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The Leeds Burglary Simulator

NICOLAS S. MALLESON, ANDREW J. EVANS

ALISON J. HEPPENSTALL, LINDA M. SEE∗

SUMMARY: 1. Introduction – 2. Overview – 2.1. Purpose – 2.2. State Variables and
Scales – 2.3. Process Overview and Scheduling – 3. Design Concepts – 4. Details –
4.1. Initialisation – 4.2. Input – 4.3. Submodels – 5. Simulation Experiments

1. INTRODUCTION

Quantitative analysis of crimes often proceeds at an aggregate level, utilis-
ing environmental and crime statistics aggregated over both time and space.
However, the drivers of crime are, more often than not, individual, as are
the decision-making processes (here we exclude organised crime, though the
same techniques are ultimately appropriate). Agent-based modelling offers
the opportunity to step away from traditional aggregate analyses, and con-
centrate on the detailed actions of individuals within an environment. Agent
modelling additionally allows more sophisticated modelling of individual
drivers, decision making, and history. These models thus represent an excel-
lent opportunity to bring a greater level of depth to crime modelling, and
the last ten years has seen a slow rise in crime models of this type1.

Burglary, particularly theft from private houses, is a major criminal is-
sue in Britain, where these crimes tend to be perpetrated by individuals or
small informal groups, and where a major driver is the purchasing of drugs.
Burglary is inherently spatial, controlled as it is by the location of offenders,
the demographic patterns of potential victims in a city, and the location of
guardians like the police and passers-by. These spatial ties cause aggregate
hotspots that can be analysed on a predictive basis for policing purposes and
primary crime prevention. What is harder, however, is predicting quantita-
tively how these hotspots will respond to policing, or how criminals might

∗ N. Malleson, A.J Evans and A.J. Heppenstall are respectively lecturer, senior lecturer,
and lecturer at the Centre for Applied Spatial Analysis and Policy (CSAP), University of
Leeds (UK); L.M. See is research fellow at the International Institute of Applied Systems
Analysis, Laxenburg (Austria) and Centre for Advanced Spatial Analysis (CASA), UCL,
London (UK).

1 For a review, see N. MALLESON, A.J. EVANS, A.J. HEPPENSTALL, L.M. SEE, Crime
from the Ground-up: Agent-based Models of Burglary, in “Geography Compass”, forthcoming.
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react and/or be removed from the crime system. Work on crime displace-
ment and offender decision making is harder at the aggregate level because
of the very individually-driven nature of the crimes. Burglary is, therefore, a
clear candidate for agent-based modelling. An agent-based model of burglary
promises to provide a predictive analysis for primary crime prevention, but
also a framework for modelling detailed criminal, victim, and guardian be-
haviour, with a concomitant ability for modelling secondary responses to
prevention efforts.

With this in mind, this paper describes a sophisticated model of individ-
ual-level criminal behaviour. The paper utilises the OOD protocol2 to de-
scribe the model and its validation. We then introduce, very briefly, some of
the results from the model.

2. OVERVIEW

2.1. Purpose

The model is designed to a) allow for spatio-temporal predictions of bur-
glaries at the city scale, both under current conditions and “what if” policy
and other changes, and b) provide a framework for modelling and testing
our understanding of the criminal system. The model does not, currently,
predict the number of crimes, but runs to a fixed number of criminal events
(usually the current crime figures) or for a fixed period or stopping criteria
(usually until the spatial pattern of crimes stabilises). Predicting crime num-
bers would require an additional model relating agent histories to economic
predictions. As the relationship between these elements of the crime system
are far from well understood, the model currently assumes crime drivers are
entirely based on individual-level steady-state economics (that is, each agent
has a fixed non-crime income that does not vary) and the needs of the in-
dividuals that the income must satisfy (drugs, socialising), along with key
biological drivers (in this case, sleep). The drivers have diurnal variations –

