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Following the Big Data “revolution” [13], high-resolution, individual-data are everywhere.
Aspects of peoples lives that have never before been documented, let-alone digitised and
archived, are being captured and analysed overtly and covertly through our use of smart-
phone applications, social media contributions [4, 12], public transport smart cards [1], mobile
telephone activity [5], credit/debit card transactions, web browsing history, etc., etc. These
personal data are being supplemented with sensed data about the physical environment (air
quality, temperature, noise, etc.) as well as with aggregate sources such as pedestrian footfall
or vehicle counters [3]. Taken together, the data provide a wealth of current information
about the world, especially in cities. This “data deluge” [8] has spawned interest in ‘smart
cities’; a term that is commonly used to refer to cities that “are increasingly composed of
and monitored by pervasive and ubiquitous computing and, on the other, whose economy and
governance is being driven by innovation, creativity and entrepreneurship, enacted by smart
people” [9].

The motivation for smart cities is clear. By 2050, the United Nations predicts that 66%
of the world’s population will live in urban areas. Providing sufficient services such as hous-
ing, energy, waste disposal, healthcare, transportation, education and employment will be
extremely challenging. Therefore a clearer understanding of urban dynamics, that ‘smart
cities’ can potentially offer, is an attractive proposition. Indeed, ‘smart’ city initiatives are
already emerging throughout the world (for examples see Kitchin [9], Geertman et al. [6]).

One aspect to many smart cities, that is largely absent in the published literature, is
the ability to forecast as well as react. Whilst most initiatives inject real-time data, these
data are rarely used to make real-time predictions about the future. Where ‘forecasting’
is an advertised capability of a smart city initiative, it is rarely explained in any detail.
This might be due to the proprietary nature of many initiatives, which are often designed
and implemented by corporations rather public bodies, but it is equally likely that a lack
of appropriate methods is at fault. Although ‘black box’ artificial intelligence methods are
progressing rapidly — for example neural networks are being used to: predict future frames in
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Figure 1: The combination of current, streaming data, agent-based modelling, and dynamic
calibration might offer the most reliable means of modelling current urban conditions and
creating short-term predictions.

a video; create literature or paintings in the style of an artist; and even to drive autonomous
cars — there is little evidence that these are being used to forecast future states of smart cities.

Instead, perhaps agent-based modelling offers the missing component for predictive smart
cities. Agent-based models (ABMs) simulate the behaviour of the individual components
that drive system behaviour, so are ideally suited to modelling cities. A drawback with
ABMs is that they require high-resolution, individual-level data to allow reliable calibration
and validation, and traditionally these data have been hard to come by. However, in the age
of the smart city, this is no longer the case. Furthermore, ABMs are not ‘black boxes’, the
individual agents are imbued with behavioural frameworks that are (usually) based on sound
behavioural theories. This makes it easier to properly dissect the models, as well as allowing
a controller to manipulate the behaviour of the agents as might be required for a particular
forecast. Therefore, an agent-based simulation that is capable of simulating a representative
population of synthetic individuals and is calibrated in real-time from streaming ‘smart’ data
might offer an ideal means of both representing the current state of urban systems and for
creating short-term forecasts of future urban scenarios. This triumvirate of big data, agent-
based modelling, and dynamic calibration has the potential to become the de facto tool for
understanding and modelling urban systems. Figure 1 illustrates this vision.

There are, however, substantial methodological challenges that must be met first. Al-
though the means of assimilating current data into models is well established in fields such
as meteorology [7, 2], efforts in the field of agent-baed modelling are much less well devel-



oped [10, 14]. Existing methods are intrinsic to their underlying models — typically systems
of partial differential equations — and cannot easily be disassociated from them for use in
ABM. Furthermore, there are serious ethical risks that must be taken into account. Whilst
care must be taken over the use of individual-level data, and much is being written about
this already, this is not necessarily the most serious problem. The data assimilation methods
should operate effectively on aggregate data, so there is not an inherent need to track individ-
uals nor store their personal, individual-level data once it has been aggregated. A potentially
greater risk comes from the unknown biasses in the data. Engagement with smart devices is
not homogeneous across the population, so there is the risk that those individuals who choose
not to use ‘smart’ technology will be forgotten about in simulations and in ‘smart’ planning
processes. Furthermore, simulations that are based on biassed data have the potential to
increase biasses by presenting biassed results that are then used to influence policy. For ex-
ample, PredPol is an extremely popular predictive policing tool that is being purchased by
police forces across the globe in order to predict where future crimes are going to take place.
However, policing data are already biassed towards particularly minorities as a result of where
most policing activity already takes place, so the tool has the potential to further increase
these biasses by sending more officers to areas that are already being heavily policed [11].
Any smart city modelling/forecasting tool must be able to mitigate against these risks.

To conclude, this paper has argued that although smart city initiatives are numerous,
very few can evidence an ability to create reliable forecasts of future city states. However,
advances in spatial methods that typically fall under the umbrella of ‘geocomputation’ have
the potential to create reliable forecasts of urban dynamics under a variety of conditions.
There are ethical issues that must be given serious consideration, especially in ensuring that
simulations are not biassed towards particularly groups of people, but if conducted safely,
the triumvirate of agent-based modelling, big data, and dynamic calibration is an extremely
attractive combination.
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