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Abstract. It is quite consensual that police patrolling can be regarded as one of
the best well-known practices for implementing public-safety preventive poli-
cies towards the combat of an assortment of urban crimes. However, the speci-
fication of successful police patrol routes is by no means a trivial task to pursue,
mainly when one considers large demographic areas. In this work, we present
the first results achieved with GAPatrol, a novel evolutionary multiagent-based
simulation tool devised to assist police managers in the design of effective po-
lice patrol route strategies. One particular aspect investigated here relates to the
GAPatrol’s facility to automatically discover crime hotspots, that is, high-
crime-density regions (or targets) that deserve to be better covered by routine
patrol surveillance. In order to testify the potentialities of the novel approach in
such regard, simulation results related to two scenarios of study over the same
artificial urban territory are presented and discussed here.

1 Introduction

Police patrolling is an important instrument for implementing preventive strategies
towards the combat of criminal activities in urban centers, mainly those involving vio-
lence aspects (such as bank robbery, theft, armed robbery, gang fighting, drug dealing,
environmental degradation, and kidnapping). An underlying hypothesis of such preven-
tive work is that, by knowing where the occurrences of crime are currently happening
and the reasons associated with such, it is possible to make a more optimized distribu-
tion of the police resources available to control the overall crime rates.

In fact, place-oriented crime prevention strategies have been the focus of much re-
search study in the last decades, centering, in a way or another, on the concept of “crime
hotspots” [3][6]. The main point argued in this theory is that crime is not spread evenly
across urban landscapes; rather, it clumps in some relatively small places (that usually
generate more than half of all criminal events) and is totally absent in others. Hotspots
refer to those high-crime-density areas (targets) that deserve to be better controlled by
routine patrol surveillance or other more specific police actions.

Usually, the discovery and analysis of such hotspots are done iteratively by the
construction of visual maps, which allow the association of the types of hotspots with
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their crime patterns and possible police actions. Moreover, simple-to-apply statistical
tests can reveal a prior understanding of what should be expected to be found in a
hotspot map, even before the map has been created. Tests for clustering are particu-
larly important. However, analysts may waste valuable time in their attempts to create
a crime hotspot map if a test fails to reveal that some clusters (hotspots) exist in the
analyzed data. Indeed, different mapping and statistical techniques have revealed the
different applications to which they are suited and demonstrated that they have pros
and cons with respect to the mapping outputs/results they generate. One consensus
that has emerged in this sense is that identifying hotspots requires multiple comple-
mentary techniques, since no single method is good enough for all circumstances.

With this in mind, in this paper, we present GAPatrol, a novel evolutionary
multiagent-based simulation tool devised to assist police managers in the design of
effective police patrol route strategies. As the specification of these patrol routing
strategies is intimately associated with the discovery of hotspots, our claim is that
such decision-support tool provides an alternative, automatic means for the delimita-
tion and characterization of important crime hotspots that may exist or appear over a
real demographic region of interest. The conceptualization of GAPatrol was directly
inspired by the increasing trend of hybridizing multiagent systems (MAS) [7] with
evolutionary algorithms (EAs) [1], in such a way as to combine their positive and
complementary properties [5]. Moreover, it correlates with other prominent research
studies that have recently been conducted in the public-safety domain by making use
of the theoretical/empirical resources made available by multiagent-based simulation
systems [2][4].

In order to testify the potentialities of the GAPatrol approach in uncovering crime
hotspots, simulation experiments related to alternative scenarios of study over the
same artificial urban territory have been conducted, and some preliminary results are
presented and discussed in the following. This is done after characterizing the entities
comprising the simulated urban society in focus and some configuration issues related
to the adopted multiagent simulation environment, as well as briefly conveying some
important details about the evolutionary engine behind GAPatrol.

2 GAPatrol

The entities that take part in our simulated multiagent society are described as follows.
There is a set of NP = 6 police teams available, each one associated with a patrol route
passing through some special locations of the urban territory considered. There is no
distinction, in terms of skills, between the police officers allotted to the different police
teams. We also assume that the teams patrol intermittently and the speed of their patrol
cars are the same, meaning that the time spent by a given team in a given location will
depend solely on the size of its route. However, routes can overlap and/or share com-
mon points of surveillance. The special locations to be patrolled are referred to here as
targets, which can be differentiated with respect to the type of commercial/entertainment
establishment they represent (like drugstores, banks, gas stations, lottery houses,
squares, and malls). In all, there are NT = 41 targets in the territory.