2 V. GRIMM, S.F. RAILSBACK, Individual-based Modeling and Ecology, Princeton, Prince-
ton University Press, 2005; V. GRIMM, U. BERGER, F. BASTIANSEN, S. ELIASSEN, V.
GINOT, J. GISKE, J. GOSS-CUSTARD, T. GRAND, S.K. HEINZ, G. HUSE, A. HUTH, J.U.
JEPSEN, C. JØRGENSEN, W.M. MOOIJ, B. MÜLLER, G. PE’ER, C. PIOU, S.F. RAILSBACK,
A.M. ROBBINS, M.M. ROBBINS, E. ROSSMANITH, N. RÜGER, E. STRAND, S. SOUISSI,
R.A. STILLMAN, R. VABØ, U. VISSER, D.L. DEANGELIS, A Standard Protocol for Describ-
ing Individual-based and Agent-based Models, in “Ecological Modelling”, Vol. 198, 2006, pp.
115-126.
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the desire for sleep, for example, is stronger overnight – however we do not
currently consider than these are nuanced enough for daily crime rates to be
used to give realistic crime rates that could act as an indication of monthly
or yearly total crime figures.

In addition, there is no notion of punishment or capture – offenders are
not removed from the system, nor are their drivers adjusted by any kind of
punishment. While guardianship and other variables will control whether a
property is chosen for a crime, once a target is chosen, the crime is successful.
There is also no communication between agents; all offenders are currently
lone individuals without a shared understanding. The model generates a
spatial distribution of crimes, taking into account a variety of offender be-
haviours, environmental factors, and victim and guardian attributes.

2.2. State Variables and Scales

The model is comprised of agents representing offenders. Victims and
guardians are currently represented through environmental variables (for ex-
ample, a probability as to whether a house is occupied), but current efforts
are directed at an agent-based representation of victim behaviour3.

The attributes for the offenders fixed at initiation are:

– Household: this is derived from real offender data. Agents are ran-
domly allocated within their real postal codes.

– Drug supplier: allocated randomly from a pool of potential drug sup-
pliers in the area (established using data on approximate locations of
convicted drug dealers).

– Socialisation space: allocated randomly from all areas (socialisation
biased on distance from home and the demographic similarity of the
target area to the agent’s home area).

– Period of sleep needed: 8 hours a day.

The model includes a fixed cost for purchasing drugs and socialising.
Variables which change during the model run are then:

– Desire for sleep: varies throughout the day (see Fig. 1).
– Desire for drugs: builds after last intake.

3 Cf. N. MALLESON, A. HEPPENSTALL, L. SEE, Crime Reduction through Simulation:
An Agent-based Model of Burglary, in “Computers, Environment and Urban Systems”, Vol.
31, 2010, n. 3, pp. 236-250.
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– Desire for socialisation: highest in the evenings.
– Desire for wealth: varying diurnally (see Fig. 1).

Fig. 1 – Examples of the variation in two variables

Each of the desire variables fluctuates throughout the day but can be ze-
roed by being satisfied. Each one additionally has a weight associated with
it which represents the importance of this driver for a specific agent. Cur-
rently the agents are homogeneous with regards to their weights and variable
change rates, however both could be varied as one way of introducing per-
sonality or other behavioural traits (e.g. level of drug addiction). Again,
work on more heterogeneous agents is underway within a project looking
at modelling burglar types.

– Wealth: this is dependent on the additions from burglaries and sub-
tractions for drugs and socialising. One burglary will provide suffi-
cient income for one day’s drug use and socialising.

– Awareness space: this is a map of areas familiar to the agent, which
builds up as they go about their daily business and is used in choosing
target houses for burglary.
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Objects within the environment build up a substrate which the agents act
within. There are three types of objects: roads, a public transport network,
and buildings. These then have attributes that subdivide them. Roads and
public transport links have a type that controls the speed of movement of
the agents along them. Buildings have a type that determines if they are
houses, drug-dealer houses, socialisation spaces, or employment properties
(some model versions incorporate the possibility of temporary legitimate
employment). Houses have attributes which are taken from the area they
are in or from their geographical properties (building footprint) and which
control the likelihood of burglary.

The associated fixed values are:
– Geometry of the objects (e.g. house and garden dimensions): taken

from British Ordnance Survey data.
– Type of object: taken from British Ordnance Survey data and the Na-

tional Land Use Database. Drug dealer locations are based on real
data, but randomised within their postcode areas.

