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Abstract

The primary question in geographic pro ling is, given thedbions of a series of crimes committed
by the same serial offender, to estimate the location ofdfi@hder's anchor point. Currently, there
are three main approaches to the problem, exempli ed byhheetsoftware systems- CrimeStat,
Dragnet, and Rigel. Though the details of the approachenthi these software packages differ,
they share a common mathematical heritage.

In our work, we developed an fundamentally new mathematiaatework for the geographic
pro ling problem. Our framework meets our ve essential ¢ga

1. The framework is mathematically rigorous;

2. There are explicit connections between assumptionsfenddr behavior and the compo-
nents of the mathematical model;

3. The framework takes into account local geographic featun particular it accounts for

(a) Geographic features that in uence the selection of mersite, and
(b) Geographic features that in uence the potential anguants of offenders;

4. The framework is based exclusively on data that is locaheojurisdiction(s) where the
offenses occur; and

5. The framework returns a prioritized search area for lal@reement of cers.

Our mathematical approach to this problem is based on Bayeasierence, and begins with
the explicit ansatz that the offender's choice of targetzetiels only on (1) the distance between
the target and the offender's anchor point, and (2) locaggmahic features of the target location.
The algorithm requires a representative list of historazahes of the same type as the series; this
is used to estimate the local target attractiveness. Tleitligh uses an estimate of the prior distri-
bution of offender anchor points taken from local populatiensity. The algorithm also estimates
the structure of the offender's distance decay behaviog psgor it takes a list of solved crimes
together with the corresponding anchor point. With the nhadd appropriate priors selected, the
mathematical framework then used Bayesian methods to @jeasl estimate for the probability
distribution of the offender's anchor point based on thatmns of the crime series.

This mathematical model has been implemented in softwauetdol is broken down into two
packages. The rst is a graphical user interface that le¢satialyst or of cer enter the required
data, and comes complete with help features, and a set afigtisins. The second tool performs
the actual mathematical analysis; because it is sepamatetfre user interface, it could potentially
be used as a component in other tools.

The software tool is freely available for download, and is/oirrently being tested by both the
Baltimore County Police Department as well as the Los ArgjBlelice Department. The source
code for both tools are available, together with extenso@idhentation.
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Chapter 1

Executive Summary

The primary question in geographic pro ling is, given thedmions of a series of crimes committed
by the same serial offender, to estimate the location ofdfi@nder's anchor point. Currently, there
are three main approaches to the problem, exempli ed byhheetsoftware systems- CrimeStat,
Dragnet, and Rigel. Though the details of the approachesntak these software packages differ,
they share a common mathematical heritage.

In our work, we developed an fundamentally new mathematiaatework for the geographic
pro ling problem and implemented in prototype softwarettiganow freely available for down-
load]. Both our mathematical approach and our software tool deetalbaccount for geographic
features that affect the selection of the crime sites, gaugc features that affect the distribution
of potential anchor points, differences in the travel dists of different offenders, and certain
demographic characteristics (race/ethnic group, agesexydof the offender.

To begin our discussion of our mathematical model, let us@gw adopt some common nota-
tion. A pointx will have two components = (x?;x®). These can be latitude and longitude,
or distances from a xed pair of perpendicular referencesaX&’e presume that we are working

We use the symbal to denote the offender's anchor point. The anchor point eatihb offender's
home, place of work, or some other location of importancééodffender.

We begin by assuming that our offender chooses potentiatitmts to offend randomly ac-
cording to some unknown probability density functi®(x). The use of a probability distribution
here is not meant to indicate that the offender is choosimggta randomly, though that may be the
case. Instead it represents our lack of knowledge of thesabecmaking process of the offender.

We assume th& depends on just two factors; rstis the anchor paiof the offender. Second
is the average distance that our offender is willing to trageoffend. We know that different
offenders have a different willingness to travel and thattthvel patterns of a fteen year old will
be different that those of a forty year old. For that reasorew@icitly allow for the possibility
that the offender’s average travel distance may affect logéce of targets by the offender.

Thus, our initial mathematical model is that the offendethvanchor pointz and average
offense distance chooses to offend at the locati@naccording to an unknown probability distri-

this unknown distribution.

http://pages.towson.edu/moleary/Profiler.html
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Now we suppose that we specify the formRix j z; ); then the geographic pro ling problem
becomes a parameter identi cation problem for the unknoarameterz and . We approach
this problem using Bayesian methods to try to nd a probapidistribution for the unknown

P(X1;X2;::75Xp)

z and average offense distance The factor (z; ) is the prior distribution of anchor point and
offense distance; it represents what we know about the ddfiebefore we take into account the

since it does not depend on eitleor , we can remove it provided we replace the equality by a
proportionality, so

to our model of offender behavid?(x jz; ). However, there is some evidence that criminal
offense sites are not independent, which would require armophisticated model for offender
behavior. Proceeding with the simplest model of indepeoce&mough, we can then say that

The simplest approach to the priofz; ) is to assume that anchor points and offense distances
are independent; then we can write

(z;, )=H(2) ():

HereH (z) represents our knowledge of the distribution of offendesham points before we in-
corporate information about the crime series. We take tipecgeh that the distribution of anchor
points can be modeled by population density; areas with papulation density will correspond
to areas with high anchor point density. We can then caletddtz) by simply using U.S. Census
data; moreover because U.S. Census data is sorted by sexarabeace / ethnic group all the
way to the block level, we can incorporate these demogrdphtors wherH (z) is calculated. In
practice, we calculatel (z) from the Census data by using a kernel density parametenasin

technique
|\)Qlocks p -
H(2) = =pK(z agj A)
i=1
where each block has populatign centerq; and for each block we have chosen a different
bandwidth equal to the side length of a square with the sage?aras the block. Her& (x| )

is a truncated quatrtic kernel with bandwidthso that
8
< iyi2

— (X

22 if jxj

K(xj )=

0 if jxj



The prior distribution of offender average offense distaisanore dif cult to estimate. Indeed,
though distribution of distances are available acrossefe from aggregated historical data, we
need to obtain the distribution of average offense distaaceoss offenders. However, we are able
to link the historical aggregate data with the behavior dividual offenders through a Fredholm
integral equation, whose solution can then be estimated.prbcess is entirely automated within
our software tool, and the user simply needs to obtain aflisistorical solved crimes of the same
general type as the crime series.

Combining these, we then see that we have the relationship

P(z; jxuXziihXn) ! P(X1jz; )P(X2jz; ):iiP(Xnjz; )H(2) ()

and since we are only interested in the distribution of thehan points, we take the conditional

distribution to obtain
Z 1

For this approach to be useful though, we still need to specihodel for offender behavior
P(xjz; ). We take the approach that this has the form

P(xjz; )= D(d(x;2); )G(X)N(z; ):

Here the factoD (d(x; z); ) accounts for the distance decay behavior of the offendee. téihm
d(x; z) is the distance between the poirtandz. The mathematical framework does not force any
particular choice of the distance metric on us, howeveresowr software uses latitude and longi-
tude internally to represent points, we use a sphericadwultgt metric. Similarly, the mathematical
framework does not force any particular form for the diseadecay term. Our software uses a
Rayleigh distribution; this was chosen because this is igteilolition of distances that results from
a bivariate normal distribution, and bivariate normal digttions appear naturally as the limit of
random walks. Thus, we use the factor
d d?2
D(; )= 52 exp 712
The factorG(x) is present because some crimes can only occur at certadeaned locations,
such as liquor store robberies or bank robberies. Even ittimee type is not limited to certain
locations, it is still more likely to occur in some regionsithothers, like street robberies. This fac-
tor lets us account for these variations. It representsaibed target attractiveness of a location, so
that areas wher&(x) are considered to be more likely locations of an offensergibns where
G(x) is small. Rather than try to determine sompriori form for G(x) based on criminological
models, we instead simply assume that past behavior is anable predictor of future behav-

then construct the local target attractiveness functiongua kernel density parameter estimation
technique by calculating

G(x)= KX cj)



where the bandwidth is twice the mean nearest neighbor distance between ltigkorime sites.
This is essentially the same as one of the methods used toageseme hot spots.

The last factorN (z; ) is a normalization factor, which ensures tiRatctually represents a
probability distribution. It is determined by our choice®fandG, and has the form

. — 1 .
N@ )= R Gy e h®

This completes the speci cation of our mathematical frarmeey and shows us how we can
estimate the location of the anchor point of an offendergiamdata:

The locations of the crime series,
The locations of historically similar crimes, to generate estimate foiG(x),

A list of solved historical crimes, with both the locationfstbe offense site and the corre-
sponding anchor point, to generate our estimate(of), and

Census data, along with any available demographic infoomaitbout the offender, this lets
us estimate (z).

This mathematical approach meets our ve essential goals:
1. The framework is mathematically rigorous;

2. There are explicit connections between assumptionsfenddr behavior and the compo-
nents of the mathematical model;

3. The framework takes into account local geographic featun particular it accounts for

(a) Geographic features that in uence the selection of mersite, and
(b) Geographic features that in uence the potential angtwants of offenders;

4. The framework is based exclusively on data that is locaheojurisdiction(s) where the
offenses occur; and

5. The framework returns a prioritized search area for lafgreement of cers.

Once the mathematical development was complete, we needechtthese ideas into a prac-
tical tool that could be useful to law enforcement. To that,eme have developed software that
implements these mathematical algorithms. The softwaesebudt in two parts:

A program called Pro ler that performs all of the mathematianalysis, and
A program called Pro lerGUI with which the user interacts.

An analyst who wishes to use our algorithm need only downtbadoftware package and run
Pro lerGUI. That program provides a convenient user irdeg that allows the user to enter all of
the data necessary for the analysis in a simple form; it tladls the Pro ler program to actually
perform the analysis. When nished, it provides the usehwaitmap of the proposed search area
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in .kml format; is also provides the analyst with a map of tgeét attractiveness functids(x),
as well as a map of the local population densit{z).

Because the software was built in two components, otherswi$loto incorporate the mathe-
matical analysis tools of Pro ler are able to do so.

