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1. Introduction

Cities are constantly changing through time and across geographical scales where
activities and features change from the split second decision involving local movements
such as people walking, the development of land over months and years, the migration of
peoples over decades to the rise and fall of cultures and civilizations over eons. Problems
such as these which involve location and mobility have recently been articulated in much
more disaggregate terms then hitherto with components of objects of these systems being
conceived of as agents with movement taking place on a backcloth or in an environment
composed of points, areas and networks. In particular, automata approaches are being
used to grow systems while agent-based modelling (ABM) has become the key way of
representing objects of interest (Batty, 2005). The big difference between these new
approaches and the more aggregate, static conceptions and representations that they seek
to replace is that they facilitate the exploration of system processes at the level of their
constituent elements.

The development of these ideas is not without its problems and this paper will seek to
identify these, posing them as key challenges to be addressed in fashioning these models
in ways that make them scientifically relevant and policy applicable. We begin by posing
five key challenges and then illustrating these with several agent-based models coupled to
geographic information systems (GIS): namely i) two models of the residential
segregation and the location of residents and businesses within an urban system
dimensioned on inner London, ii) a model of pedestrian evacuation from the King’s
Cross/St. Pancras underground transport hub which is subject to extensive redesign at
present and for which emergency evacuation is a key design requirement, and iii) a macro
structure for land use transportation in which models of population and employment
movement and location are configured using agents.

These models have been designed to address key issues that agent-based modelling
faces in general and geospatial agent-based models in particular.



2. The Development of Agent-Based Models

Agent-based models have been developed for a diverse range of applications, such as:
archaeological reconstruction of ancient civilisations (Axtell et al., 2002); understanding
processes involving national identity and state formation (Cederman, 2001); biological
models of infectious diseases (Eidelson and Lustick, 2004); growth of bacterial colonies
(Krzysztof et al., 2005); company size and growth rate distributions (Axtell, 1999); price
variations within stock-market trading (Bak et al., 1999); voting behaviours in elections
(Kollman et al., 1992); spatial patterns of unemployment (Topa, 2001); social networks
of terrorist groups (North et al., 2004), to name but a few. These examples can be
constructed as lying on a continuum, from minimalist models for academic research
based upon idealised assumptions, to large scale commercial decision support systems
based upon real-world data. In many of these however, the representation of agents is
critical and in several of these applications, the number and type of agents as well as their
location in space and time is an important problem which raises many difficult challenges

Despite the many advantages of as a tool for simulation which enable the
representation of the micro-diversity of systems of interest, their emergent properties and
their process dynamics (see Castle and Crooks, 2006), Agent-based models did not begin
to feature prominently in Gl science research until the mid-1990s after Epstein and Axtell
(1996) demonstrated that the notion of modelling individuals making up an idealised
society in space could be extended to growing entire artificial cities. The use of ABM for
experimenting and exploring geographical phenomena however is still in its infancy (see
Brown et al., 2005; Parker, 2005; Benenson and Torrens, 2004; Gimblett, 2002 for
sample applications) and thus our focus here is on identifying five key challenges to the
development of such models, which make their applicability somewhat different to the
previous applications of models to spatial and urban systems. We outline these challenges
in the next section and demonstrate how we are handling them in our own applications
which we will present in the final section.

3. Key Challenges

The structure of a typical ABM composed of agents which interact with each other
and with their environment are well known (see Castle and Crooks, 2006). Such models
are usually considered as forming a miniature laboratory where the attributes and
behaviour of agents, and the environment in which they are housed, can be altered and
the repercussions observed over the course of multiple simulation runs. The ability to
simulate individual actions of many diverse agents and measure the resulting system
behaviour and outcomes over time (e.g. changes in patterns of pedestrian emergency
egress), means that agent-based models can be useful tools for studying the effects on
processes that operate at multiple scales and organisational levels (Brown, 2006). The
five challenges that we see as important to their development involve the following: the
purpose of the model, the dependence of the model on theory, the representation of
agents and their dynamics, calibration, validation and verification of the model against
theory and data, and the development of operational models through software. We do not
consider this to be an exhaustive list but it is a beginning.



