development of smart technologies and the advent of new
observation capabilities have increased the availability of massive urban
datasets that can greatly benefit urban studies. For example, a large
amount of urban data is collected by various sensors, such as smart meters,
or provided by GSM, Wi-Fi or Bluetooth records, ticketing data, geo-
tagged posts on social networks, etc. Analysis of such digital records
can help to build decision-making tools (for analytical, forecasting and
display purposes) with a view to better understanding the operating of
urban systems, to enable urban stakeholders to plan better when extending
infrastructures and to provide better services to citizens in order to assist
the development of the city and improve quality of life. This paper will
focus on three main domains of application: transportation and mobility,
water and energy.

1 Introduction

In recent decades, demographic growth, urban sprawl, increasing road conges-
tion, and the desire to reduce environmental pollution have been responsible
for the emergence of new sustainable urban policies in a variety of areas such
as mobility, energy, water and air quality. The public authorities play a sig-
nificant role in this, giving impetus to sustainable urban practices which aim
to develop more efficient resource demand and management. In the domain of
mobility, urban policies aim to reduce the use of private cars and increase the
use of sustainable modes of transport such as public transport, walking, cycling,
bike-sharing, car-sharing and car-pooling. These modal choices on the part of
citizens are not only the outcome of economic determinants (the pricing of pub-
lic transport, the cost of fuel, the price of parking), but also partly due to town
planning decisions which impact the spatial configurations of population and job
density at metropolitan level, road design and local transport supply. As far as
resources such as energy and water are concerned, public authorities are also
persuing policies that aim to rationalize water use in a context of scarcity and
to ensure efficient planning and optimization of energy resources, in particular
through the use of renewable energy. Within this context, based on the devel-
opment of smart technologies, massive urban datasets are collected by a variety
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of urban sensors. This data can be used to monitor urban systems in order to
address urban issues in a number of areas such as planning, transportation, the
environment, energy, water and health.

In the domains of energy and water, cities and electricity/water companies
are implementing many programs to equip buildings with smart meters which
can provide hourly consumption readings. In the domain of transport, digital
records generated during citizens’ trips can provide new insights for the analysis
of urban mobility. There are many such sources of data, for example ticketing
logs, GSM, Wi-Fi or Bluetooth records and the geo-tagging of posts that are
generated on social networks during trips. Although the technologies in question
were not initially designed for the analysis of mobility, their usefulness is obvious.
Moreover, the different kinds of data collected in a city can be cross-mined to
analyze urban phenomena. With regard to air quality, a considerable amount
of research has investigated the impact of road traffic on air pollution. In this
case, traffic data and air quality data are simultaneously analyzed to reveal
the underlying phenomena responsible for urban air pollution. More generally,
the availability of heterogeneous data can be helpful in order to monitor urban
systems and create high value-added services for citizens.

With regard to operational aspects, mining and visualizing such massive
amounts of urban data can help when building decision-making tools for ur-
ban stakeholders to allow them to better monitor urban systems, optimize the
working of the city, better meet future needs through improved forecasting and
better match the supply of urban services to citizen demands. One of the main
challenges of the ”city of tomorrow” is the ability to achieve real-time control of
urban systems in order to optimize the working of the city. One possible example
of this real time control is cross-combining weather with transport services in
order to provide citizens with transport services that match weather conditions
and particular events. Another example would be to match transport supply to
real time demand.

The rest of this paper is organized as follows. In Section 2, we shall describe
the issues to be addressed and the datasets that are often used for some applica-
tions. In Section 3, we shall describe some typical data mining and visualization
objectives. Section 4 concludes the paper by outlining some possibilities for the
future.

2 Urban Data: some applicative examples

With reference to three urban systems, namely transport and mobility, energy
and water, this section sets out to describe the general application-oriented issues
to be tackled by the mining of collected urban data.