The presence/absence of guardians associated with the house is repre-
sented by a score giving the house’s attractiveness as a target. This is com-
posed of variables associated with internal guardians (that is, the likelihood
of occupation) and external guardians (passers-by, neighbours, etc.), and cen-
tred on the Rational Choice Perspective of Clarke and Cornish4 and Routine
Activities Theory of Cohen and Felson5.

Occupation estimates are based on the works structure of the household,
that is:

– Employment type of adults in the household: taken from employ-
ment distributions in the census, or

– Unemployment type: taken from unemployment, retirement, and
studentship statistics in the census, and

– Family structure: taken from census statistics.
These variables are used to construct a probability of occupancy for each

house, which varies during the day. For example, a household occupied by a
worker will be unoccupied during the day but is fairly likely to be occupied
in the evening, whereas one occupied by a student will have some probabil-

4 R.V. CLARKE, D.B. CORNISH, Modeling Offenders’ Decisions: A Framework for Research
and Policy, in “Crime and Justice”, Vol. 6, 1985, pp. 147-185.

5 L. COHEN, M. FELSON, Social Change and Crime Rate Trends: A Routine Activity
Approach, in “American Sociological Review”, Vol. 44, 1979, pp. 588-608.
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ity of being occupied during the day, but less likelihood of occupation in the
evening.

This probability is then used within a further variable to fix the attrac-
tiveness of the house as a target. Additional variables used in this attrac-
tiveness score represent the likelihood that external guardians will prevent a
burglary. These are:

– Collective efficacy: calculated from deprivation and demographic vari-
ation.

– Traffic volume: calculated using traffic estimates and space syntax.
– Accessibility: calculated using number of exterior property walls not

shared by properties (window/door proxy).
– Visibility: estimated from garden dimensions and house arrangement.
– Security: given a default value initially (which has no effect on attrac-

tiveness) but then adjusted in a fixed radius around each burgled prop-
erty for a set time period to represent temporary increased vigilance.
This value decays with a half-life of one week based on expert advice.

In addition to these individual objects, there are also community areas.
These are based on census geography areas (British Output Areas in this case)
which have an attractiveness score associated with them. If burglars know
the area they can use the attractiveness score to decide whether to travel to
the area to search for target houses.

Area attraction is a combination of:
– Deprivation disparity: the disparity between the deprivation (mea-

sured using the UK government-published Index of Multiple Depriva-
tion) of the agent’s home location and the area they are considering to
burgle – less deprived areas are more favourable.

– Inverse of the distance (in travel time) from the agent’s current loca-
tion – closer areas are more favourable.

– Comfort: assessed between the target area and the area in which the
offender lives, using census-derived socio-economic groups. This gives
an indication of how much a burglar will feel they ‘stand out’ in an
area.

– Number of previously successful burglaries in the area.
Each of these variables has a weight associated with it as an attraction

component, the value of which is calibrated in the final model.
As noted above, the number and location of offenders and drug dealers

is taken from real data provided by local police partnerships. The model is
usually run to the current annual crime numbers, to match annual report-
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ing statistics and distributions, or until the spatial patterns of crime stabilise.
The model runs on one minute time steps (1,440 iterations per simulated
day), though there is no expectation that a year’s crime numbers will cur-
rently take a year of model time to generate.

The environment is made of vector objects, largely derived from British
Ordnance Survey datasets. A typical example of the original data is given in
Fig. 2 (the model looks very similar when running). The model is usually
run on the sub-city scale because of the computational demands of running
for larger populations. Independent of this, the model areal size is not a
limiting factor, and resolution is only important in giving sufficient detail to
calculate object geometry.

Fig. 2 – Ordnance Survey Mastermap

2.3. Process Overview and Scheduling

The model is initialised with data that allocates offenders to households,
attributes to buildings and transport components, and initialises the state
variables of the offenders. Offenders start with nothing in their awareness
space. At each time step, all offenders decide on actions determined by their
internal states. The sequence of offenders is random.
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Offenders are modelled using the PECS framework (Physical conditions;
Emotional states; Cognitive capabilities; Social status)6. At each time step
they assess their desires (sleep, use drugs, socialise) and respond to the dom-
inant one. If they need to, they will then opt for a wider plan of action and
travel to an appropriate destination (drug dealer; burglary target; socialisa-
tion space).