3.1 The Purpose of the Model

Fifty years ago when computer models were first constructed for urban systems, these
were always predicated on the notion that they were to be used for testing the impacts of
urban plans and policies rather than scientific understanding per se. The argument went
as follows: given a good theory, a model would be constructed which would then be
validated and if acceptable, used in policy making. This rather tight loop has been relaxed
in the last two decades and now models are built to explore all stages of the theory-
practice continuum. Frequently in ABM, the actual purpose and position in this process is
unclear largely due to the changing conceptions of how to do science and also the fact
that agent-based models deal with systems that are complex, open-ended, hence emergent
and thus exhibit novelty and surprise. However a model is only as useful as the purpose
for which it was constructed and for agent-based models, this needs to be clear. A model
has to be built at the right level of description for every phenomenon, judiciously using
the right amount of detail for the model to serve its purpose (Couclelis, 2002). This
remains more art than a science (Axelrod, in press). The purpose of agent-based models
range from explanatory to predictive (see Castle and Crooks, 2006) with prescription and
design models based on agents of increasing importance.

3.2 Theory and Model

Models should be based on theory and the traditional role of a model in the social
science is as a translation of theory into a form whereby it can be tested and refined. In
this sense, a computer model provides a computer laboratory for virtual experimentation,
and hence a vehicle for refining theory through ‘what if’ style experiments and sensitivity
testing. In fact as scientific method has blurred from this classical tradition, then
increasingly models such as agent-based models are being used to develop theory. In fact,
the term theory has fallen out of favour in many contexts as models themselves contain
theories. However our concern here is that the theoretical implications of many agent-
based models remain implicit and hidden, often covered by a thick veil of ad hoc
assumptions about structure and process as well as a veneer of software interfacing. In
many models, it is hard to figure out what they are for as they are simply additional
applications of some simple structure which is tweaked for the local context and
application. Domain knowledge is often lacking and increasingly Agent-based models are
being considered generic, independent of any particular field or application, and hence
subject to use for any purpose that arise in an ad hoc way. In short, the scientific
standards of the past are often buried in ad hoc model development.

3.3 Agent Representation, Aggregation and Dynamics

In spatial systems, what constitutes an agent is a critical issue in that the term can
applied to any aggregation of objects at any spatial scale and across different time
horizons. Moreover it need not be restricted to human objects but might pertain to any
object that exists in space and/or time. A slightly more restrictive definition of agents has
been adopted in some spatial models and we adhere to this here in that we consider
spatial agent-based models to deal with agents that have some form of mobility (Batty,
2005). Agents that do not move such as cells in cellular automata we would not define as
agents in this context. We illustrate some issues of representation in the examples we deal
with later as shown in Figure 1.



The scale of agents is also an issue as the finer the scale, the less ambiguous the
definition, although we appreciate that this is contentious. This means that there are
greater difficulties in specifying rules for defining agents which are aggregations of lower
level units — i.e. groups within a human population, or defining generic agents such as
forest or a farmer or a city which pertain to models that in themselves are generic. In
particular as we aggregate, we can unwittingly change the kinds of processes that agents
enable, the kinds of mobility intrinsic to their location and the scale at which they exist.
As we aggregate, it is more and more difficult to define relevant processes as these too
are aggregations of lower level routine and behaviours.

Another issue involves the sheer number of agents and the sheer number of attributes
and processes that they are engaged with. Like all systems that deal with interaction and
networks, the size of the computation usually rises as the square of the number of agents.
Moreover choices are necessary in terms of the number of agents and processes which are
reflected in the software used, the computational time involved, and of course the ability
to get data that matches the level of specification of the model. In general most agent-
based models are tested against a fraction of data that could be applied to them in that
many implicit explicit assumptions about behaviours cannot be tested as data does not
exist. This reflects the issues about validation and calibration noted below as our fourth
challenge.

3.4 Calibration, Verification and Validation

Calibration involves fine-tuning the model to a particular context and this means
establishing a unique set of parameters that dimensions the model to the local context.
This is not validation but calibration can often involve validation because the parameters
are often chosen so that performance of the model is optimal in some way, in terms of
some criterion of goodness of fit for example. This is a large subject area and suffice it to
say, many if not most agent-based models suffer from a lack of uniqueness in parameter
estimation at this stage.