2.1 Transport and Urban Mobility

Until now, most urban mobility analysis has been based on stated preference
surveys. Such surveys have a number of advantages, for example, they cover all
transport modes and all trip purposes and they also contain meta-data about
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the respondents (gender, socio-occupational group ...). However, they are ex-
pensive and consequently performed fairly infrequently (typically, public surveys
in France are carried out every five or ten years), which means they do not al-
low close monitoring of ongoing developments and the public policies that aim
to influence them. The analysis of daily travel can make use of the increas-
ing number of digital records that are generated during citizens’ trips because
the availability of portable technologies means that most people carry passive
mobile sensors in urban areas and leave digital traces during their trips. Such
data sources are numerous, for example ticketing logs, GSM, Wi-Fi or Bluetooth
records and geo-tagged posts that are generated on social networks. Although
the devices used were not initially designed for the analysis of urban mobility,
their usefulness is obvious. These datasets can be used to identify mobility foot-
prints and the development of such new sensors therefore greatly benefits urban
mobility studies. This leads to the emergence of a new field of research, known
as urban computing [1].

Digital records remove some of the difficulties that exist with surveys by cov-
ering a large proportion, if not the quasi-totality, of citizens. The large volume
of data and the diversity of the situations covered will mean that by compar-
ing these digital records with the actual supply of transport services it will be
possible to reveal the impact of the different characteristics of supply (price,
frequency, reliability ...) on the main travel decisions made by citizens (route,
departure time, transport mode...). Monitoring users over a period of time will
even make it possible to conduct disaggregated analysis of these decisions, by
studying how a given individual reacts to variations in transport supply (the
variability of congestion, incidents or works on the route, ride-sharing systems
...). Moreover, it will be possible to provide citizens with personalized recom-
mendations based on historical knowledge of their customary travel practices
and the urban context, resulting in the provision of smart services.

Depending on the type of dataset and the goals of the application, a large
number of varied case studies have been performed. Mobile phone data have been
used either to extract mobility patterns as in [2], [3] or to provide on-demand
public transportation as proposed in [4]. A taxi-sharing system that reacts in
real-time to ride requests received from smartphones has been proposed in [5].
Transport ticketing data from, for example, metro, bus and shared mobility
systems has also been used to identify trip purposes, reveal mobility patterns
or better understand and predict passenger flows. A number of research studies
have been carried out on the bike-sharing systems which have been deployed in
many large cities worldwide. Some of them set out to optimize bike reallocation
techniques [6], [7], while others attempt to identify patterns in system usage [8],
[9] or forecast station usage [10]. In the field of public transport, a considerably
amount of research has been undertaken on the mining of ticketing logs. Some
recent studies in this area include those by [11, 12] and [13] which focused on
the partitioning of network passengers into groups based on their transportation
network activity, not forgetting the work carried out by [14] that aims to analyze
multi-week activity patterns and propose a representation of activity sequences.
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2.2 The domains of energy and water

Smart energy and water management in cities is one of the challenges we need to
face in order to achieve efficient and responsible resource control. In the domain
of energy, public stakeholders, which include electricity suppliers, distribution
network operators and city managers, have to cope with a rapid increase in
electricity demand, diversify the sources of energy production and be able to
balance production, supply and demand. At the same time, there is a growing
trend towards vehicle electrification, which raises various issues such as the lo-
cation of charging stations to better respond to demand, the prediction of the
charging needs of electric vehicles and the management of a fleet of electrical ve-
hicles. Water resource management is also a major concern for countries which
are exploring measures to rationalize water management in order to cope with
scarcity and improve quality. Accurate monitoring of drinking water systems
and citizens’ consumption is required to permit preventive anomaly detection
and to offer personalized water management to citizens.

Resource management can benefit from the development of smart technolo-
gies that allow the collection of a large amount of data. For example, smart
meters permit hourly consumption readings for both residential and industrial
activities. Such datasets can be used to identify typical demand patterns corre-
sponding to consumer behaviors, to predict consumption in both the short and
long terms and also at different spatial scales (building, city, country). Dataset
analysis of this type may also be useful for developing personalized management
strategies. For example, one common policy is to assign greater value to inter-
rupting consumption during peak periods. Profiling and targeting consumers
who are likely to respond positively to such a pricing policy can be achieved
more effectively by using knowledge extracted from the datasets.

