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ABSTRACT

One of the vital clues offenders leave behind wtiery commit crime is the crime location. In recent
years, several algorithms have been used to fdrdembtiome site of unknown serial offenders ontiasis

of crime locations that have been linked to onermder. These have developed from spatial typadgie
softwares that can provide direct support to crimeestigations. Geographic profiling is an inveatige
methodology used in criminology that analyses twations of a linked series of crimes to decidentiost
probable location for where the offender lives. sThiork establishes Bayesian Dirichlet Process Meéxtu
Model (DPM) for crime hotspots analysis and as aeggaphic profiling system. It expands physiological
profiling approach by integrating the idea of dista decay and buffer zone. The model was then
implemented and tested with 119 spatial data afntegerial theft cases in Akure, Nigeria. GPS Garmas
used to collect the data. The reported crime lonativere visited to gather the data and were preegsed
by converting it into the machine readable forma&he final output of the analysis (geoprofile) usthe
model was developed that depicts the most probatgle of criminal(s) anchor point. A probability Beo
was calculated for every point within the studyaate indicate the likelihood that it contained the
offender’'s residence. The model was implementedRinThe model provides a practical tool for
criminologist in targeting interventions and a mefécient use of resources for serial crime inigzgton.

It can assist law enforcement agencies in decisaodspolicies making.

Keywords: Bayesian approach, criminology, Diriclpedcess mixture, geographic Profiling, geoprofile

1.0 Introduction

The trend in crime analysis called geographic pingfibegan and became relatively common in the 5980
Computerized mapping of crime occurrences begaulstitute and improve upon “pin maps” which had
been utilized for decades to analyse geographi@srén crime (Rich and Shively, 2004). Recent ssidi
into crime data have led to the development ofasries that can be used to foretell the resideneesefial
offender by looking at the pattern of offenses cotrad. Many of these software packages requiraiase
of at least five crimes in order to be effectiveylne, 2004). Investigations of serial crime tyfiicanvolve

too many, rather than too few crime suspects; f@amnmple, the investigation into the Yorkshire Ripper
murders in the UK between 1975 and 1980 genera&&j0Q0 names (Doney 1990). In criminology,
geographic profiling system techniques use spdétd concerning the locations of connected crings $0
create a surface of search priority that is overtai a map of the study area to produce a geograeitich

in turn allows the police to prioritize investigatis by systematically examining suspects associaiit
locations in descending order of the height orgéeprofile (Rossmo 2000).

Geographic profiling model is based on the asswmghat offenders are more likely to select th&tims

and commit a crime which would be centred near theine address (or place of work or another address
where they spend a lot of time such a friend’s aslslr club, and recreational centres etc.). Gegerall
geographic profiling system is used in cases dékerturder, or serial rape and also arson, theftting,
robbery, and other crimes. In addition to deterngnthe offender’'s most likely area of residence, an
understanding of the spatial pattern of a criméeseand the characteristics of the crime sitestedn
detectives other useful information, such as whethe crime was devious and the degree of offender
knowledge of the crime location. Geographic progliis a branch of offender or criminal profilindnét
inference of offender characteristics from offenckaracteristics). Consequently, it is related to
psychological or behavioural profiling. Psycholaiprofiling is about “who” that committed the cém

1



54
55

56

57

58
59
60
61
62
63
64
65
66
67

68
69

70

71
72
73
74
75
76

77
78
79
80
81

82
83

84
85
86

while geographic profiling is about “where” therog was committed. work establishes Bayesian Deichl
Process Mixture Model (DPM) for crime hotspots gsisl and as a geographic profiling system.

2.0. Material and Methods
In the section, we have discussed most of the rdsthsed in this research work

2.1 The Geographic Profiling System

The existing system of crime investigation usingggephic profiling system makes use of some common
notation according to O’Leary (2012). A point x Milve two components x = a, b. These can be dititu
and longitude, or distances from a fixed pair afppadicular reference axes. It is assumed thersares

of n linked crimes, and the crime sites under staidylabelled % X, . . ., %. Also, the offender’s anchor
point is represented with symbol z. The anchor {ppocam be the offender’'s home, work place, or sothero
location of significance to the offender. The fiestd most vital issue to consider in a geograptotilmg
system is how to measure the distance betweenspefiith can be either Manhattan or Euclidean digtan
Euclidean distance is a common method which make®fithe usual notion of distance. Here, the dista
d(x, y) between two points x and y is given hixdy) where

d,(x,y) = J[x(l) + yW 12+ [x®@ + y@]2 | . (2.1.1)