Besides, there is a set of NC = 15 criminals representing the actors that frequently
try to commit the crimes. Each criminal is endowed with a limited sight of the



Towards Optimal Police Patrol Routes with Genetic Algorithms 487

environment, measured in terms of grid cells. For instance, with a vision of 1,000
meters, if each cell has 100-meter sides, the radius of the criminal’s sight will be 10
square cells around him/herself. We assume that there is no chance of having a crimi-
nal being arrested and jailed, meaning that the number of criminals is always constant.
Each criminal offender has a personality, which, in turn, determines the types of
places he/she more frequently selects as targets for committing crimes. Moreover, the
personality can vary over time, passing from novice to intermediate to dangerous,
according to the success of the criminal in committing crimes. For each pair (type of
personality, type of target), there is a certain probability for committing a crime, as
showed in Table 1. The underlying logic is that a dangerous criminal has a higher
probability to seek out banks than a novice, for instance, aiming at obtaining higher
returns in money and due to his/her higher level of expertise.

Table 1. Probability of approaching a target for different types of criminal personalities

Square Drugstore Lottery Gag Station | Mall Bank
Novice 50% 30% 20% 0% 0% 0%
Intermediate 20% 30% 30% 20% 0% 0%
Dangerous 10% 15% 15% 10% 15% 35%

Having probabilistically selected the next type of target, it is assumed that the
criminal has the knowledge necessary to localize the closest exemplar target on the
map, moving straight towards such point. The time expended to reach the target is
calculated based on the speed of the criminal and the distance to the target. The short-
est period of motion, considering all NC criminals, is taken as a reference, so that the
criminals are allowed to move only during this time period. Finally, the decision
whether or not to commit a crime is made based on the existence of one or more po-
lice teams within the radius of the criminal’s sight. If the offender decides to not
commit a crime, then he/she will select a new target to approach, leaving the current
location. Otherwise, we assume that a crime will be simply committed.

GAPatrol’s multiagent engine runs atop the Repast simulation environment [2].
Each set of routes designed by a GAPatrol chromosome (see below) gives rise to a
series of simulation executions in order to evaluate the crime prevention performance
of such set of routes. Each simulation instance runs 3,000 ticks, which would roughly
correspond to one month of real-life events.

The evolutionary engine of GAPatrol is based on Genetic Algorithms (GAs) [1], a
metaheuristics that complies with the Darwinian theory of evolution by natural selec-
tion to efficiently design (quasi-)optimal solutions to complicated search problems.
Such metaheuristics maintain a population of individuals, which represent plausible
solutions to the target problem and evolve over time through a process of competition
and controlled variation. The more adapted an individual is to its environment (i.e.,
the solution is to the problem), the more likely will such individual be exploited for
generating novel individuals. In order to distinguish between adapted and non-adapted
individuals, a score function (known as fitness function) should be properly specified
beforehand in a manner as to reflect the main restrictions imposed by the problem.
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In this paper, a customized GA model is employed for the design of effective po-
lice patrol routing strategies, making direct use, for this purpose, of the multiagent
engine described earlier. Due to the dynamism implied by the criminals’ non-
deterministic behavior, this may be viewed as a challenging problem to be coped with
by GAs. In what follows, we describe the main components of the GAPatrol evolu-
tionary engine.

Each individual in the evolutionary process represents a set of patrol routes, each
route associated with a given patrol team. By this way, the number of routes is pre-
fixed. However, the length of each route and the targets it may include are defined
adaptively, therefore allowing the overlapping of routes through the crossing of their
sub-routes or through the sharing of targets. There is no need that a target be covered
by at least one route, which means that the evolutionary process is free to concentrate
on those targets that seem to deserve better police patrolling attention (hotspots), if
this might be the case. Each individual should be interpreted as a sequence of pairs of
indices, the first one representing a police team and the other referencing a target. A
binary codification of the chromosomes is employed for such purpose.

As the main objective of this study is to find a set of patrol routes that minimizes
the number of crime occurrences in a given area, a straightforward fitness function
that was adopted for the evaluation of the individuals is the inverse of the number of
crimes. This fitness function is further modified by a fitness scaling mapping opera-
tor, so as to better discriminate between the individuals’ capabilities and to prevent
the premature convergence problem [1]. In each execution of GAPatrol, the initial
population of route sets is randomly created according to a uniform distribution over
the values of all genes (i.e., bits of the individuals). The fitness value of each individ-
ual is calculated taking as basis the average number of crimes achieved in NS = 10
executions of the multiagent engine. After that, according to the roulette wheel selec-
tion operator [1], some individuals are recruited for mating (via the crossover opera-
tor) and producing offspring. The latter may serve as targets for the simple mutation
operator. Finally, the current best individuals (from both parents and offspring) are
selected deterministically for comprising the next GAPatrol’s generation. This proc-
ess is repeated until a stopping criterion is satisfied, namely that a certain number of
generations are reached. Then, the best individuals (sets of patrol routes) produced
across all generations are presented to the police managers as the (quasi-) optimal
solution to the considered simulation scenario, allowing them to provide visual analy-
sis of the characteristics underlying these most effective sets of patrol routes and the
hotspots they have discovered.