This project has resulted in two main implications for pplend practice. First by providing
a new tool for the geographic pro ling problem to police ages, we hope to directly improve
the clearance rate for series crimes.We presented ourursttional prototype software package
at the NIJ Conference in June 2009. The program is now beiad bg both the Los Angeles
Police Department and the Baltimore County Police Depantptmth of whom are examining the
effectiveness and usefulness of the tool.

It should be noted however, that we have not yet made a stutheddffectiveness of the tool
or of the mathematical algorithms that it contains.

On the other hand, by making our mathematics, algorithmsadd widely and publicly avail-
able, we also hope that we can provide valuable insightsteresesearchers.



Chapter 2

Introduction

2.1 Statement of the problem

The purpose of our project was to develop and implement isgatonathematical methods for
the geographic pro ling problem. Geographic pro ling isechnique to used to make predictions
about the location of a serial offender’'s anchor point or edrase, based on the known locations
of that offender's offenses. Prior to this work, three maoftwware suites existed for geographic
pro ling. They are CrimeStat- developed by Ned Levine, Draty developed by David Canter,
and Rigel- developed by Kim Rossmo. These three softwatesssihare a common mathematical
heritage, and use mathematically related methods to digtertneir estimates of the offender’s
anchor point.

In our work, we developed an fundamentally new mathemafiiaaiework for the geographic
pro ling problem. Our framework meets our ve essential ¢ga

1. The framework is mathematically rigorous;

2. There are explicit connections between assumptionsfenagr behavior and the compo-
nents of the mathematical model;

(a) Geographic features that in uence the selection of mersite, and
(b) Geographic features that in uence the potential angtwants of offenders;

4. The framework is based exclusively on data that is locdah&ojurisdiction(s) where the
offenses occur; and

5. The framework returns a prioritized search area for lal@reement of cers.

Ensuring that the mathematical algorithms are rigorousraakling explicit the connections
between the assumptions on offender behavior and compoagktite model helps in the analysis
of the model. In particular, it gives researchers another tim evaluate a model; one issue with
the current generation of software suites for geograptodipg is that there is little agreement
between the principals on how to compare the effectiveniesese differing approaches.



It is important that the mathematics explicitly allows faetin uence of the local geography
and demography. It is well known that there are relatiorshigtween the physical environment
and crime rates; see for example Brantingham and BrantmdB& It is essential that a good
mathematical framework possess the ability to incorpdiateinformation into the model. That
said, it is equally important that the model uses only dasa ihavailable to the appropriate law
enforcement agency. Even if we were somehow able to creatpdtiect algorithm that always
correctly predicts an offender's anchor point, that altjon would still be worthless if it required
data unavailable to law enforcement.

Finally, we recognize that simple point estimates of offarahchor points are not very valuable
to practicing law enforcement of cers. Rather, to be uséfupractitioners, the algorithm must
produce prioritized search areas.

There is clearly a need for improvement in geographic prgliindeed, the National Institute
of Justice's Mapping Analysis and Public Safety web ISisays

“Though there have been anecdotal successes with geognaqhiing, there have
also been several instances where geographic pro ling itlasrdbeen wrong on pre-
dicting where the offender lives/works or has been inappatg as a model. Thus
far, none of the geographic pro ling software packages Hasen subject to rigorous,
independent or comparative tests to evaluate their acgue@bility, validity, utility,
or appropriateness for various situations.”

Some of the issues that face existing algorithms may be dtieeto common mathematical
heritage. Indeed, it may be the case that the limiting featdithese existing algorithms actually
lies in the mathematics upon which they are based. Cleaslgpproach to geographic pro ling
can be more accurate than their underlying algorithm wilthem be.

In our work we have developed a fundamentally new and righbroathematical technique that
estimates the location of an offender's anchor point.

Our approach is to start with the assumption that an offehdsra single stable anchor point.
We then assume that the offender chooses crime locationsdieg to a probability density func-
tion with two factors: rstis a distance decay from the offlem's anchor point, while the second
is a local target attractiveness.

We make naa priori mathematical restrictions on the choice and form of theadist decay
component. The mathematics allows for the use of the Ewantiddanhattan, or any other distance
metric; the form of the distance decay function can have dtlgeocommon mathematical forms-
normal, negative exponential, or experimentally deteadin

The local target density is determined by direct calcutatrom historical data. For example,
if an analyst is examining a series of late night street rabbethen the algorithm requires a
representative sample of historical late night street eolels. From this information, we estimate
the likelihood that this particular crime occurs at any givecation. This mathematical analysis
proceeds under the assumption that the historical infoomat a reasonable predictor of current
crime rates.

Given both the distance decay functional form, and the Itarget density, we obtain a family
of probability density functions, one for each potentiatiaor point for the offender. We could then
use maximum likelihood methods to estimate the anchor mditite offender([14]. However, this

Thttp://www.ojp.usdoj.gov/nij/maps/gp.htm , accessed August 2009
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approach only provides a point estimate for the locatiomefdffender's anchor point. Instead, we
apply Bayesian techniques to estimate the probabilityidigion for the offender's anchor point,

and so provide a map of the regions that are more or less liketpntain the offender's anchor
point.

We have created and developed the mathematics necessénisfanalysis, and implemented
the resulting algorithms in software. The tool we have davetl has now been released, and is
being tested by both the Baltimore County Police Departraadtthe Los Angeles Police Depart-
ment.

2.2 Literature

To begin our review of the current state of geographic prwlilet us agree to adopt some common
notation. A poini will have two components = (xM; x@). These can be latitude and longitude,
or distances from a xed pair of perpendicular referencesaX&e presume that we are working

We use the symbal to denote the offender's anchor point. The anchor point eatihb offender's
home, place of work, or some other location of importancééodffender.

An important rst question in geographic pro ling is how toeasure the distance between
points. One common method is to use the usual notion of distaralled the Euclidean distance.
In this case, the distancix;y) between two pointg andy is given byd,(x;y) where

q
da(x;y) = [x®  yDO]2+[x@ y@]?

Another approach is to use the Manhattan distance; in tlsis ttee distance betweanandy is
given byd,(x;y) where

di(x;y) = x® YO+ x@  y@j?
There are other choices that can be used as well; for exalmptetal street distance following the
local road network, or the total time to make the trip whilédaing the local road network.

One important difference to note between these distandeatshe Euclidean distance gives
the same results regardless of the choice of the coordixate & particular, rotating a pair of
points around a third does not change the distance betwegyath This result does not hold for
the Manhattan distance, and so the coordinate axes needctwoben with care when using the
Manhattan distance.

Following Snook, Zito, Bennell and Taylar [52], we class#lgorithms for geographic pro |-
ing into two general categories- spatial distributiontstyges and probability distance strategies.

Spatial distribution strategiesThe simplest of the spatial distribution strategies isstneate
the offenders anchor poiatby the centroid cenyoig Of the crime series [27]. The centroid, also
known as the center of mass is de ned to be

1 X
centroid = — Xj:
i=1

Another approach is to estimate the anchor paibly the center of minimum distancgng.
This is chosen to be the value wpffor which the sum of the distances from the point to the crime
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sites
xn

D(y)= d(xi;y)
i=1
is a minimum. Here different choices of the distance functidead to different choices for the
center of minimum distance. Unlike the centroid, there issmople formula that gives the value
of mg; however, there are a number of ef cient algorithms that agpproximate it to any desired
accuracy.

Another method used to estimate the anchor point is theecingdthod of Canter and Larkin
[12]. They make a distinction between two types of offendenarauders and commuters. A
marauder is assumed to move from a home base, commit a crichéh@n return, where the base
acts as a focal point for the crime series. In this case, tfendér's home range and criminal
range overlap. A commuter, on the other hand, rst moves feonome base to another area, then
commits the crime. As a consequence, the focal point for timeecseries is different from the
home base, and the offender's home range and criminal ramgetcverlap

Their circle hypothesis is the following. Given a seriesiokéd crimes committed by a ma-
rauder, draw a circle whose diameter are the two crimesitwtathat are the farthest apart. Then
all of the crimes in the series would be in the resulting eireind the offender's home base would
also lie in the circle so drawn.

There is evidence for the validity of the circle hypothedrstheir original paper, Canter and
Larkin [12] examined a collection of 45 male sexual assanl®ritain. In 41 of the 45 cases the
circle correctly encompassed all of the crime sites and inf3®e 45 cases the circle correctly
contained a base for the offender. Kocsis and Irwin [22] eérach24 rape series, 22 arson series,
and 27 burglary series in Australia. The circle containddfithe crimes for 79% of the rape
series, 82% of the arson series, and 70% of the burglarysse&riele the circle correctly contained
the home base of the offender for 71% of the rape cases, 82%edrson cases, and 48% of
the burglary cases. This last result suggests that the whardwypotheses may not necessarily be
appropriate for burglary.

These results were ampli ed by Mearly [35], who showed thaglaus were more likely to
act as commuters than non-burglars, while arsonists andffenders were more likely to act as
marauders than non-arsonists / non-sex offenders. Sipilk&ocsis, Cooksey, Irwin and Allen
[21] found in their study of 58 burglaries that occurred imaluAustralian towns, that the circle
theory was less effective. Laukkanen and Santtila [25] emach76 commercial robbery series,
and found only 30 (=39%) that satis ed the circle hypothedi®te however, that many of these
series were very short; 62 of the 76 series analyzed couwtaitieer two or three crimes.

Probability distribution strategiefn contrast to the spatial distribution strategies are tiobp
ability distance strategies. These methods are currempiayed in the major computer programs
for geographic pro ling (CrimeStat, Dragnet, and Rigel)l have the common idea of construct-
ing a hit score by summing the values of some decay functigheoflistances between a general
point and the elements of the crime series. Mathematicaky; all begin by rst making a choice
of distance metrid; they then select a decay functibrand construct a hit score functi@fy) by
computing

X
S(y)=  f(d(xi;y)) = f(dx;y)+  +F(d(Xn;y)): (2.1)
i=1
Regions with a high hit score are considered to be more lit@lgontain the offender's anchor
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point than regions with a low hit score. In practice, the bareS(y) is not evaluated everywhere,
but simply on some rectangular array of poigjs = (y;y?) forj 2 f1;,2;:::3Jg andk 2
f1,2;:::;Kg, giving us the array of value§, = S(yjk ).