Once developed, verification relates to testing the logic of the model through its
computer programme. This involves checking that the model behaves as expected; this is
often referred to as ‘inner validity’ of the model (Brown, 2006; Axelrod, in press).
Validation relates to the extent that it adequately represents the system being modelled
(Casti, 1997) and in this sense, this involves the goodness of fit of the model to data.
However, the validity of a model should not be thought of as binary (i.e. a model cannot
simply be classified as valid or invalid); a model can have a certain degree of validity
(Law and Kelton, 1991). Validity can be ascertained by comparing the output of the
model with comparable data collected from a real-world system. For example, to
understand the output of an agent-based model it is often necessary to evaluate the details
of a specific simulation ‘history’ (Axelrod, in press).

Concerns have been raised pertaining to verification and validation by numerous
researchers (e.g. Batty and Torrens, 2005; Parker et al., 2002). Batty and Torrens (2005)
write that with respect to developing traditional models, two rules have been taken as
central to the process of developing good models in the social sciences. The first is the



rule of parsimony —Occam’s razor —which suggests that a better model is one which can
explain the same phenomena with a lesser number of intellectual constructs. The second
principle relates to independence in verification. A theory which is induced using one set
of data needs to be validated against another independent set. While it is sometimes
possible to achieve this with traditional models, this is not the case for models developed
using ABM principles, particularly where this involves human systems which evolve
over time. Modellers are embracing increasingly diverse and richer model structures
containing large numbers of parameters. Often with traditional models, it was the linkage
of dependent and independent variables while agent-based models have multiple causes
which display heterogeneity of processes that are impossible to observe in their entirety
(Batty and Torrens, 2005). Thus these new model structures are never likely to be
validated in their entirety against data; they are too rich and data needed to test them too
poor (Batty et al., 2006).

3.5 Operational Modelling

In terms of ABM as in other areas of simulation and representation, various generic
software have been developed which enables modellers to adapt their problem context to
the software in question, implementing their model through high level scripting which the
software allows. This opens up models to a wider community of scholars than hitherto
but it also forces modelers without the skills or resources to develop their own models
from scratch to meet constraints posed by the software. This can be key problem when
limits posed by the software on the numbers and representation of agents occur.

Nevertheless, the development of agent-based models can be greatly facilitated
through the use of simulation/modelling systems (e.g. Swarm, Repast, NetlLogo,
OBEUS). They provide reliable templates for the design, implementation and
visualisation of agent-based models, allowing modellers to focus on research (i.e.
building models), rather than building fundamental tools necessary to run a computer
simulation (Tobias and Hofmann, 2004; Railsback et al., in press). In particular, the use
of toolkits can reduce the burden modellers face programming parts of a simulation that
are not content-specific (e.g. a Graphical User Interface (GUI), data import-export,
visualisation/display of the model). It also increases the reliability and efficiency of the
model, because complex parts have been created and optimised by professional
developers, as standardised simulation/modelling functions. Additionally, the object-
oriented paradigm allows the integration of additional functionality from libraries not
provided by the simulation/modelling toolkit, extending the capabilities of these toolkits.
Of particular interest here is the integration of functionality from GIS software libraries
(e.g. OpenMap, GeoTools, ESRI’s ArcGIS, etc), which provide ABM toolkits with
greater data management and spatial analytical capabilities required for geospatial
modelling". We illustrate some of our interfaces using both standard ABM software such
as Repast and more native developments in our own examples shown in Figure 2.

The remainder of this section will focus on the more general challenges to creating
spatially explicit agent-based models. While GIS is a particularly useful medium for

! Castle and Crooks, 2006 provide a comprehensive review of ABM simulation/modelling systems capable
of creating geospatial agent-based models



representing model input and output of a geospatial nature, GIS are not well suited to
dynamic modelling (Goodchild, 2005; Maguire, 2005) such as ABM. In particular, there
are problems of representing time (Langran, 1992; Peuquet, 2005) and change within GIS
(Longley et al., 2005). To address these problems, numerous authors have explored
linking (through coupling or integration/embedding) a GIS with a simulation/modelling
system purposely built, and therefore better suited to supporting the requirements of
ABM (e.g. Westervelt, 2002, Brown et al., 2005).