3 Results and Discussion

In order to evaluate the performance of the GAPatrol approach while tackling the
problem of hotspots localization, some simulation experiments were carried out and
their results are briefly presented here having as basis two distinct scenarios defined
over a simulated urban environment that mimics a well-known neighborhood of For-
taleza, Brazil. In such study, the GA metaparameters were set arbitrarily as follows
[1]: 95% as crossover rate, 5% as mutation rate, population size of 30 individuals, and
100 as the maximum number of iterations. Since the criminals begin the simulations
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as novices, the points that should be targeted more frequently by them are drugstores,
squares, and lotteries. Figure 1 presents the physical disposition of all 41 targets over
the environment as well as the points of departure of the criminals in the two scenar-
ios. The first scenario was devised as a controlled scenario where the points of
departure were localized strategically in the middle of the four quadrants of the envi-
ronment, facilitating in the recognition of the hotspots. Conversely, in the second
scenario, the criminals start out from a unique source, forcing them to initially roam
out around the area, which leads to a more dispersed distribution of the hotspots.
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Fig. 1. Physical location of the targets (in terms of grid squares) and points of departure of the
criminals in both scenarios of study

Table 2. GAPatrol’s best sets of routes for both scenarios, and the types of targets ranked ac-
cording to the frequency of visitation by the routes—the higher the frequency of a type, the
higher the chance that its associated points are hotspots. Targets with higher probabilities to be
hotspots are highlighted.
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Table 2 brings the configuration of the best sets of routes achieved for both scenar-
ios, indicating the types of targets they concentrate on mostly. It was easy to notice
that GAPatrol could identify well, in both scenarios, the targets that are best candi-
dates for being considered as hotspots: either GAPatrol has allocated a patrol team
permanently at those points or they appear twice or more times in any route of the set.
Moreover, as in both scenarios fifty percent of the patrolled targets are drugstores,
squares or lotteries, it is easy to perceive that GAPatrol could somehow “learn” the
behavior of the non-expert criminals by allocating more police resources for monitor-
ing those types of places and then not allowing that the criminals become experts.

Finally, by analyzing the behavior of the best individuals of each generation of all
GAPatrol executions, we could notice that this sort of hotspot elicitation was indeed
very important for giving rise to effective sets of patrol routes at the end of the evolu-
tionary process. Indeed, in the first generations, most of the hotspots were not yet
localized by most of the competing sets of routes (GA individuals), which, in turn,
tended to be rich in length (i.e. trying to encompass as much points as possible and
not focusing on those that were indeed most important). Fig. 2 provides a pictorial
illustration of one execution of GAPatrol, ratifying our arguments.
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Fig. 2. GAPatrol evolutionary process: decreasing in fitness due to hotspots discovery

As future work, we plan to provide a more thorough account on the properties and
characteristics underlying the best sets of routes achieved with GAPatrol. A spatial
analysis of the routes is also in course, and soon the criminals shall be endowed with
capabilities to learn how to better spot their points of attack.

Acknowledgements

CNPq/Funcap sponsored the third author through the DCR grant n°® 23661-04.

References

[1] T. Béck, D. Fogel, Z. Michalewicz. The Handbook of Evolutionary Computation, Oxford
University Press, New York, 1997.

[2] N. Collier. Repast: An extensible framework for agent simulation. Available in
http://repast.sourceforge.net, 2003.

[3] L. Sherman, P. Gartin, and M. Buerger. Hot spots of predatory crime: Routine activities
and the criminology of place, Criminology 27:27-56, 1989.



(4]
(5]

(6]

(7]

Towards Optimal Police Patrol Routes with Genetic Algorithms 491

J.S. Sichman, F. Bousquet, and P. Davidsson (Eds.). Multi-Agent-Based Simulation II,
Third International Workshop (MABS 2002), LNAI 2581, Springer, Berlin, 2003.

R. Smith and C. Bonacina. Evolutionary computation as a paradigm for engineering emer-
gent behaviour in multi-agent systems, in: Plekhanova, V. (Ed.), Intelligent Agent Soft-
ware Engineering, pp. 118-136, Idea Group, 2002.

D. Weisburd, L. Maher, and L. Sherman. Contrasting crime general and crime specific
theory: The case of hot spots of crime, Advances in Criminological Theory, vol. 4, New
Brunswick, NJ: Transaction Press, 1992.

G. Weiss (Ed.). Multiagent Systems: A Modern Approach to Distributed Artificial Intelli-
gence, The MIT Press, 1999.



	Introduction
	GAPatrol
	Results and Discussion
	References


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 524288
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize false
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 600
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.01667
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 600
  /GrayImageDepth 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.01667
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 2.00000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /False

  /SyntheticBoldness 1.000000
  /Description <<
    /DEU ()
    /ENU ()
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.000 842.000]
>> setpagedevice