Another means is to use the Manhattan distancthigninstance the spacing between x and y is gbyen
di(x,y) and

dy(x,y) = [x® + yD| + |x@ + y@| e (2.1.2)

There are other alternatives that can be usedexample the total time to make the trip while fallng the

local road network, or the total street distandefdng the local road network. One thing to nottveeen
these distances is that the Euclidean distancesdive same results irrespective of the choice ef th
coordinate axes; specifically, rotating a pair ofrs around a third does not change the distapteden

the pair. This however does not hold for the Matamtistance, and so the coordinate axes need to be
chosen carefully when using the Manhattan distance.

Geographic profiling algorithm strategy can be déd into two general categories. They are: spatial
distribution strategies and probability distancatsgies. A spatial distribution strategy involveaking use

of Centroid (mean centre) of reported crime locaito predict offender(s) location. The simplestto
strategy is to estimate the offenders anchor p@htby the centroid Gnwoiq Of the serial crime. The
centroid, also known as the center of mass is défio be

n

1
Ceentroid = Hzxi C e (2.1.3)

i=1

There is another method of estimating the anchantgay the center of minimum distance.g This is
chosen to be the value of y of which the sum ofdilseances from that site to the location of tHemde.

n

D(y) = Z(Xi,y) Co (2.1.4)

i=1

Here diverse choices of the distance functdead to different choices for the center of minimdistance.
Unlike the centroid, there is no simple formulatthes the value of &4 however, there are a number of
efficient algorithms that can approximate it to @®gired accuracy. (Snook et al., 2005)
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2.2. Geographic Profiling Predictive Model

Geographic profiling describes the patterns obskmecrime distributions and the mental process It

to their formation. Given a serial offender's hofoeation and anchor points, crime detectives could
identify which areas the offender would likely aftk and also his anchor point. Researchers took this
descriptive model and inverted it to create thedjoteve models that make up geographic profiling
(Rossmo, 2000, Canter, 2003). A number of model® wleveloped, ranging from the very simple to the
very complex, and are covered below. The modelslaided into two categories based on their overall
strategy.

2.2.1 Spatial StrategiesCanter and Larkin (2003) found that 87% of a samoplgerial rapists lived inside

a circle with a diameter equal to the distance betwthe two farthest crime scenes. However, thisnma
which they called the “circle hypothesis,” barelgrrows the search area. Moreover, investigatore wer
already in the practice of looking within the “caxvhull,” the polygon created by connecting thesouibst
crime scenes, for the offender's residence.

The technique was modified to make a single-poiatiigtion by designating the center of the cirdelae
anchor point. Because the circle hypothesis inaatps only a fraction of the knowledge about serial
offender behaviour, it remains the most simplistiedel in geographic profiling and is used morerotie a
control method (Snook et.al., 2005)..

2.2.2 Probability Strategies:The strength of spatial models in offering a sifgbnt prediction is also
their greatest weakness: they only provide inforomafor one coordinate of the map. If the predicted
anchor point is not the actual anchor point, thel@hteaves investigators on their own to interpiet that
single point influences the search of the surrougmdirea. Probability strategies solve this problem
combining a center of gravity method with a disamtecay function to provide information for every
coordinate of the map.

For each point in a reference area containing timeecdistribution, a likelihood score, also calkedensity
or hit score, is calculated by a two-step procEsst, the distance between itself and each cricemes is
evaluated by the distance decay function. Secdmrdsulting values are summed to find the likeltho
score. The higher the score, the more likely tbibe the serial offender's primary anchor poirdri@r et
al., 2000). Buffer zones are sometimes incorporattedthe probability strategy. The reference asethen
separated into a contoured density map to creabeitiped search areas. The top contour contairiiey
highest likelihood scores is called the “top pefiegion.”