If the desired action cannot be financed with current resources, the of-
fender will burgle. Offenders identify a community area that will contain
targets, based on areas they know and area attractiveness. Their awareness
space is built up during their daily routines visiting anchor points associated
with work, socialisation and drug buying (based on the Geometric Theory
of Crime of Brantingham and Brantingham7). Target households within
each area have an additional attractiveness that includes the ease of burglary.
Agents travel to the identified target area by the shortest route weighted for
ease of travel, searching as they go for easy target households. Once in an
area they will randomly chose a house and use a search pattern that expands
outwards, termed a “bulls-eye” search8. They take larger risks on targets (at-
tack less easy targets), probabilistically dependent on the desperation of their
driving need. If they do not find anywhere suitable in a given time, they pick
a new area and repeat the process. If they do find somewhere suitable, the
crime is assumed to be successful. The attractiveness of areas where a crime
has been achieved increases for the burglar, however, the security of the bur-
gled house and its neighbours also goes up for a period after the crime.

6 B. SCHMIDT, The Modelling of Human Behaviour, Erlangen, SCS Publications, 2000;
B. SCHMIDT, How to Give Agents a Personality, in “Proceedings of the 3rd Workshop on
Agent-based Simulation” (Passau, 7-9 April 2002); C. URBAN, PECS: A Reference Model for
the Simulation of Multi-agent Systems, in Suleiman R., Troitzsch K.G., Gilbert N. (eds.),
“Tools and Techniques for Social Science Simulation”, Chapter 6, pp. 83-114, Heidelberg-
New York, Physica-Verlag, 2000.

7 P.L. BRANTINGHAM, P.J. BRANTINGHAM, Notes of the Geometry of Crime, in
Brantingham P.L., Brantingham P.J. (eds.), “Environmental Criminology”, Prospect
Heights, Waveland Press, 1981, pp. 27-54; P.L. BRANTINGHAM, P.J. BRANTINGHAM, Mo-
bility, Notoriety, and Crime: A Study in the Crime Patterns of Urban Nodal Points, in “Journal
of Environmental Systems”, Vol. 11, 1981, n. 1, pp. 89-99; P.L. BRANTINGHAM, P.J.
BRANTINGHAM, Environment, Routine, and Situation: Toward a Pattern Theory of Crime,
in Clarke R., Felson M. (eds.), “Routine Activity and Rational Choice”, New Brunswick,
Transaction Publishers, 1993; P.L. BRANTINGHAM, P.J. BRANTINGHAM, Crime Pattern
Theory, in Wortley R., Mazerolle L. (eds.), “Environmental Criminology and Crime Analy-
sis”, Cullompton, Willan Publishing, 2008.

8 G. RENGERT, The Geography of Illegal Drugs, Boulder, Westview Press, 1996.
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3. DESIGN CONCEPTS

Agents have limited self-awareness and learning in this model. Charac-
ter is attributed to the agents through adjustment to the weightings of their
desires, the progressive changes to these desires on a repeating timescale (usu-
ally diurnal), and their starting environments. From the decisions made on
these bases, and interaction with the spatial configuration of the urban en-
vironment and its attributes, patterns of crime emerge at the urban scale.
The underlying behaviours are based on crime theory, as outlined above.
Such theories predict specific abstract patterns of crime. The novelty of the
model results come, in general, from two sources: the urban configuration,
and from the comparison of the model results with real crime distributions
that would not be predicted by these criminological theories.

In addition to making predictions, the model is thus useful for testing
criminological theories against current crime data. It represents an exper-
imental framework that encapsulates the theories of environmental crim-
inology and allows their quantitative assessment and manipulation. This
includes examining the behaviour of individual agents: in general the model
is designed to produce a spatial distribution of individual crime events, how-
ever, individual agents do record their tracks over time, and these can be
presented as spatio-temporal paths individually outside of the model. The
current implementation of the model runs inside the Repast Simphony envi-
ronment, and therefore has access to the geographical and graphical displays
associated with that, but alternative datasets, such as individual paths, can be
exported for external analysis.