ABM focuses on the individual, progress is clearly being made in the use of
disaggregated data (e.g. Benenson et al., 2002). Increased computer power and storage
capacity has made individual-level modelling more practical in recent times. An example
of which can clearly be seen in the evolution of pedestrian modelling (see Galea and
Gwynne, 2006), where there has been a concerted movement from aggregate to
individual level modelling. However limitations still remain when modelling large
systems. For example large and refined datasets of high-resolution information now exist
for initialising, agent-based models for urban simulations. For instance in the United
Kingdom, there is a database on land parcels and associated land-uses (OS MasterMap
Address Layer 2®%), and road segment data is available (OS MasterMap® Integrated
Transport Network™ Layer®). Current GIS are capable of encoding these datasets into
the foundations of a simulation along with providing methods for relating these objects
based on their proximity, intersection, adjacency or visibility to each other.

One major stumbling block is that there is potentially too much detail for the current
generation of computers to deal with when applying this study to the whole of a city
rather than just a small area. Thus agent-based models have the potential to suffer from
similar limitations of the first generation of urban models developed in the 1960s (Lee,
1973). However this can be overcome by considering what level of abstraction is needed
to examine the phenomena of interest (for example, is “all the detail needed?’). Or a
series of smaller models could be created examining specific aspects of the system.
Secondly there is the lack of personal data both for the present and the past. For example
in the UK the smallest measure of individual data from the census is the Output Area
which contains around 125 households. Sometimes access to more personal data can be
attained (see Benenson et al., 2002) or synthetic population can be generated through
micro-simulation techniques (Birkin et al., 2006).

4. Applications

We are actively researching these challenges facing ABM through our current
applications of spatially explicit agent-based models at varying geographical scales,
Crooks (2006) explores the importance of space and geometry on the processes of the
segregation, and the location of residents and businesses within an urban system. Castle
(2006) focuses on fine scale pedestrian evacuation from King’s Cross St. Pancras
underground station in the event of an emergency incident. Batty is working on
embedding agent representations into traditional cross sectional land use transport models
where individuals tagged to different areas move through routine trip-making. The

2 http://www.ordnancesurvey.co.uk/oswebsite/products/osmastermap/layers/addresslayer2/
3 http://www.ordnancesurvey.co.uk/oswebsite/products/osmastermap/layers/itn/




models show how geospatial agent-based models can be built to operate over different
time scales, where in the case of the pedestrian model, time can be considered in units of
seconds and minutes while in the land use transport model, movements occur over the
hour or day. In the segregation model, time can be seen to operate over months and
years. The models use both raster and vector based geometries to represent space, and
can be related directly to the ‘real” world places. Both highlight how agents interact with
their environment and with each other and how aggregate patterns emerge. We give a
taste of the applications we will display and demo at the meeting in Figures 1 and 2.

5. Conclusion

These models demonstrate how the representation of individuals, through simple
rules governing their behaviour and interaction at the micro-scale, can result in
recognisable patterns at the macro-scale. The models apply different theories and
concepts, highlighting how ideas pertaining to urban phenomena can easily be abstracted
within agent-based models, helping further our understanding of how cities operate.
Furthermore, these models help laminate the importance of incorporating space when
modelling urban systems. Notwithstanding their potential, this class of geospatial models
more than any developed hitherto raise challenges for the field that directly face the issue
about the changing scientific method which is being forced by the development of
computation and highly decentralised views of how spatial systems actually work.
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Figure 1: Agent Representation as Typical Model Outputs
a) The King’s Cross Pedestrian Evacuation Model, b) the Greater London Transport
Agent-Based Model and b) The Inner London Residential Segregation Models
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Figure 2: Graphical User Interfaces of the Agent-Based Models
a) The Kings Cross Model, b) The GLA Land Use Transport Model, and ¢) The Residential
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