In the domain of energy, several studies have been undertaken to analyze
an open dataset collected by the European Commission for Energy Regula-
tion (CER) during a smart meter installation trial. The dataset contains the
electricity consumption information from smart meters installed in households
and small or medium- sized enterprises (SME) located in Ireland during 2010
[15, 16, 17, 18]. Clustering methods were applied to classify the customers into
clusters on the basis of their daily electricity consumption patterns. The authors
also examined cross-tabulating the clustering results with household information
collected about customers with the aim of identifying potential targets within
the clusters for a demand response program. Supervised methods have also been
applied to infer household characteristics from energy consumptions. In the field
of water, similar issues have been addressed specifically to better characterize
demand [19, 20, 21].
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3 Key challenges and main urban data mining and visual-
ization approaches

We can distinguish between two types of urban data, depending on the field of
application. These are data designed to monitor a specific urban system as is
the case for the domains of energy, water and air quality, and data gathered
from passive sensors in urban areas including mobile phones, ticketing data and
GPS devices which were not initially designed for urban monitoring. The rapid
growth in data storage capabilities means that historical data are now available
in many domains. The availability of data sources of this type highlights how
important it is to develop novel approaches based on engineering and computer
sciences. A preprocessing step is often required to handle these datasets which
can be enormous. Classical approaches such as filtering and normalization can
be applied to clean such datasets, but, depending on the application, the pre-
processing can be much more radical. The preprocessing of ticketing logs which
do not store destination in order to recover this missing information and to re-
construct trip chains are typical examples of such complex preprocessing steps.
When the dataset has been cleaned and is ready for analysis all the main types
of machine learning techniques may be valuable in order to deal with different
types of problems. We shall review some of them with some of their applications
in the paragraphs below.

One of the main focuses of urban data mining is unsupervised learning to
obtain useful insights into the sizeable datasets. This involves using classical
algorithms or developing new methodological approaches in order to identify a
reduced subset of typical patterns that can easily be interpreted while retain-
ing the detailed nature of the data. A trade-off has to be made between easy
interpretation of the results and the descriptive power of the subspace. This
projection can either be performed on the users (passengers or consumers) to
highlight a reduced set of typical patterns in their behaviors [12, 14, 21, 16] or
on spatial entities like transport stations or neighborhoods [9, 10]. Crossing the
results with the socio-demographic characteristics of citizens and geographical
variables that relate to a city is often performed to highlight the important fea-
tures of the city that explain variations in demand. Subsequently, these may
help in the design of new predictive demand models that can be used by urban
planners to optimize or extend the existing urban systems. In the domain of
transport, clustering is usually performed on the stations of a transport network
or on the flows between stations with respect to their usage profiles or the way
flows are exchanged between the stations. In this way, it is easier to assign a
latent activity corresponding to the station usage to each of the clusters.

Another type of method commonly used in urban data analysis is novelty /
anomaly detection. This type of approach has already been used to monitor road
networks [22] and subway networks [23]. Different types of settings are possible
for this task. A supervised dataset of normal/abnormal behaviors may be built
and machine learning approaches can be applied to discriminate between the
different operating classes. Learning can be performed in a completely unsu-
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pervised way. The tools in question can be used to monitor urban systems and
detect abnormal behaviors in order to take corrective actions as soon as possible.
They are also of great interest for urban data analysis as witnessed by the two
papers on the subject at this special session [23] [24].