4. DETAILS

4.1. Initialisation

The model can be initialised with a wide variety of real or imagined data.
In general, real data is utilised where possible. Details of the data utilised
can be found in Malleson and colleagues9. Parameters controlling variable
weights and behaviours are calibrated, either based on expert advice, the lit-
erature, or by hand. Hand-calibrated parameters are calibrated to minimise
errors against a real dataset. Details of the calibration and verification of the

9 N. MALLESON, L. SEE, A. EVANS, A. HEPPENSTALL, Implementing Comprehensive
Offender Behaviour in a Realistic Agent-based Model of Burglary, in “Simulation”, Vol. 88,
2010, n. 1, pp. 50-71.
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model can be found in Malleson10 and Malleson and colleagues11. Work is
currently underway on a parallel version of the model that will be calibrated
by a genetic algorithm for comparison and exploration. Once calibrated, the
model can be run with different urban and offender configurations.

In general the model produces spatial predictions, which are compared
with real distributions for validation, and individual behavioural histories,
which are examined for qualitative realism and quantitatively compared with
aggregate dynamics, like average travel-path lengths.

4.2. Input

There are no dynamic inputs into the model. The parameters do not
change during model runs, nor, in general, is new data injected into the
model, though the capability exists. In general, socio-economic models like
this could be greatly improved by the dynamic data assimilation techniques
seen in other modelling fields12; however, a community response to the eth-
ical issues involved in implementing data assimilation within social models
would need addressing first13.

4.3. Submodels

Submodels are extensive and described in detail elsewhere14. Informa-
tion on the agent drivers and decision making can additionally be found in
Malleson and colleagues15. Decision making for choosing victims can be

10 N. MALLESON, Agent-based Modelling of Burglary, PhD Thesis, School of Geography,
University of Leeds, http://www.geog.leeds.ac.uk/fileadmin/downloads/school/people/
postgrads/n.malleson/thesis-final.pdf, 2010.

11 N. MALLESON, L. SEE, A. EVANS, A. HEPPENSTALL, Implementing Comprehen-
sive Offender Behaviour in a Realistic Agent-based Model of Burglary, cit.; N. MALLESON,
A. EVANS, A. HEPPENSTALL, L. SEE, Evaluating an Agent-based Model of Burglary, Work-
ing Paper of the University of Leeds, School of Geography, n. 10, 2010, pp. 1-84.

12 A.J. EVANS, Uncertainty and Error, in Heppenstall A.J., Crooks A.T., See L.M., Batty
M. (eds.), “Agent-based Models of Geographical Systems”, Springer, 2012.

13 A.J. EVANS, A Sketchbook for Ethics in Agent-based Modelling, Association of American
Geographers (AAG) Annual Meeting (New York, 23-26 February 2012), http://www.geog.
leeds.ac.uk/presentations/12-2/12-2.pptx.

14 N. MALLESON, Agent-based Modelling of Burglary, cit.
15 N. MALLESON, A. HEPPENSTALL, L. SEE, Crime Reduction through Simulation: An

Agent-based Model of Burglary, cit.; N. MALLESON, L. SEE, A. EVANS, A. HEPPENSTALL,
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found in Malleson and colleagues16. Search pattern generation can be found
in Malleson and colleagues17. Data layer construction and use can be found
in Malleson18. For transport routing, see Malleson19.

5. SIMULATION EXPERIMENTS

As this paper is a general description of the model, it is not our intention
to present detailed results from the model, nor validation statistics, here.
However, the reader may find it useful to have to hand a brief description of
where these details can be found.

Early thinking on the model can be found in Malleson and colleagues20,
which set out to build an agent-based model of crime flows replicating ear-
lier experiments in crime modelling that used spatial microsimulation and
spatial interaction models21.

A very full and detailed description of the data preparation and the model
design process can be found in Malleson22. Details of the PECS model im-
plementation and the drivers behind agent decision making are summarised
in Malleson and colleagues23. Details of the model calibration and validation
can be found in Malleson and colleagues24.

Implementing Comprehensive Offender Behaviour in a Realistic Agent-based Model of Burglary,
cit.