2.3. Geographic Profiling Using Bayesian Approach

The problem of geographic profiling is, given tleedtions of a series of crimes committed by annofée,
how can the offender’s anchor point be estimatdd® fechnique is able to account for geographitufea
that affect the selection of the crime sites, thation of potential anchor points, differencestiavel
distances of different offenders, and certain demyoigic characteristics of the offender. (O’'Lea§092)

As stated in the work of O’Leary, 2012, assuming tffender chooses potential locations to offend
randomly according to some unknown probability dgnéunction P(x). The use of a probability
distribution here does not imply that the offenideselecting targets randomly, though there isssipdity

of that happening. Instead it represents inadeckratevledge to make educated guess about the decisio
making process of the offender.

It was also assumed thafx) depends on just two factors; first is the amgbaint z of the offender. Second
is the average distance that the offender is wjllia travel to offend. It is factual to say thaffelient
offenders have different willingness to travel ahdt the travel patterns of a twenty five year will be
different that those of a seventy year old offendesr this reason, it was explicitly allowed foreth
possibility that the offender’s average travel aiste may affect the choice of targets by the offené the
crime location.
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Thus, the initial mathematical model is that thizider with anchor point z and average offensedcso
chooses to offend at the location x according touaknown probability distribution P(x | z)). The
elements of the crime serieg X,, . . ., % then represent a sample from this unknown digiohuHence,
suppose that the form of P(x |@, was specify; then the geographic profiling isbeeomes a parameter
identification issue for the unknown parametersid @ This issue was tackled using Bayesian approach to
try to find a probability distribution for the un&wn parameters. The standard Bayesian rule staéshe
posterior distribution of z and@ given a series of crimeg, %, . . ., %S

P(x1, %5, ..., %Xy |2, 0)T(Z, @)

P(z a|xq,%5,...,%,) = 2.3.1

(z, al|xy, x; n) Pt %y o Xy (23.1)

HereP(xy, %o, . . ., % | Z,a) is the model of offender behaviour; it specifibe probability density that the
offender will offend at all of the locationg,x, . . . , % given that they have anchor point z and average

offense distancer. The factor (z,a) is the prior distribution of anchor point and esfée distance; it
represents what is known about the offender befakieng into account the information from the crime

series itself. The factor P{xx, . . ., %) is the marginal distribution; since it does nepédnd on either z or
a, this can be removed by replacing the equalitg lpyoportionality, so
P(z, alxy,x5,...,%,) X P(xq,%X5,..., %, |2, a@)1(zZ, a) .. (2.3.2)

It was then anticipated that the different crintesiwere selected autonomously of one another. \Wass
accepted because it is the simplest way the privyadistribution P(x1, X, . . ., % | z,) can be related to the
model of offender behaviol®(x | z,a). However, there is some indications that crimioifénse sites are
not independent, which would require a more rolmgtlel for offender behaviour. Proceeding with the
simplest model of independence though, one candagithat

P(xy,%x5,..., %, |2,0) = P(x1|2, )P (%32, @)...., P(x,|z, ) ... (233)

The simplest approach to the previar(z, a) is to assume that anchor points and offense distaare
independent; then we can write
n(z,a) = H(z)r(a)

Combining this, it seems and reveals that thegeredationship

P(z, alxq,x5,..., %) X P(x1|2, ))P(x3]2, ). ..., P(xy|z, a)H(z)m(x) .. .(2.3.9)

Since we are only interested in the distributiorthaf location of the anchor point(s), we can thaketthe
conditional distribution to have

P(z,|x1,%5,..., %) X fooP(xllz, Q)P (x3 |z, a)...P(x,|z, OH(z)m(a)da . . . (2.3.5)
0

This gives the probability distribution that thdesfder has anchor point z, given that they havenaibied
crimes at location x %, . . . , %. If this method will be effective, there is need dpecify a model for
offender behaviour P(x | @). We take the approach that this has the form

P(x|z,a) = D(d(x,z),a)G(x)N(z, a) .o (2.3.6)
Here aboveD(d(x, z), a) represents the distance decay behaviour of fleaaér andi(x, z) is the distance
between the crime points (x) and anchor point (z).

2.4. Bayesian Approach to Serial Crime Analysis
For the classic circumstance, to estimate proltgluinsity for the anchor point z given crime seig x,
., X%, Bayes' Theorem implies

P(x |z, a)m(z, )
P(x)

P(z alx) = (2.4.1)
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Again

» P(z,a|x) is the posterior distribution giving the probalyildensity that the offender has anchor point z
and average offense distancgiven offender has committed offensesat X: ; x..