In effect, these approaches center a tent function on eatteatrime sites; the hit score is
then found by summing the results. The differences betweeifferent methods are solely in
the choice of the tent function.

Rossmo's method, as described(inl[41, Chapter 10] chooseldmhattan distance function
for d and the decay function

8
Edﬁh if d <B;
fd)=_ “pon |
. m Ifd B.

We remark that Rossmo also considers the possibility of ifogrhit scores by multiplication; see
[41, p. 200]

The method described by Canter, Coffey, Huntley and Misaegil] is to use a Euclidean
distance, and to choose either a decay function in the form

f(d)=e ¢
or functions with a buffer and plateau, with the form
8
20 if d<A;
f(d)=>B if A d<B;
" Ce ¢ ifd B:

The CrimeStat program described in[29] uses Euclidean loersgal distance and gives the
user a number of choices for the decay function, including

Linear:f (d) = A + Bd,

Negative exponentiaf:(d) = Ae 9,

Normal:f (d) = A(2S?) exp[ (d d)?=257],

Lognormal:f (d) = A(2d2S?) *exp[ (Ind d)?=2S?], and

Truncated negative exponentifd) = Bd if d < C andf (d)= Ae 9 ifd C.

CrimeStat also allows the user to use empirical data to edifferent decay function matching
a set of provided data as well as the use of indirect distances

Though each of these approaches are distinct, they shasathe underlying mathematical
structure; they vary only in the choice of decay function #relchoice of distance metric.

Bayesian method&/e remark that the latest version (3.2) of CrimeStat costainew Bayesian
Journey to Crime Module that integrates information on thigiw location of other offenders who
committed crimes in the same location with the distance ylestimates [30]. In this approach,
the geographic region under consideration is subdividemlsnbregion®;; then the matrixC;;

12



is formed, which counts the number of crimes that occur inore&; committed by an offender
with anchor point inR;. This is then used as the prior distribution for the Bayesiaalysis. In
particular if a series of crimes is concentrated in regitanthen by examining the matrik;; ,
regionsR; for which C;; is large are considered to be more likely to contain the olée's anchor
point than regions wher€; is small. Levine and Block [31]have tested this method wighad
from Baltimore County and from Chicago.

Controversies There is some question as to whether or not computer Gl&magsimple-
menting the existing algorithms are as effective as simpbyiding humans with some simple
heuristics.f. the discussion in Snook, Canter, and Bennell [48], Snoolofand Bennell[[49],
Rossmol[4B] and Snook, Taylor and Benngll![51]; see also itbeudsion in Snook, Taylor and
Bennell [50], Rossmo and Filer [44], Bennell, Snook and daj4] and Rossmo, Filey and Sesley
[45]; see also the paper of Bennell, Snook, Taylor, Coreg,kagyton [5].

There have also been signi cant disagreements in the litegaas to what is the best method-
ology to evaluate the currently existing geographic pmgisoftware. See the original report
prepared for NIJ by Rich and Shively [40], the critique of Bo® [42], and the response of Levine
[28].

Distance Decay An important rst question for all geographic pro ling mebds is to deter-
mine the appropriate metric for measuring distance; we h&veady seen that different existing
methods choose different metrics for measuring distancéesvend Costello [58] point out that
British cities lack the typical rectangular gird patternstfeets common to American cities, and
that it was generally dif cult to identify the most likely tde between two locations. As a con-
sequence, they felt that in their study it was better to usdifiean distance as opposed to the
Manhattan distance or actual travel times or distances.

It is generally accepted that there is a real distance dagastibn, and that offenders are less
likely to commit crimes as the distance from the offensetsitthe anchor point increases. Snook
[47] studied serial burglars in Newfoundland. He found ¢dsgclose to offender's homes were far
more likely to be burgled than targets farther away. Snos& &dund that the travel distance was
found to have signi cant relationships with the offendesige, method of transportation and the
value of the stolen property.

Warren, Reboussin, Hazelwood, Cummings, Gibbs and Trumfed] analyzed a series of
565 rapes. They also found distance decay, and analyzeeldt®nships between crime scene
behavior and the distances traveled by the offender. Varp&omnd Jansen [24] studied 434
commercial robberies committed by 585 robbers in the N&thds, and examined the relationship
between the distance traveled to the crime scene with desistecs of the offenders and offenses.
Fritzon [17] studied the relationships between the charetics and motivations of arsonists with
the distance the arsonist traveled to set the re. Finally,[B3] looked at distances traveled by
offenders after a crime. In particular, she studied autétgha Buffalo NY, and examined the
distance from the location of the theft to the location thikigie was recovered.

Van Koppen, and De Keijser [23] took issue with the use of aggte data to determine indi-
vidual distance decay functions; however Rengert, Piquerd Jones [39] disagree with many of
their conclusions.

Finally, we mention Lopez [32] who studied 20 residentiaidtars in the Kennemerland re-
gion. In this study, they normalized each of the distancasttie burglars traveled to their crime
sites, and concluded that their data provided no evidencéhtoexistence of a distance decay
function.
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In uence of geographic and demographic factoRelationships between environmental fac-
tors and crimes have been studied extensively. White [538inéxed relationships between felony
rates in Indianapolis and social and geographic factoteddry census tracts. Brantingham and
Brantingham([7] examined burglaries in Tallahassee toystid spatial patterning of crime; they
found that burglary rates were higher in blocks that fornfrexllioundary of a neighborhood than
blocks that were in the interior of a neighborhood. Brown ¢8jdied the relationship between
crime rates and various environmental factors in ChicaduletVang and Minor [55] found rela-
tionships between geographic availability of employment erime rates in Cleveland.

Bernasco and Nieuwbeerid [6] studied residential buregan The Hague, Netherlands. They
used a discrete spatial choice approach to ascertain tbieege of a relationship between neigh-
borhood burglary rates and neighborhood characteristickjding ethnic heterogeneity and the
number of residential units in the neighborhood. Osborn Bseloni [37] analyzed social and
demographic data from the British Crime survey, and fourad fome household characteristics
affect the likelihood of a number of property crimes. Similesults were found by Malczewski,
Poetz, and lannuzzi [34] in their study of residential bargs in London Ontario. Buettner and
Spengler([10] also showed that some local socio-economiofawere signi cant for both prop-
erty and violent crime. Groff and La Vigne [18] created a mdHat looked at local variables like
land use to predict areas with potentially desirable tarfgetburglary; they then empirically tested
their model.

Interestingly, Tseloni, Wittebrood, Farrell and Peasd [&8npared geographic features that
in uenced burglary rates across three different countfig#ain, the U.S., and the Netherlands).
Though the effect of some variables on crime rates appeareistent across the different nations,
there were some variables that were signi cant in differeations, but in opposite directions.
For example, increased household af uence indicated higheglary rates in Britain, while it
indicated lower burglary rates in the U.S.

2.3 Statement of hypothesis

The goal of our research was to develop a new mathematicedaqipto the geographic pro ling
problem and to produce a tool that could be used as a praatttad investigations.

As valuable as existing tools have been, they are based omadligematical notion of hit
scores, and it is unclear how this technique might be extétmacorporate available geographic
information that may affect the selection of a crime sitelw kocation of an offender's anchor
point. Another issue is the fact that each of the existing@gghes to the geographic pro ling
problem is, at its core, a model of how offenders behave. Wewé is unclear what each of these
approaches actually says about how offenders behave.

Our rst goal then, was to develop a more robust mathematieahework for the geographic
pro ling problem. We wanted to create a mathematical appadat allowed us to incorporate
available sources of geographic information affectinghb@ime site selection and anchor point
selection. We also wanted to make sure that our approach exgudieit any assumptions about
offender behavior so that they could be examined, studigajwed, and improved.

The second goal of our project was to turn these new matheah&eas into a practical tool.
Indeed, we wanted to be sure that the mathematical techsxthaewe developed were more than
just theoretical constructs, but something that will hayaractical impact on law enforcement.
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In particular, we wanted to create a piece of software thatb@aprovided to police departments
for their use and evaluation. The source code for this soéwall be made available under an
appropriate open source license so that other researam@te@ developers can incorporate not
only the model but the code as well.

That said, we are not claiming that the approach we haveeztdatnecessarily better than
existing methods. So far, we have been able to develop theematical approach and implement
it in software; currently the technique is now being testadefffectiveness.

It is also important to note that the idea behind our resemr¢h nd a way to extract all of
the information about the geographic location of the offafsdanchor point from the information
in the crime series. However, this does not necessarily riesrthe tool will be successful. As
one example, the crime series may not contain much geogragbrmation about the offender,
as might be the case for a series of bank robberies that asywdpersed and occur near ramps
to major interstates. It also may be the case that some ofrilerlying assumptions about the
offender may be incorrect- perhaps the offender does na@ aaingle stable anchor point during
the series.
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Chapter 3
Methods

3.1 The mathematical model

We begin by looking for an appropriate model for offenderdnetr and start with the simplest

possible situation— where we know nothing about the offendéus, we assume that our of-

fender chooses potential locations to offend randomly @tog to some unknown probability

density functiorP (x). For any geographic regidR, the probability that our offender will choose

ggrime site inR can be found by adding up the valuesRfin R, giving us the probability
= P(x) dx® dx@,

At rst glance, it may seem odd to use a probabilistic modediéscribe human behavior. In
fact, probabilistic models are commonly used to describeynkands of apparently deterministic
phenomena. For example, classical models of the diffusicneat or chemical concentration can
be derived probabilistically; they also see applicatiomimdels of the stock market![1], [59], [60],
in models of population genetics [16], and in many other nte[8].