Prediction is also a major area of investigation with regard to the mining of
urban data. The aim is to develop forecasting models to predict the operation
of the urban system [19, 6]. Forecasting demand is in fact a central problem for
the organization of urban systems since it provides a way of anticipating demand
and planning appropriate supply beforehand. One can distinguish between two
different goals, the first relates to long-term prediction, which can serve, for
example, for the planning of urban systems, whereas the second relates to short-
term forecasting with a view to matching supply with demand. If we take the
case of public transport, long-term prediction might be valuable for planning
the transport network, while short-term demand prediction could be used for
transit operation purposes to match supply with demand. More formally, this
problem can be tackled by a variety of methods and tools whose formalization
requires the relevant temporal and spatial horizons to be specified. Time series
models, graph models for dynamic complex networks, generative mixture models
or machine learning models can be used to carry out these tasks. Due to the
availability of sizeable historical datasets, deep networks are obvious candidates
for performing this type of task.

When the problem to be solved more closely resembles one of real-time con-
trol, reinforcement learning is a good candidate for optimizing control. Ap-
proaches of this type are already being investigated for applications such as
traffic signal control or real-time speed limit control [25, 26]. In such cases, re-
inforcement learning is classically used in conjunction with simulation and/or
prediction. The application of such approaches in real settings is rare at the
moment, but as real-time data monitoring capacity increases it will certainly
become important in the near future.

As we have already seen, machine learning can play an important role in the
study of urban data. However, the real problems to be solved that may benefit
from new urban data are often not well defined. An appropriate way of tackling
such ill-defined problems may be to combine automatic processing performed by
machine learning tools with human exploration and analysis using visualization
tools. Let us consider, for example, the choice of a new layout for a bus network.
There are a number of aspects to this problem that are difficult to formalize
completely and a combination of automatic analysis and data exploration may
assist the experts engaged in design. Such approaches have already been used,
for example, to design the new bus network in Moscow [27]. Visualization is
thus particularly useful for tackling fuzzy problems that require an exploratory
approach. To quote [28], it ”facilitates discovery, contemplation and presentation
amongst other roles”. To be effective, however, visualizations must deal with
the complexity of urban datasets which commonly contain geographical and
temporal components in addition to multiple variables. Dedicated tools must be
developed to handle these aspects as described in one the papers presented at this
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Fig. 1: Visualization tools for exploring the spatio-temporal dynamics of the
origins and destinations for the Paris bike-sharing system (the tool combines
clustering and visualization to facilitate dataset exploration).

special session [29] and in the Figures 1 and 2 which present two visualizations
developed to facilitate exploration of two massive urban datasets (see caption
for details).

Another important issue is related to privacy issue. The growing amount
of both public and non-public heterogeneous data now appears as a meaning-
ful way to monitor urban systems and to create high value-added services for
citizens. One of the main challenge is to be able through the computation of
different sources of data to protect personal privacy while creating services for
individuals and more globally for the society. The availability of large amount
of urban datasets also raises an ethical issue. Currently, most data are collected
by private companies which make some datasets available on-line. Given that
the society could benefit from collected urban data, recommendations are made
to consider data as a common good that has to be shared as much as possible.
Including citizens in the process of collecting and sharing the data and increas-
ing their awareness of potential individual and societal benefits might help to
gain acceptance for the massive urban data. The question of equal access and
potential discrimination of access that can be raised by such analysis and tools
is another important concern for urban data analysis.

4 Conclusion

The development of smart technologies is leading to the collection of massive
urban datasets by a variety of urban sensors. This data can be used to monitor
urban systems in order to address several issues that affect cities in such areas
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Fig. 2: Visualization tools for exploring the temporal dynamics of subway net-
work flows at station level (the tool combines data-enrichment and visualization
to facilitate dataset exploration).

as urban planning, transportation, the environment, energy, water and health.
This paper has examined the main issues to be tackled in three domains of ap-
plication: mobility and transport, energy and water. The final goal is to build
decision-making tools for urban stakeholders to allow them to better monitor ur-
ban systems, optimize the working of the city, better meet future needs through
improved forecasting and better match the supply of urban services to citizen de-
mands. The main approaches of urban data mining and visualization have been
surveyed as have crucial privacy and ethical issues. One of the main challenges
is to be able to protect personal privacy and respect ethical standards when the
different sources of data are processed to create high value-added services for
individuals and communities.
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