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The recent development of innovative technologies related to mobile computing combined
with smart city infrastructures is generating massive, heterogeneous data and creating the
opportunities for novel applications. In traffic monitoring, the data sources include traditional
ones (sensors) as well as novel ones such as micro-blogging applications like Twitter; these
provide a new stream of textual information that can be utilized to capture events, or
allow citizens to constantly interact using mobile sensors.The long term goal of the related
INSIGHT project is to enable traffic managers to detect with a highdegree of certainty unusual
events throughout the network. We report on the design of a monitoring system that takes
input from a set of traffic sensors, both static (intersection located, traffic flow and density
monitoring sensors) and mobile (GPS equipped public transportation buses). We explore
the advantages of having such an infrastructure available and address its limitations.We give
an overview of the system developed to address the veracity, velocity and sparsity problems
of urban traffic management. The system has been developed as part of the European FP7
project INSIGHT under grant 318225. The general architecture is given in [3]. We describe
the input and output of the system, the individual components that perform the data analysis,
and the stream processing connecting middleware.We base the stream processing based on
the Streams framework [2]. Streams provides a XML-based language for the description
of data flow graphs that work on sequences of data items which are represented by sets of
key-value pairs, i.e. event attributes and their values. The actual processing logic, i.e. the
nodes of the data flow graph, is realised by processes that comprise a sequence of processors.
Processes take a stream or a queue as input and processors, in turn, apply a function to
the data items in a stream. All these concepts are implemented in Java, so that adding
customized processors is realised by implementing the respective interfaces of the Streams
API. In addition, Streams allows for the specification of services, i.e. sets of functions that
are accessible throughout the stream processing application.We extend and apply the system
for individual trip planning that incorporates future traffic hazards in routing [3]. Future
traffic conditions are computed by a Spatio-Temporal Random Field [6] based on a stream
of sensor readings. In addition, our approach estimates traffic flow in areas with low sensor
coverage using a Gaussian Process Regression [5, 4]. The conditioning of spatial regression
on intermediate predictions of a discrete probabilistic graphical model allows to incorporate
historical data, streamed online data and a rich dependency structure at the same time. We
demonstrate the system and test model assumptions with a real-world use-case from Dublin
city, Ireland.
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