More precisely, the probability density functiéh represents our knowledge of the behavior
of the offender. We use a probability distribution, not hesmthe offender's decision has a ran-
dom component, although it may. Rather, we use a probabiihsity because we lack complete
information about the offender. Indeed, consider the foithg thought experiment. If we want to
model the ip of a coin, we use probability and assume thaheside of the coin is apt to occur
half the time. Now instead of ipping the coin, let us take tt@n to a colleague and ask them
to choose a side. In this case the outcome is the delibersuiét ¢ a decision by an individual.
However without knowing more information about our colleag preferences, the best choice to
model the outcome of that experiment is still the use of a @bdhy distribution.

Returning to our model of offender behavior, we begin withuggfion: upon what sorts of
variables should our probability density functiBndepend? One of the fundamental assumptions
of geographic pro ling is that the choice of an offender'sget locations is in uenced by the
location of the offender’'s anchor point Therefore, we assume tHatdepends upon. Underlying
this approach are the requirements that the offender hagyke sinchor point and that it is stable
during the crime series.

A second important factor is the distance our offender idinglto travel to commit a crime.
Let denote the average distance that our offender is willingaeel to offend. We allow for
the possibility that this value varies between offender@n@ining these, we assume that there is
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a probability density functiof® (x j z; ) for the probability that an offender with a single stable
anchor poinz and average offense distanceommits a crime at the location

We assume that this model is local to the jurisdiction unaersaeration. In particular, we
explicitly allow for the possibility that different modeRB(xjz; ) may need to be chosen for
different jurisdictions.

The key mathematical point is that the unknown is now theedistributionP (x j z; ), rather
than just the anchor poizt On its face, it seems a step backwards, but in fact, it is imoteed,
let us suppose that tHerm of the distributionP is known, but that the values of the anchor point
z and average offense distanceare unknown. Then the problem can be stated mathematically

parameterg and to determine the best way to estimate the paranzefétre anchor point).
For the moment, let us set aside the question of what reakoalabices can be made for the
form of the distributiorP (x j z; ), and focus on how we can estimate the anchor pofram our

It turns out that this is a well studied mathematical probl€@ne approach is to use the maxi-
mum likelihood estimator. To do so, one rst forms the likelod function:

A4
L(y;a)=  P(xijy;a)= P(xijy;a) PXajy;a):
i=1
Then the maximum likelihood estimateg. and ", are the values of anda that makel as
large as possible. Equivalently, one can maximize theikegj#hood function

X
(y;a) = InP(xijy;a)=In P(x1jy;a)+ +InP(Xajy;a):

i=1

Though rigorous, this approach is unsuitable as simpletgstimates for the offender's anchor
point are not operationally useful. Instead, we continueamalysis by using Bayes' Theorem.

3.1.1 Bayesian Analysis

To see how Bayesian methods can be applied to geographitmyowe begin with the simplest
case where the offender has only committed one crime at taitmx. We would like to use
the information from this crime location to form an estimgtethe probability distribution for the
anchor pointz. Bayes' Theorem gives us the estimate

P(xjz, ) (z; )
P(x)

P(z; jx)= (3.1)
[13,[14]. HereP (z; jX) is the posterior distribution, which gives the probabitignsity that the
offender has anchor poiatand average offense distancegiven that the offender has committed
a crime at the locatior.

The termP (x) is the marginal distribution. The important thing to notéhat it is independent
ofzand , therefore it can be ignored provided we replace the equnl{.1) with proportionality.

The term (z; ) isthe prior distribution. It represents our knowledge @ pihobability density
that the offender has anchor pointand average offense distancebefore we incorporate any
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information about the crime series. One approach to the @ito assume that the anchor point
z is mathematically independent of the average offenserdista. In this case, we can factor to
obtain
(z; )=H(2) () (3.2)

whereH (z) is the prior probability density function for the distriloah of anchor points before
any information from the crime series is included ar{d) is the probability density function for
the prior distribution of the offender's average offens&talnce, again before any information from
the crime series is included.

Combining these, we then obtain the expression

P(z, jx)!I P(xjz; )H(2) ( ):

Of course, we are interested in crime series, and we wouddtbkestimate the probability
density for the anchor poirztgiven our knowledge of all of the crime locatiors; :::;X,. To do

P(Xq;:::;Xn)

offense distance. The simplest assumption we can make is that all of the odfsites are math-
ematically independent; then we have the reduction

P(X1;::5Xnjzy )= P(X1jz; ) P(Xnjz; ): (3.4)

P(z; jxgy:inixe)! P(X1jz; ) PXajz; )H(2) ():

Finally, since we are only interested in the location of theheor pointz, we take the condi-
tional distribution to obtain our fundamental mathemadtieault:
Z 1

P(zjX;::0Xn) / . P(xijz; ) P(njzy JH(2) ()d: (3.5)

z given that they have committed crimes at the locatien :: ;x,. Because we are calculating
probabilities, this immediately provides us a rigorousslearea for the offender. Indeed regions
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This is a very general framework for the geographic pro lprgblem. There are many choices
for the model of offender behaviét(x j z; ), and we will later examine a number of reasonable
choices. Though the preceding used a model for offendemMomhaith one parameter other than
the anchor point, the mathematics continues to hold wittmefgary modi cations if we either add
additional parameters or remove the parameter

In addition to an assumption as to the forrRqi j z; ), we have made two other fundamental
assumptions. One is that the prior fois independent of the prior for. This is a reasonable

rst assumption, and it is what allows us the factorization(8.2). Its signi cance is that we
are assuming that the average distance that the offendellirgvto travel is independent of the
offender's anchor point. This is probably most appropriatarban areas and for regions where
offenders travel short distances to offend. On the othed htla@ assumption may be less valid for
example, in a town surrounded by a less populated rural dfgatential offense locations are
concentrated in the town, then offenders with anchor pdart$rom the town will likely have a
higher average offense distance than offenders with argdiats in town.

The remaining fundamental assumption is that the offesdgrdice of crime sites are inde-
pendent; this is necessary for the factorizatior_inl(3.4Eah be replaced by other assumptions,
but would require a different model for the joint distritarithan the simple expression [n (3.4).
Though reasonable as a rst assumption, there is evidendewétion from independence in the
literature. For example Kocsis, Cooksey, Irwin and Allef][®bund in their analysis of 58 multi-
ple burglary cases in rural Australia that the crime sitedéel to lie in narrow corridors emanating
from the offenders anchor point. Meaneéy[35] examined 88llawy series, 23 sexual offense se-
ries, and 21 arson series; she found that the rst offensaroed closer to the offender's home than
the last offense, suggesting that there is a temporal coenao offender’s site selection. On the
other hand, Laukkanen and Santtilal[25] concluded that i$tartce a robber travels to offend did
not increase as the crime series progressed. We also m&atoliffe [3§] who examined some of
the interrelation between temporal data and routine agtikieory.

3.1.2 Simple Models for Offender Behavior

If our fundamental mathematical result is to have any pcatbr investigative value, we need to
be able to construct reasonable choices for our model afidéiebehavior. One simple model is to
assume that the offender chooses a target location basgdmtihe Euclidean distance from the
offense location to the offender's anchor point and that thstribution is (bivariate) normal. In
this case we obtain L
P(xjz; )= 728 ﬁjx zj® (3.6)
If we make the prior assumptions that all offenders have #ineesaverage offense distancend
that all anchor points are equally likely, then
[
. 1" X .
P(zjxy;iii;Xp) = 72 exp — ixi  zj®

We see that the posterior anchor point probability distrdsuis just a product of normal distribu-
tions, one centered at each crime site; compare this to saatsin the calculation of hit scores
(2.1). We also mention that in this model of offender behavlte maximum likelihood estimate
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for the anchor point is simply the mean center of the crimelsitations; this is also the mode of

Another reasonable choice of a model for offender behawdo iassume that the offender
chooses a target location based only on the Euclidean diestaom the offense location to the
offender's anchor point, but that now the distribution idbaériate) negative exponential so that

P(xjz, )= izexp ij zj (3.7)

Once again, if our prior assumptions are that all offendex®tihe same average offense distance

and that all anchor points are equally likely, then
!
. 2 " 2 X .
P(zjxy:iiiiXn)= —  exp  — jX 2z
i=1
We see that this is just a product of negative exponentialteced at each crime site. Further, the
corresponding maximum likelihood estimate for the offetedanchor point is simply the center

of minimum distance for the crime series locations. Finaflywe construct the functio®(z) =

and Euclidean distanae

This preceding analysis was predicated on the assumptairathoffenders have the same
average offense distanceand that this was known in advance. Similarly, the existiiigtore
methods all rely on decay functiohswith one or more parameters that also need to be determined
in advance. Unlike the hit score techniques however, ouhatetioes not require that we make
a choice for the parameterin advance. For example, if we assume only that the offendsr h
a distance decay in the forh (8.6) (or in the folm [3.7)), witunknown, then the maximum
likelihood technique will estimate both the anchor parind the average offense distanceDur
fundamental mathematical result (3.5) also does not redbat the parameter be determined
in advance, though it does require a prior estimate) for the distribution of average offense
distances.

3.1.3 More Realistic Models for Offender Behavior

These simple models for offender behavior show that our émonk recaptures many existing
geographic pro ling techniques; however, this new metheoohbre general and allows us a simple
way to incorporate geographic features into the model. dddet us suppose that offender target
selection depends on more than just the distance from tHeoapoint to the crime site locations,
but that it depends on some features in the local geograpimg v@y to account for this is to
suppose that the offense probability density is propodiiém both a distance decay term and to a
function that measures the attractiveness of a particatget location. Doing so, we obtain the
following expression

P(xjz; )= D(d(x;2); )G(X)N(z; ): (3.8)

Here the factolD models the effect of distance decay using the distance erditxi; z). For
example, we can specify a normal decay, so that

1
D(d; )= 728X ﬁdz
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We could also specify a negative exponential decay, so
2 2
D(d; )= —exp —d ;

but of course there are many other reasonable possihilities

One of the consequences of this approach to distance detiagtig assumes uniformity of
travel direction with respect to the given distance metincthis way it simpli es actual travel
behavior. It may be the case that certain directions arepef by the offender; for example when
searching for potential targets, the offender may prefendwe closer to an urban area than farther
away. A new approach to the modeling this distance decagteffi¢he kinetic random walk model
of [36].