P(x) is the marginal distribution, since it is ipgadent of z and x it can be ignored.

» 7(z, a) can be factored again into with same definitiohs andz made above.

P(x1,%5,...,%,]2, @) = P(x,|z, a) can be reduced assuming that the offence sitéadependent

Substituting we now have,

P(z, alxy,x5,...,x,) X P(x1]|z,&)...P(x,|z, a)H(z)T () .. (24.2)

Finally since the main objective of this work is determine the most probable anchor point z of the
offender, the conditional distribution in (2.3.5asvtaken to obtain

[oe]

P(lel,xz,...xn)ocf P(xq |z, @)... P(x,|z, ))H(z)Tt(a)dax ... (243)
0

Where P(z|x,, x5, ...x,) gives the probability density that the offender hashor point z given offenses
at locations x X, . . . %.

This is the basic framework for geographic proflinat allowing for many possible choicesPo{x|z,a).
This also simply lets the addition of more paramseter removes parameter without significantly
changing the model. Geographic profiling workshwiivo fundamental assumptions. The first one iszha
is independent af; average distance the offender is willing tragehidependent of offender's anchor point.
While the second one is that offender's choiceiofe sites are pairwise autonomous.

2.6. A Simple Models for Offender Behaviour

According to O’Leary, M. (2012), the simple modet bffender behaviour incorporates most model$ién t
current literature. The following models make thleswanption that all offenders have the same average
offense distance known in advance. If we assume that an offendeosés a target location based only on
the Euclidean distance from offense location temder's anchor point, then we result in a normadrinte
distribution is given by

1
P(xlz,a)zmexp( |x—z|2) Co. (2.6.1)

4a?

Assuming that all offenders have the same averfigase distancer and all anchor points are equally
likely, then we obtain a product of normal disttibns

n
1 I8
P(zlxy, X, ... Xy) = (m " exp (_Wzlxi — Z|2> ... (26.2)
n-1

Alternative model of offender behaviour is the nmaxtim likelihood estimate for the anchor point as the
mean centre of the crime site locations. This édantrography which is the basis of Rossmo's Fasmu
this is also the mode of the posterior anchor pmiobability distribution.

Another behaviour model is that the offender chea@starget location based only on the Euclideaanie
from the offense location to the offender's angiwint, but as a (bivariate) negative exponentighst

5
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2 2
P(x|z, a) =Wexp (—Elx—zl> .o (2.6.3)

Supposing that all offenders have same averagesafdistances and all anchor points are equakyylik
then the maximum likelihood estimate for the offeris anchor point is simply the centre of minimum
distance for the crime series locations which casthted as

n
2 2
P(z]xy, X3, %p) = (=)"exp (—= ) |x; — z) ... (264)
Ta a
i=1

3.0 The Analytical Solution to the Bayesian Dirichét Process Mixture (DPM) Model

As supported by Verity et al., (2014) in respecttad expressions for some posterior quantitiestefést
under the Bayesian Dirichlet Process Mixture (DRM)del. These analytical solutions are only pratijica
useful when the number of observations is sma#itated previously. To start with, let us conditimm a
particular partition of the data, as specified g vector of group indices ¢ £ c. . G described above. Let
there be nelements in group j (in other words=#{ci : ¢ = j}), and u groups in total, so that . The prior
probability of this (or any) partition under thei@bse restaurant process (CRP) can be writteollasvé:

ra T

Pr(c|a) = r'n+a) i

al’(n;) . (3.1)

The following hyper-prior om was assumed throughout this research work:

1

Me) = T3z

(3.2)

Rather than integrate over this hyper-prior separdbr each partition, we can define the functi@w) as
follows:

© I'a)a*

This function can be pre-computed for u=1, .n..Then the probability of any partition, integihtever the
hyper-prior o, can be written as

Pr(c) = t(u) nl"(uj) 3.4)
j=1

Before deriving the posterior distribution of a fitfon we must calculate the marginal probabilitytioe
data, summed (or integrated) over all possible @nphints. This can be written as
[00]