16 N. MALLESON, L. SEE, A. EVANS, A. HEPPENSTALL, Implementing Comprehensive
Offender Behaviour in a Realistic Agent-based Model of Burglary, cit.

17 Ibidem.
18 N. MALLESON, Agent-based Modelling of Burglary, cit.
19 N. MALLESON, Using Repast to Move Agents Along a Road Network.

Agent-based Crime Simulation, 2008, http://crimesim.blogspot.co.uk/2008/05/
using-repast-to-move-agents-along-road.html.

20 N. MALLESON, A.J. EVANS, T. JENKINS, An Agent-based Model of Burglary, in “Envi-
ronment and Planning B: Planning and Design”, Vol. 36, 2009, pp. 1103-1123.

21 C. KONGMUANG, G.P. CLARKE, A.J. EVANS, A Spatial Microsimulation Approach to
Modelling Crime, Proceedings of the British Society of Criminology Conference (Leeds, 12-
14 July 2005); C. KONGMUANG, G.P. CLARKE, A.J. EVANS, D. BALLAS, Modelling Crime
Victimisation at Small-Area Level Using a Spatial Microsimulation Technique, Paper presented
at the RSAIBIS 35th Annual Conference (Stratford-upon-Avon, 17-19 August 2005).

22 N. MALLESON, Agent-based Modelling of Burglary, cit.
23 N. MALLESON, A. HEPPENSTALL, L. SEE, Crime Reduction through Simulation: An

Agent-based Model of Burglary, cit.
24 N. MALLESON, L. SEE, A. EVANS, A. HEPPENSTALL, Implementing Comprehen-

sive Offender Behaviour in a Realistic Agent-based Model of Burglary, cit.; N. MALLESON,
A. EVANS, A. HEPPENSTALL, L. SEE, Evaluating an Agent-based Model of Burglary, cit.
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Applications of the model to validating current crime theory and “what
if” simulations can be found in Malleson25, Malleson and colleagues26 and
Malleson and Brantingham27. Results for simulations applied to the Leeds
area have been the most successful. The model was able to suggest some
individual houses that might have an increased risk of victimisation following
a large urban regeneration scheme28.

Issues with the application of the model to sub-optimal datasets can be
found analysed in Malleson29 and Malleson and Brantingham30, while a dis-
cussion of the ethical issues associated with agent-based crime modelling can
be found in Evans31. A comparison of the pros and cons of the model in rela-
tion to other agent-based models of burglary and other crimes can be found
in Malleson and colleagues32. On-going work on the model can be found
in Malleson and Birkin33 and at http://crimesim.blogspot.co.uk/. Finally,
a copy of the model, along with a stripped down version of the model suit-
able for building into other urban simulations (RepastCity), can be found at
http://code.google.com/p/repastcity/.

25 N. MALLESON, Agent-based Modelling of Burglary, cit.
26 N. MALLESON, L. SEE, A. EVANS, A. HEPPENSTALL, Implementing Comprehensive

Offender Behaviour in a Realistic Agent-based Model of Burglary, cit.
27 N. MALLESON, P. BRANTIGHAM, Prototype Burglary Simulations For Crime Reduction

and Forecasting, in “Crime Patterns and Analysis”, Vol. 2, 2009, n. 1, pp. 47-66.
28 N. MALLESON, L. SEE, A. EVANS, A. HEPPENSTALL, Implementing Comprehensive

Offender Behaviour in a Realistic Agent-based Model of Burglary, cit.
29 N. MALLESON, Agent-based Modelling of Burglary, cit.
30 N. MALLESON, P.L. BRANTIGHAM, Prototype Burglary Simulations For Crime Reduc-

tion and Forecasting, cit.
31 A.J. EVANS, A Sketchbook for Ethics in Agent-based Modelling, cit.
32 N. MALLESON, A.J. EVANS, A.J. HEPPENSTALL, L.M. SEE, Crime from the Ground-

up: Agent-based Models of Burglary, cit.
33 N. MALLESON, M. BIRKIN, Towards Victim-oriented Crime Modelling in a Social Sci-

ence e-Infrastructure, in “Philosophical Transactions of the Royal Society A”, Vol. 2011, n.
1949, pp. 3353-3371.