The factorG(x) is used to account for the local geographic features thatance the selection
of a crime site. High values fdB(x) indicate thatx is a likely target for typical offenders; low
values indicate is a less likely target.

The remaining factoN is a normalization required to ensure tRaits a probability distribution.
Its value is completely determined by the choice®adndG and has the form

. - 1 .
NE D= B v e me

Returning to the in uence of geography on target selectamg simple example db(x) is to
account for jurisdictional boundaries. Suppose that ativikm crimes in the series must occur in
a regionJ. The offender can commit crimes outside but these are presumed unknown to the
analyst; the offender's anchor point may also reside oatié regionJ. We can account for this
with the simple model

(3.9)

1 if x 2 J;
0 if x 2J:

In practice, the regiod corresponds to one or more jurisdictions sharing inforamatibout the
offender’s crime series.

The incorporation of this very simple geographic informaatihas some surprising conse-
guences. In particular, the algorithm is able to distinguigtween areas where no crimes in
the series have occurred (insidgfrom areas where there is no information as to whether or not
a crime in the series may have occurred (outgdifieFor example, suppose that the elements of a
hypothetical crime series are all near the southern boyradar jurisdictionJ . Then the algorithm
will return a search area skewed to the south of the crimesé&ecause the algorithm “knows”
that no known crimes take place north of the series, but tleetmay be crimes to the south of
the series that are unknown to the analyst; thus the offeisd@ore likely to live south of the
series than to the north. As a consequence, this model dossiffier from the convex hull effect
described by Levine [28].

This simple approach to geographic information affecthreygelection of the target is primarily
illustrative; clearly a better model can be chosen. To d@se,approach would be to use available
geographic and demographic data and the correlations beterene rates and these variables that
have already been published to construct an appropriatieechfar G(x). However, this approach
has a number of issues. First, is the fact that different erigpes have different etiologies; in

G(x) =
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particular their relationship to the local geographic aedhdgraphic backcloth depends strongly
on the particular type of crime. This would limit the methaddnly those crimes where this
relationship has been well studied. Moreover, even for weltied crimes, there are regional
differences. Indeed, [53] noted that increased housetialdrace indicated higher burglary rates
in Britain, and indicated lower burglary rates in the U.S.

The primary issue here is that this approach posits a methexdain crime rates by looking
for explanatory variables. However, from the perspectivgamgraphic pro ling, it is unnecessary
to explain; instead we can simply acknowledge these diffegs, and work on measuring the
resulting differences. Rather than look at the local geplgiavariables, we can use historical data
to model the geographic target attractiveness.

In particular, let us assume that historical crime rateseasonable predictors of the likelihood
that a particular region will be the site of an offense. Thgmen a crime series that we wish to
analyze, we require a representative list of historicadijmmitted crimes of the same type. Clearly,
this process requires the presence of a skilled analysttesrdme which historical crimes are of
the same type as the series under consideration. As an examlipén looking at a series of
street robberies, it is likely that the geographic distiidnu of street robbery rates are different for
daylight robberies as opposed to late night robberies. dysoach then inserts the crime analyst
and their relevant real world experience directly into thedeling process and the algorithm. This
approach also lets us handle different crime types withendhme mathematical framework, as
different crime types will have different historical patis. Of course, the local analyst will need
to have access to the necessary data.

Once we have the historical data, we need to estimate thet degsity functiors(x). Perhaps
the simplest method is kernel density parameter estimafionse this method, let us suppose that
we have a representative list of the crimes of a given typethatithey have occurred at the
pointscy; C,;:::;cn. Choose a kernel density functigh(y j ) with bandwidth . There are a
number of reasonable choices for the kernel density fund{io including normal or truncated
quartic. It turns out that the mathematical properties of thethod do not depend strongly on the
mathematical form of the kernel, but that they do depend erb#ndwidth of the kernel [46]. The
bandwidth of a given kernel is related to the width of the function; as&ample the bandwidth
of a normal curve is the variance of that normal; when usingiacated quartic, the bandwidth is
the size of the interval for which the quartic is nonzero.

We then construct the local target attractiveness fundtjocalculating

X
G(x)= KX ¢j) (3.10)

i=1

for a reasonable choice of bandwidthsay the mean nearest neighbor distance between historical
crime sites. This is essentially the same as one of the metheed to generate crime hot spots
described in[15]. Similar techniques are used in mathemaldhiology to estimate the home range

of an animal species based on observations on individuéfeienvironment [61].

Once we have selected a model for offender beha{orj z), we also need to make a choice
for the prior probability density for offender anchor paiit (z) and the prior distribution of the
offender's average offense distande ) before we can use our fundamental resulil(3.5).

The prior probability density for offender anchor poikt$z) represents our knowledge of the
offender’'s anchor point before we use any of the informafrom the crime series itself. There
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are a number of mathematically and criminologically readx@ choices for this prior distribution.
The simplest choice would be to assume all potential ancbimtpare equally likely; we can do
this by simply choosingfd (z) = 1.

Before we examine more sophisticated priors, we returneajtiestion of what is an anchor
point. If we assume that the anchor point is the offenderiméoor more generally that the dis-
tribution of anchor points follows local population degsiihen we can use demographic data to
generate an estimate for the prior. In this case, we we caoseiiib(z) so that it is proportional to
local population density. U.S. Census data gives populatbants at the block level together with
the land area of the block. We can use this data and kerneitggasameter estimation technique
to generateéd (z) by calculating

I\)Qlocks p_
H(z) = =pK(z aj A)

i=1

where each block has populatign centerg; and for each block we have chosen a different
bandwidth equal to the side length of a square with the sag@®aras the block. We mention that
U.S. Census population data at the block level is also aMailsorted by age, sex, and race/ethnic
group. Thus, if demographic information is available altbetoffender, then this information can
be incorporated when the prior distribution of anchor pekh{z) is calculated.

Our framework does not require that the anchor point be tfendér's home or that the dis-
tribution of anchor points follows local population degsinother reasonable approach to calcu-
lating H (z) would be to begin with the anchor points of previous offesdeho have committed
similar crimes. Then the same kernel density process usgeterates(x) in (3.10) can be used
to generateH (z). These historical anchor points can be determined on anddéfeby-offender
basis; they can be homes, places of work or even the offenfésorite bar. Recall however that
one of our assumptions is that each offender has a uniquie stathor point.

The last element needed to implement our fundamental maitieahresult is some estimate of
the prior distribution of the average distance to crimeiraastes of these types of distance to crime
distributions are commonly performed by choosing a commatissical function and using best
t estimates; see [29, Chapter 10] for an example of the pgecélowever, our framework does
not require a particular parametrized form for the priotrihsition ( ); we can instead directly
use appropriate empirical data in the construction. Furthere is no requirement that the same
choice of ( ) needs to be made for different crime types. Again, an analstchoose which
historical data to use when generating ).

Prototype software that implements this framework has ltksmeloped and released to for
public use and evaluation. Empirical tests are being agdngevaluate the accuracy and precision
of this approach.

3.1.4 Future Offense Prediction

The focus of our attention so far has been on the traditioeajgaphic pro ling problem of esti-
mating the location of the offender's anchor point by using ¢ieographic information contained
in the crime series. However, this is not the only questiomt&rest to law enforcement. Indeed,
another question of nearly equal importance is to estinmatéocation of the serial offender's next
target.
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This question can be posed in the following mathematicahfoGiven a series of crimes at

7227
P (Xnext] X1; X2;::%;Xn) / P(Xnextj Z; )P(X1j2z; )P(X2jz; ):::

P(xnjz; )H(2) ( )dz® dz? d

This approach makes the same independence assumptiorisoffbader behavior as our funda-
mental result(3)5).

3.2 Implementing the mathematical model

Our fundamental result wds (8.5) which said that if we asstinagthe an offender has anchor point
z and average offense distancecommits a crime at the location according to the probability
densityP (x jz; ), then the probability density that the offender has ancbortz given that they

Z,

P(zjX1;::0%Xn) ! . P(xi1jz; ) P(Xnjz; )H(2) ( )d:

HereH (z) is a prior estimate for the distribution of offender anchomgs, and ( ) is a prior
estimate for the distribution of average offense distances
We then considered how the functi®{x j z) might be constructed and presented the option

(E.9)
P(xjz; )= D(d(x;z); )G(x)N(z; ):

HereD is the distance decay functio®, accounts for local geographic features that affect target
selection, andN is a required normalization term.

Before we could turn the mathematical framework descrilmethe previous section into a
functioning tool, we need to

Make choices for the distance decay function

Estimate the prior distribution of average offense distanc

Determine how to represent the geographic data in a form abteno computation, and
Determine how to evaluate the normalization functiofz; ).

In this section we discuss the mathematical details inebinghese issues.
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3.2.1 The distance decay

There are a number of reasonable choices that can be madefdistance decay functidd. In
our implementation, we assume that the distance decayidumigtfollows a bivariate normal dis-
tribution. In the (current) absence of a consensus for orme @ the distance decay function over
another, we selected the bivariate normal because it is @mymsed to describe two-dimensional
diffusion processes that result from random walks.

Thus, we suppose that the offender’s distance decay etitboivs a bivariate normal distribu-
tion with meanz (the offender's anchor point) and covariance matrk, so that
x  zj?
2 2

D(xjz; )= exp

2 2

The offender's travel distancetis= jx  zj; it has the density function
: . r 2
f(rj )=2rD (Xjz; )= —exp 573
Rather than use as the parameter, we would like to usgthe mean distance traveled by the
offender. Now the average offense distance is given by
Z 1 Z 1 r2 r
Er = rf(rj )dr= — exp 52 dr:

0 0

Integrating by parts, we nd that

Z 1 r2 r—
Er = ex . dr = _
, TP 3z 2
so we conclude = P = . Thus, the two-dimensional distribution of offense dists as a

2
function of the average offense distances

N | . P
D(xjz; )= ﬁexp ﬁjx zj° (3.11)
A graph of this function for = 1 is given in Figurd_3]1; the andy coordinates represent
geographic points, while the corresponding height is tledability density that that location is
selected.