Preloy= | [ D a0 | | rentw. (35)

j=1 wen iici=j

Although the first product is over an infinite nuenlof potential anchor points, only a finite subsiethese
anchors (those for which; & j) have observed data associated with them.afoother values of j the
summation is over the space of the prior only, rrefig a value of one. In fact, while this expressio
appears complex, in many common situations (suctoasal prior and likelihood) a closed form solatio
can be obtained. Combining (3.4) with (3.5) wewartat the posterior probability of a partition Bayes’
rule:

Pr(x | ¢)Pr (¢)

Ywep Pr(x | c)Pr (c)
where the sum is over the set (dend®pdf all possible partitions of n observations infwto n groups.
6

Pr(c|x) = (3.6)



224
225
226
227
228

229
230
231
232
233

234
235

236
237
238
239
240
241
242
243
244
245
246
247
248
249
250

251
252
253

254
255
256
257
258
259
260
261
262
263

As well as being useful in its own right, the infation in (10) is required when computing the padste
distribution of all unknown anchor points (i.e. tBayesian equivalent of the traditional jeopardsfaze).
First, the posterior distribution of th& anchor point, conditional on a particular partitican be obtained

as follows:
90(Z) [icc;=j f (xi |2))
Zwe!)go(w) Hi:cizjf(xi |0~))

We are interested in the probability of finding amchor point location at the point z, which isagivby a

Pr(zj |C, x) = (3.7)

Boolean or operation (union) over gfifar j 1, ..., u. To a close approximation tisieequal to the mean
of Pr(z|c,x)forj 1,...,u(when dealing with pability density rather than probability mass ttesult

is exact). Thus, a geoprofile (jeopardy surface) lma easily defined, conditionally on a particyartition
as:

u
1
I(z|c,x) = —2 Pr(zj | Gx) ... (3.8)
u =
Finally, making use of (3.6), the overall jeopastyface (geoprofile) can be defined as:
u
I(z|x) = Z?(z lc, x)pr(c |x) .o 3.9
CEP

3.1 The Crime Profiling Process
The first of the steps of data acquisition, preepssing and analysis is to get the coordinatesimiechot
spots in Akure, Nigeria.

3.1.1 Data Acquisition

The Global Positioning System (GPS) device call@b&armin was used to acquire the 119 spatialddata
the serial theft hot spots in Akure, Ondo Statgeda. The information is the reported cases dt thethe
resident of the city. The location where the theftk place was visited and the spatial data wasntakhe
data gathering spans the period of six months flanuary to July, 2015. As reported by the residerfice
Akure, theft is the main type of serial crime tleabf security concern.

3.1.2 Data Pre-processing

Computer is not really comfortable handling minutesl seconds so decimal degrees (DD) are more
frequently used in Geographic Information Systert8jGThese express minutes and seconds as podifions
whole degree (i.e. 1 minutes = 0.0166667 degrsectind = 0.0002778 degree).

Afterwards, the data was then pre-processed i.edaéings (the actual data) were converted to ddcim
degree which is the machine readable format andethdt was used as the input for the system tdyme
the geoprofile.

3.1.3 Data Analysis

The data file was saved in a text tab delimiteg, filith two columns only. The first column has litnde

values and the second column has latitude valuesx€eTis no need for column headings. It was erthate
there is no other information in the file. The ldnde and latitude data are both be in decimal &rrhe
next thing involves the reading in the serial crgpatial data into R for the model to run on.

3.1.4 The Concept of Distance Decay and Buffer Zorainction

In several studies, there has been an increaselasep placed on the journeys criminals normallg tak
define the spatial range of criminal activity. Teemeas become comfort zone for predatory offentbers
commit their crime with a sense of no possibilifybeing caught. Subsequently, criminal acts follaw

7
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particular function known as distance-decay functdnich have it that the further away the regutzivity
space of an offender is, the less likely that tbiesspn will engage in a criminal activity. Neveriss, there

is also a buffer zone where an offender will avoadnmitting crimes too close to their homes in tkely
event that they will be identified by a neighbotihis work engaged the two basic concept as theevailu
sigma was set to 0.01 under ModelParameters (3. iShdritical, since sigma relates to the sizedg@grees

of lat/long) of the spatial clusters of crimes. ypital value for human movement in urban areas wbel
0.01, equating to something around 1km. Sigmatisadlg the standard deviation of the normal disttibn

of movement from the anchor point - so, for thisueaof sigma, around 68% of crimes would happen
within 900m of the criminal’s home, about 95% witli800m and 99% within 2700m.