We can also examine the probability density for the distam@eled; as a function ofit has

the density

2
f(rji )=2 1D (xjz. )=%exp % (3.12)
where agaim = jx zjis the travel distance. This is a Rayleigh distributiom,jand it is graphed
in Figure[3.2
Itis important to be aware of the differences between thedimzensional distribution given by
D(xjz; ) and the corresponding one-dimensional distribution dbdises (rj ). First, though
the two-dimensional distribution is (two-dimensionalymal, it is not the case that the distance

distribution is normal; in fact the distances follow a Ragtedistribution. More generally, consider
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Figure 3.1: A graph of the two-dimensional distance decayributionD (x jz; ) wherez is
located at the originand = 1.
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Figure 3.2: A graph of the one-dimensional distance decstyibutionf (rj ) for =1.
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Figure 3.3: Creating distance bins

the two dimensional distance decay distributid(x j z; ), and for simplicity assume that we can
write it in the formD (rj ) wherer = jx  zj is the distance between the offense gitend the
anchor point. Then the distribution of the distancess given by the one-dimensional distribution
f(r)=2rD (rj ). Indeedf (r) is simply the the probability density that one of the sitea at
distancer would be chosen namelp (rj ), multiplied by the number of sites at a distarrce
namely2 r , which is the circumference of a circle of radius

One place where these differences are particularly imporsain the discussion of offender
buffer zones. A buffer zone is an area near the offenderb@mgoint where they are less likely to
offend due tce.qg. fears that they would be recognized. Clearly the two-dinera normal form
for D shown in Figuré 311 does not indicate the presence of a brdfiee; in fact it shows that
the offender would prefer to offend at locations closer tirtanchor point than locations farther
away. Examining the distribution of distances in Figure I3o2vever, we see that the offender is
less likely to offend in locations very near to their anchoimp. This is not being caused by the
existence of a buffer zone. Rather, though the offender iserikely to choose a location closer
to their anchor point than farther away (Figlrel 3.1), the sizthe region at a distancerom the
anchor point decreasesagoes.

More generally, we notice that the one-dimensional distidnf (rj ) satisesf(rj )! O
asr ! Oregardless of the form d providedD remains nite.

3.2.2 Estimating the prior distribution of average offensedistances

We need to construct an estimate fof ), which is the prior estimate for the distribution of
average offense distances. It is fundamental to note thmigtthe distribution of the average
offense distancescross offenderdn particular, though this is related to the distributidrofiense
distances across offenses (obtained for example by exagnorime statistics) the distribution
here is across people. We explicitly allow for the posdipiihat this prior estimate may vary by
region and offense type; however this prior is estimatedreeive include information from the
geographic locations of the offense sites.

To perform this estimation, let us rst assume that we knoat tihe distribution of distances
from home to offense sites across known offenses is givemd&yunctionA(r). Practically, we
are unlikely to know the exact form of the distributié({r), but we can estimate it from crime
statistics. Indeed, let us suppose that we have a sam@esolved crimes, and that the distances

Choose a discretization size 0, thende ner; = j andr; = (] %) , to subdivide the real
axis into a sequence of bifig 1;r;) each with center; ; see Figuré 313. To estimate the value of
A in the center of birr; 3;r;), namelyA(r; ), we leta; be the number of distancesin this bin,

g =#fsjr; 1 s<rjo (3.13)
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Then we have the relationship

A(r) % (3.14)

where both sides of approximate the probability théies in the bin[r; 1;r;). Indeed, because

g
Prob[rj 1< <r ] S
while Z,

Probr; 1< <r {]= A()d = A(r;) +0(?
ri 1

from the midpoint rule.

Returning to our estimate of( ), we begin with the fundamental relationship

Z 1
A(r) = . f(rj ) ()d (3.15)

which states that the number of offenses at the distancan be found by by multiplying the
probability density that an offender with average distaiocaffend chooses the offense distance
r by the probability that an offender actually has the offetsiseance , and then integrating over
all possible values of . In particular, this accounts for two sources of variatitre variation in
offense distances selected by one offender, and the \@riatiaverage offense distances across
multiple offenders.

Consider the simple case where all offenders are consideree identical; in this case there
is a particular average offense distanceshared by all offenders, and the prior distributian )
ls simply the Dirac distribution ( ). Because ( ) =0 for 6 and because

01 ( )d =1, we see thaf(3.15) reduces to

A(r)=1(rj )

so that the behavior of any single offender can be estimatad the aggregated daf«(r) by
simply choosing the value of that best ts the data.

Our approach is more general, and does not assume thatalteffs exhibit the same distance
decay behavior. As a consequence however, we still needv® squation[(3.15) for the unknown
prior ( ). To do so, we proceed by collocation.

In particular, we know that offenders do not travel in nitesthnces to offend, so we choose a
numberN so large thaA(r) Oforr> N ;then we want to choosg ) so that

YA 1
A(ry) = ) f(ryj ) ()d

forj =1;2;:::;N. The assumptioA(r) Oforr> N ,also letsus concludethat ) Ofor
> N . IndeedA(r) is the measured number of crimes that occur at the distafrten home,
while (r) is the density of offender's whose average offense distece
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To evaluate the integrals, deng, = k, , = (k %) , and apply the midpoint rule to the
integral

Z Z

1 N
f(rji) ()d f(rji) ()d

0 0
f(ri W () +0(?:
k=1

Thus, foreaclyk 2f1;2;:::;Ng, we have

>(\I .
A(r}) Frid W ()

k=1

We can then us€(3.114) wheaigis de ned by [3:IB) to conclude that

= 2X\I i :
& =S FCrd O () (3.16)

k=1

Now this equation holds regardless of the choic®adndf , but the expression

A | r2
f(rj )= ﬁexp 12
from (3.12) lets us simplify this further giving us
r. (r:)?
,=S8°? I ex — ()
N O T O R
_ <2 P (i 3?2
- Y 1\2 2 exp a 1\2 2 ( k)
o 2k D) Ak 1)
s X G od (i 3)?
=2k 92 g e (W
k=1 2 2
Thus, if we de ne the matrix
S ( 3 (3
G=Gk=— exp -
: 2 (k 3)? 4k 3)?
and the vectors
a=(apsay::;an) (3.17)
=( (i C2i Cn)) (3.18)
then we obtain the discrete linear system
a=G: (3.19)
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Figure 3.4: Singular values for the matf whenN = 180 and = 0:002

Tikhonov regularization

The direct solution of_(3.19) for the unknown prioris not practical. Indeed, because this results
from the collocation of a Fredholm integral equation of thst kind (3.15), we would expect that
the resulting linear system would be ill-posedf. [19, x1.2] or [54,x1.1]. Using a computer
algebra system or otherwise, one can verify thettG ~ 0; moreover by examining the singular
values ofG, we obtain the results in Figure 8.4, which are characteridtan ill-posed problem
Attempting to solve this linear system using traditionahteiques like the pseudo-inverse are
doomed to failure; see Figure 8.5 which illustrates whatieeevhen the attempt is made where
is calculated from a set of Baltimore County residentiabanies. Notice the the wide oscillations
through positive and negative values over twelve ordersagmitude.
To see the fundamental issue, exp&ia its singular value decomposition

G=UsV

values[20x5.4]. Then the pseudo-inverse solutichto G = aiis

Yy=vSsS lUura
so that Y satis es "
u’a
Y= Is Vi (3.20)
i
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Figure 3.5: Attempt to solve (3.119) using the pseudo-irweitse known data is calculated from
residential burglaries in Baltimore County, whi¥e= 180 and = 0:002
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Figure 3.6: The vectoa calculated from residential burglaries in Baltimore Cgunthile N =
180and = 0:002

where we represeft andV in terms of their columns as

From this and Figure_3.4 the problem is apparent- when trgukin valuess; are very small,
their presence in the denominator results dramaticallylie@sgghe component of the solution in
thev; direction, including any errors in those components. ldddeve examine the actual vector
a for the set of Baltimore County residential burglaries arapd the result, we obtain Figure B.6.
We can clearly see the oscillations in the data and expente(ty) that these are not signi cant,
but are rather the result of various random uctuations. dsnfately, the these insigni cant
variations lead to nonzero valuesigfa, some of which are then dramatically ampli ed by small
singular values appearing in the denominatof of (3.20)omesense, the result in Figlirel3.5 can
be thought of as an attempt to match not only the informatiomfFigurd 3.6, but also the random
noise.

One approach to this problem is to discard all singular \&alelow a xed threshold, but
examination of the graph of singular values Fidure 3.4 shbasthis problem contains no natural
cutoff threshold; rather the singular values decrease #thotm O(10 *°); and then continue to
decay more slowly.

Instead, we proceed via Tikhonov regularization. In patéc we consider the regularized
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solutions
X2 ua

reg ) = B S+ 25 Vi (3.21)
1=
instead of the pseudo-inverse solutibn (3.20). Here thefac
_ s
called lter factors, are chosen so thatif 1fors; , While O for s : thus we are

keeping the larger singular values, but discounting thdlemgingular values, using as a cutoff.
This process yields a regularized solution for every chofggarameter ; we now need to select
a method to choose it.
To choose , we rst note that the pseudo-inverse solutiohis the vector that minimizes the
functional
L( )= kG  ak*

In the case wher& has full rank ora lies in the range of5, this method returns a solution of
G = a, while otherwise returning the value ofso thatG is as close as possible &0

The Tikhonov regularized solution has a similar interpiiets the Tikhonov solution e )
with regularization parameteris the vector that minimizes the functional

L ()=kG ak®+ k k% (3.22)

As a consequence, we see that the Tikhonov regularized@olatchosen to balance out the error
obtained by tting to the data (the terrkG ak?) with an estimate of the size of (the term
k Kk2).

If one graphs the value dbgkG ak versuslogk k one obtains a graph that has the gen-
eral shape of an "L'; we have plotted this curve in Figure 3herea is chosen from residential
burglaries in Baltimore County.

The underlying cause of the L shape is that wheis small, we are essentially obtaining
the pseudo-inverse solution, and we have seen alreadyhisatesults in a function with wild
oscillations through many orders of magnitude, makitkg k? large. In this case, we say that
the problem is undersmoothed. On the other hand,if large, the functional ( ) penalizes
nonzero values of, and thus is pushed towards zero; this results in choices ahat do not
t the equation well, and s&G ak? becomes large. In this case, we say that the problem is
oversmoothed.

One method used to choosethen is to nd the point on the curve where the curvature is
greatest; i.e. the vertex of the "L'. This method is callegl thcurve method, and it is the method
that is used in our program to determine the optimal valu@eftégularization parameter This
method is described in detail in [194.6] and [54 x7.4].

To explain how we have implemented the L-curve method in duecwe begin by calculating
the abscissa and ordinate of the L-curve, nanehkG ak andlogk k. From the expression
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Figure 3.7: The L-curve, plotted using data for Baltimoreu@ty residential burglaries. Selected
points on the L-curve are labeled with the correspondingevaf . HereN = 180and = 0:002
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of the regularized solution (3.21) we nd that
X2 uwa

AI’EQ():A S|2+ 2 Si

i=1

>
0N

~
c

%
QD

where we have used the properties of the singular value deasittonAv; = sju;; [20, x5.4,
Theorem 1]. On the other hand, becalkes orthogonal, we can write

a=  (ujau;:
i=1

Combining these last two equations then, we see that

>(\I >
G reg( ) a= (1 i( ))ui au;
i=1
for the Iter factors ( )= gz%
From this, we nd |
X

KG reg( ) ak?®= (1 i( N a)?
i=1
and
2 X\l '2( ) > 2
K reg( k™= Is_z (ui @)
i=1 !
To simplify the calculations as we proceed, we introduceeoew notation. We begin by
letting = 2, and de ning

R()=KG reg( ) ak®  T( )=k re )K
X()=logR() Y()=logT()

Our goal is to nd the point on the cury&X ( ); Y( )) > o Where the curvature is largest. Now

N\
R()=KG wf ) al®= (1 i( )Hu a)y
i=1
X2
TO)= kol ez L)

i=1 !

(u7 @)
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so differentiating, we see that

X
RY )= 21 () X )T a)?
i=1
|2( ) 0, > 2.
T )= 2 2 i()(uia)”
i=1 '
Now because
= s? _ s
BRI T T
= Si2 i( )
we see that we have the relationship
RY )= TY): (3.23)
With these preliminaries concluded, we start by examinimegdurvature of our curve
XOQ(O XOYOO
)7 X9z (v
Then using[(3.23), we see that
RO T 0 TO
0_ — o— '
X R R v T
xow 100 T% TR yooo TT_ (T
R R R? T?
TO T 00 2(T(b2
" R R R2

Substituting these into our expression for curvature, waialihe expression

RT(R + 2T)+(RT)%=T°
(R2+ 2T2)3=2

which is the expression [54, 7.32]. This algorithm is impéted in our program, in the method
CTikhonov::LCurvature

Now that we know how to calculate the curvature on the L-cuwe need to determine the
point on the L-curve where the curvature is at its maximun. &yproach to this problem is to use
the Golden section method. This is an elementary methodtossulve constrained optimization
problems, and is described in detail in §8.1]. Nominally, the problem of determining the value
of is not a constrained optimization problem, as any the cureatan be calculated for any
positive . However, we incorporate two restrictions. Sincés being used as a cutoff for the
singular values, there is no need to look for values ddrger than the largest singular valsg
On the other hand, extremely small values afill result in signi cant numerical error due to the
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Figure 3.8: Tikhonov regularized solution estimate gflotted using data from Baltimore County
residential burglaries. Hettd¢ = 180 and = 0:002

limited precision of the computer. Thus, for the smallekivehble value of we use the larger of
either the smallest singular valgg or 16s,, where is the minimum representable difference
between two numbers in the computer.

Once a choice for has been made, we need to nd the Tikhonov regularized solwthich is
the value of that makes[(3.22) as small as possible. Doing so for therBaté County residen-
tial burglary data, one obtains a graph like Figurd 3.8 Offieite, the graph appears reasonable;
certainly much more reasonable than the graph of the namagged solution, Figure_3.5. Ap-
pearances however are misleading, as a closer look at thiosoWill show. Indeed, if we plot
only the last 100 values of, we obtain Figuré_3]9. We immediately see the problem, agridyeh
clearly shows that there are components ahat are negative. Recalling our de nition of the
vector from (3.18), we see that none of the components should be negative, as they are all
simply the values of a probability distribution.

To proceed then, we minimize the functiohal( ) not over all vectors , but only over those
vectors all of whose components are nonnegative. To perform thisqga®y we rst rewrite the
minimization of [3.22) in the slightly different form

G a 2

L()= | 0
In this form, this is a standard last squares minimizatiavbf@m with the linear inequality con-
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Figure 3.9: Entries 80-180 in the Tikhonov regularized 8oluestimate of plotted using data
from Baltimore County residential burglaries. H&e= 180 and = 0:002
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Figure 3.10: Tikhonov regularized solution with nonnegantries to estimate, plotted using
data from Baltimore County residential burglaries. Hdre= 180 and = 0:002

straint that all of the components ofare nonnegative. One standard algorithm for solving such
minimization problems is provided in [26, Chp. 23]; thisietmethod that is implemented in the
code.

When we solve this, we obtain the results in Figure 3.10 W4 distuss the signi cance of
this graph (and others) from the point of view of what it telfssabout offender behavior when we
present our discussion of ndings in Sectionl4.1.

than the fact that the components ofmust be nonnegative; it also tells us that the components
of come from a probability distribution. In particular becausis a probability distribution, we
know that Z,

()d =1:

0
Now if we once again apply the midpoint approximation for ifieegral, we see that

1= ()d ()= . (3.24)

Even though this condition on the components @ not explicitly imposed by the method that we
have implemented, we can check to see if it holds. Tlable 2Wslhe resulting approximation to
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R
Solution method Estimate of 01 ()d
Pseudoinverse -5896180
Tikhonov regularization 0.970644
Nonnegative least squares without regularization 1.08446
Nonnegative least squares with Tikhonov regularization 978170

R
Table 3.1: Estimates ofo1 ( ) d for various solution methods, calculated from Baltimore
County residential burglary data with = 180 and = 0:002

R1 . . .
o ()d generated by (3.24) for various solution methods. We sdeértleach case we do have

the appropriate rough approximation, save for the solgemerated directly by the pseudoinverse,
which we have already seen to be wildly inaccurate (Figub. 3dowever, no error analysis has
yet been performed on these values. It is an interesting gpestion to see what better methods
might be to perform the estimate of the functioh ).

3.2.3 The geographic triangulation

We now turn to the problem of representing the local geomeatygeography. To do so, we start
by realizing that there are three geographic regions theatest us

1. The crime region. We assume all of the known crimes are contained in a singigrgehic
region, which we call the crime region. In particular, welams that we have no information
about whether or not the offender has committed additioeiés crimes outside the crime
region. If an agency is investigating a crime series, andhleaaformation about the series
from other jurisdictions, then the crime region is just thegdiction of the investigating
agency. If more than one agency is cooperating and shariag tti@n the crime region will
be the region formed by all of the jurisdictions sharing data

2. The home base region The home base region needs to be chosen suf ciently large to
contain the anchor point of the offender; it must also cantlaé entire crime region. In our
program, the home base region will be one or more county segidns as selected by the
program user.

3. The search box This is the smallest rectangle that contains the crimeoregnd the home
base region.

The coarse mesh

As our rst step in the geographic analysis, we will cover #garch box with a coarse triangular
mesh. Let the circumradius of the triangles in the coarséhrheR,ase= R. We assume that the
grid contains:

m rows of triangles, withm odd, and

n columns of triangles, with even.
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Figure 3.11: Relationships between crime region, home t&gen, and the search box
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Figure 3.12: Coarse triangular mesh and the search box
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R 3=2

Figure 3.13: Dimensions of a typical triangle

To ensure that the coarse grid covers the search box, we thladep left corner of the search
box at the centroid of the triangle in the rst row and rst ewhn, as seen in Figure 3]112. Then,
examining the size of each individual triangle, we see tbartsure that the search box remains
entirely within the triangulated mesh, we need

(1 1)RIO 3 W

(m 1)3R=2) H
As a consequence, we choose

2H
SRCO:’:II'SE’

2H
> 1+ — =2+
m odd,m R

2W 2W
nevenn> 2+ E|9§:4+ —p—:

Rcoarse

Area of a coarse mesh triangle In addition to the geometric dimensions of the coarse trian-
gle shown in Figuré 3.13, we will also need the afeaf these triangles; for reference we simply
note that p_

Finding the orientation of the coarse mesh's triangles Label each triangle in the mesh by a
pair of nonnegative intege(s j ), where this refers to the triangle in tHecolumn and th¢™ row;
for consistency with our C++ code, we start these indices m8to, sa 2f0;1;2;:::;n 1gand
j 210;1;:::;m 1g. We count the columns starting from the left edge workindptigand we
count the rows starting from the top and working downward.

Each triangle in the mesh has a side that is parallel tatheis. We say that the triangle points
downward if they-coordinate of the centroid is smaller that th&oordinate of the side that is
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parallel to thex-axis; otherwise we say that the triangle points upward. ¥ltlais the orientation
of the triangle.
Examining Figuré 3.12, we see that

i + ] = even if and only if the triangle points downward;

i + ] = odd if and only if the triangle points upward.

Finding the centroids of the coarse mesh's triangles Suppose that the coordinates; o) of
the top left corner of our search box are known. How can we m&l¢oordinates of the centroids
of all of the triangles in the coarse mesh?

Consider a triangle in the mesh at posit{@anb with center(x;y). Then choosé; ), andask
what are the coordinates of the center of the triangle whosgipn in the meshigéa+ ;b + )=
(i;j). If + is even, then both the triang{@; b and the trianglda+ ;b + ) both have the
same orientation, and so

Ps.

coordinates ofa+ ;b + )are(x;y)+ R =

3
2 )
because each triangle has Wicﬂiﬁ 3=2 and heighBR=2 (see Figuré3.13) and because we count
rows going downward.