3.2 The Algorithm
Below is the algorithm of how the model runs on R.
Start
LoadData(){
/[ file.txt contains data
Input file.txt
/I Assign data length, number of anchor points, etc

ModelParameters(Sigma = 0.1){

/I Sets the parameters for the model and the MCMC
1

GraphicParameters(){
/I Sets the parameters for plotting and the creaifdGoogle maps

CreateMaps(){

}
RunMCMC(){

}
ThinandAnalyse(){
/[ Thins the MCMC samples and analyses them totnaetghe geoprofile

/I Takes the posteriors obtained by the MCMC amustthem to remove autocorrelation

}
PlotGP(}{
/I Output geoprofile

}
End

4.0 Result and Discussion
In the section, the model was implemented and de&ieanalyse crime hot spots and the result was

presented.

Figure 4.1 depicts the map of the study area shpwlire 119 spatial data used for this study. The
CreateMaps () function produced this in R. This nadgp gives a better understanding about the data
collected as it shows each of the data (locationjhe map. The black spots on the map are the wdaber



316  data points which are the location where seridt tloek place in Akure from the period of Januamyduly,
317 2015
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319  Figure 4.1 The Map of the study area with the seriacrime coordinates.
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320
321  Figure 4.2: Marginal likelihood of anchor points

322 Figure 4.2 (a) and (b) represents the marginalitiked of different numbers of realized anchor peifor
323  the analyzed data. It is the output from the MCM@ction. The model estimates that there are 3-Basc
324  and assigns the highest likelihood to four anchdhss reflects in the geoprofile developed as thetev
325 areas seen on the geoprofile are four. This semifat there are four probable offender’s ancloortp in
326  the study area.
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Figure 4.3 The Geoprofile (Probability Map)

Figure 4.3 above is the geoprofile i.e the proligbihap of the offender as it relates to seriameritheft
anchor points. This is the final output from th@pwsed system. The final and calculations completed
output is the geoprofile, which is a probabilityfage overlaid on the study area. The probabilitsface
displays the different probabilities of the studgain terms o&nchor point likelihood. This is based on the
spatial pattern of the crime cases. The probadsliire represented by surface height: the higbesutface

is the greater the likelihood of having a crimif@dation in that area, these are the white arelas.higher
parts of the surface are denoted by low hit sceregmtages, representing the percentage of aremtisa

be searched before the actual anchor point is found

5.0 Summary, Conclusion and Recommendation
5.1 Summary

This research work has been able to expand exigfgmgraphic profiling system by incorporating the
concept of distance decay and buffer zone. The 8ayeDirichlet process mixture (DPM) model was
implemented and tested with 119 spatial data afntegerial theft cases in Akure, Nigeria. The finatput

of the spatial crime data analysis (geoprofilepgghe model was developed that depicts the mosigte
area of criminal(s) anchor point in the study afegeoprofile can thus serve as a useful and maldibol
for criminologist and should be used to assistgeoil its decisions and policy making.

5.2 Conclusion
Crime is not randomly distributed, either tempagrail geographically. It is obvious that offenceppen

more often in certain places. Geographical prdfilis a term which covers attempts to make predistio
about offenders based on information about thetilmtaof offences. This work provides the means to
Identify the number of offences that are linkedy(ecarried out by the same offender or offendeng) a
which are not, which helps to focus investigatiohkis system can be packaged and improved upon to
become a standard one that can be deployed fdoyuiee police and other official bodies to targeme
prevention resources in the right areas and irrighe sorts of ways . To realise this howeveeréhis a
need to carry out activities such as Data testy Blseeptance testing, System Review and Deployniéet.
documented processes in this paper are also gawdesof information for further crime database syst
development and data analysis. The foremost fottli®work is to locate the comfort zones of offers
using the geographic location of reported seriaher
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5.3 Recommendation

This work has been able to provide a platform falige to limit the fruitless effort of deployingsitmen all
over the place in search of a serial offender. Sjjstem should be adopted to help track them dosterfa
than the traditional approach of sending out patiee to immediate crime scene to arrest suspects. As
revealed in the result of this work, the actuakntfer might not actually commit crime in his imnegdi
neighbourhood.
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