On the other hand, if + isodd, then + lis even, and so

p_
coordinates ofa+ ;b + Lyare(x;y)+ R (1) 2

Then, ifa+ bis even, the original triangle pointed downward and so ourtnangle points upward
and hence
p_
(1) -2 +(0; 2R):

coordinatesofa+ ;b + )are(x;y)+ R = 5

On the other hand, & + bis odd, then the original triangle pointed upward and our treamgle
points downward; then

IDﬁ'( 1) =2 +(0; R):

coordinatesofa+ ;b + )are(x;y)+ R - 5

With these calculations in hand, we can use the fact thatgh&ett corner of the mesfxo; yo)
is the centroid of the triangle in positi¢f; 0); thus the triangle is positiofy; j ) has centroid

p_
(Xo;Yo)+ R i3 -2 ifi+]jisodd,and

Xoyo)+ R i-5( 1) -2 1 ifi+]iseven.

These are the calculations that are used in our code, spdlgi i the constructoCTriangu
latedGeography::CTriangulatedGeography
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(Xo; Yo) (Xo; Yo) + R(?; 0) (Xo; Yo) + R(p 3,0)

(Xo; Yo) + R(?? %)

(xo:y0) + R(Z: 3

Figure 3.14: Vectors, v, andw for a typical triangle in the coarse mesh
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Figure 3.15: Coordinates in the coarse mesh

Determining the coarse mesh triangle containing a point Given a point with known coordi-

nategx; y), we would like to be able to determine the coordingtgs) of the coarse mesh triangle

that contains that point. To do so, de ne the veater (X Xo;y Yo) and consider the vectors
P

_ p_
u=R(O; 3) v=R(EE 3  w=R(EE)

which are shown in Figuife 3.114. Note thaj? = jvj? = jwj? = 9R?=4.
Calculate the projection afin the directions ofi, v, andw, so that

ru . _r v o w
juj? viZ w2

where we have rounded each fraction to the largest integesrithan the given fraction. Then
examining Figuré 3.15, we see that the triglet; ) then gives us our location within the mesh,
and the coordinatgs; j ) of the triangle are then found by simply calculating

= + ] =
Determining the coarse mesh triangle near a point Suppose that a poifixo; yo) is known, and
we want to nd all of the coarse mesh triangles within a disenfrom (Xo; yo). How we proceed
depends on the relationship betweeandR.
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Figure 3.16: Determining the coarse mesh triangles neamd; p& R .

Small distances In the case where< R , we begin by drawing circles of radil& centered
at the three vertices of the triangle. Because every poititdririangle is a convex combination of
the three vertices, it suf ces to then take the convex huthef resulting three circles; this is done
in gure B.18.

Suppose thafxo; yo) is in the coarse mesh triangle with coordinatesjo). If this triangle
is oriented upwards, then examining the gure, we see tHaiahts within a distance< R of
(Xo; Yo) lie in the triangles with coordinates:

(lo  Zjo),(lo Zjot+1)

(lo Lijo 1),(lo Ljo)(lo Ljo+1)
(io;io 1), (i0sjo), (iosjo+1)
(io+1;jo 1),(io+1;jo), (io+1;jo+1)
(io+2;jo),(io+2;jo+1)

while if the triangle containingxo; yo) is oriented downwards, then all points within a distance
<R of (Xo; Yo) lie in the triangles with coordinates:

(o 2Zjo 1),(o0 Zjo)

(o Ljo 1), (o ZLjo)(io Ljot+1)
(iosjo 1), (i0sjo), (io;jo+ 1)
(lo+1ijo 1),(lo+1ijo), (ilo*+1;jo+1)
(lo+25jo 1), (io+2;jo)
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Figure 3.17: Distances in the coarse mesh

Large Distances To handle the situation where R, let us consider the situation where
(Xo; Yo) is in the trianglg(io; j o),
(x;y) is in the triangl€(i; | ), and
dist((Xo; Yo); (X;¥))

De ne the numbers i = ji igj, j =jj joj. Examining Figur&@3.17, we can see that

p_ p_
. R 3 . . . R 3
(i 2)—2 o x X ( I+2)—2 ;

. 3R . . . 3R
(1] 1)7Jy Yoj (J+1)7-

Thus
- RrR"3 o
(i 2)7 J X Xoj dist((Xo;Yo0); (X;Y))
) 3R . . )
(1] 1)7 J Yy Yo dist((Xo;Yo); (X;y))
so that
i 2+ pg—— j 1+ 2.
3R 3R’
Thus, we set
i=2+ pa— =1+ 2
B 3R 1= 3R

47



Then, given the triangléo; o), all of the triangleqi; ) that contain a point of distance no more
than from triangle(io;jo) satisfy

bl bl
Though fast to implement, this method is not sharp. For exanip < R , then this method

returns all triangles withi o) 3andjj joj 2, whichis alarger set than what we returned
above.

The ne mesh

Differing quantities of interest vary on very different tiiace scales. For example, the target
attractivenes&(x) from (3.10) may vary dramatically from one block to anott@ther functions,
like the normalization functiomN (x) from (3.9) vary much more slowly. If we were to try to
use a single mesh for all of our calculations, we would eitbee accuracy because the mesh is
too coarse for the rapidly varying functions, or we woulde@erformance because we would be
calculating essentially the same slowly varying varialolesr and over.

Our solution is to use two different meshes, the coarse ghidlwwe have already described,
and another ner mesh, which we will obtain by subdividing ttnarse mesh triangles.

Triangular coordinates To construct our ne mesh, we subdivide each triangle fromdbarse
mesh intoN ? subtriangles. We then need to determine the characteristieach of these subtri-
angles from our knowledge of the characteristics of theioaig coarse mesh triangle. To do so,
we start by introducing the usual set of triangular coortisaTo do so, label the verticesag
Vo, V3. Then a poink in the triangle has triangular coordinates; ) if and only if

X= Vi+ Vy,+ Vg3

where + + =1.

We then split the collection of subtriangles into those with same orientation as the parent
triangle and those with the opposite orientation as therpdrangle. See Figurés 3]18 and 3.20;
note that the orientation of the parent triangle is irreté¥hough the parent triangle in these gures
is shown with an upward orientation for de niteness in theirg and the following discussion.

Subtriangles with the same orientation as the parent We begin by considering the subcollec-
tion of SLrgbtriangles with the same orientation as the pareramining Figuré_3.18, we see that
there are iN:1 i = %N (N +1) such subtriangles. We index each subtriangle by the triango-
ordinates of the bottom left corner of the subtriangle. Forig; k satisfyingi+j+k= N,j 1
andi;k 0, the point(i=N; j=N; k=N ) is the bottom left corner of a triangle in our subcollection.

This condition on; j; k is equivalent to the requirements
O i N 1
1 j N i,and
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(0;1;0) (0;0;1)

Figure 3.18: Subdivided coarse triangle- subtriangleb tie same orientation
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Figure 3.19: Calculating the centroid of a subtriangle
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(1;0;0)

(0;1;0) (0;0;1)

Figure 3.20: Subdivided coarse triangle- subtriangleb wieé opposite orientation

We also notice that the vector from the bottom left cornehtodentroid of the subtriangle is, in
triangular coordinates, the vectyy; zv; 57); this follows immediately from Figurie 3.19. Thus,
the centroid of the triangle with bottom left corn@eN; j=N; k=N ) is (; & &) + ( 5 525 2x0)-

Subtriang}es with the opposite orientation as the parent Examining gure[3.20, we see that
there are iNzlli = %(N 1)N subtriangles whose orientation is opposite to that of therga
We index these subtriangles by the triangular coordinateékeir bottom vertex. Then, for any
i;j;k satisfyingi+ ] + k= N,j;k 1,i 0, the point(i=N;j=N; k=N ) is the bottom vertex of
a triangle in our subcollection. This condition o k is equivalent to the requirements

0O i N 2
1 j N i 1and
k=N i j.

We also notice that the vector from the bottom vertex to theroéd of the subtriangle is, in
triangular coordinates, the vectos?; -; =-); this follows immediately from Figurie 3.21. Thus,
the centroid of the triangle with bottom vertéixN; j=N; k=N ) is (:-; 35 &) + ( 52; 55 517)-

Cartesian Coordinates Now that we have determined the triangular coordinatesHercen-
troids of all of the subtriangles, we need to determine tt@iresponding Cartesian coordinates. To
do so, we begin by nding Cartesian coordinates of the poiitih wiangular coordinate§; ; )
with + + =1 for a parent triangle with centroitko; Yo) and circumradiuf.

Examining Figurd_3.22, we see clearly that the result wippeted on the orientation of the
parent triangle. In the case where the parent triangle hagwaard orientation (as was the de-
fault shown in Figures_3.18 and 3]20) we see that we have tlwviag relationship between the
Cartesian and triangular coordinates of the vertices op#irent triangle
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)

Figure 3.21: Calculating the centroid of a subtriangle

Z|~x

(T

(1;0;0) = (Xo; Yo) + R(0; 1)

(0;1,0) = (Xo; Yo) + R( p—f;%) (0;0;1) = (Xo;Yo) + R(p—f;%

L4 = (%o} Yo)

359 = ( Xo; Yo)

(0:1;0) = (xoiy) + R( 25 3 (0:0:1) = (xoiy0) + R(F: 1)

2 2

(1,0,0) = (xo0;Yo) + R(0; 1)

Figure 3.22: Converting from triangular coordinates tot€sian coordinates. Left: Parents with a
downward orientation. Right: Parents with an upward oa&ah
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Parent oriented upwards
Cartesian Coordinatg Triangular Coordinate
(1,0,0) (Xo;Yo) + R(0; 1)
(0:1;0) (xo:¥0) + R( =% 3)
(0;0;1) (X0;¥o) + R(5%; 3)

As a consequence, the Cartesian coordinates for the pdimtméangular coordinate§; ; ) in
a parent triangle with upward orientation are

(i )7 (Xoiyo)+ R( 2 + 3

NI

by

On the other hand, if the parent triangle has a downward @tiem, then we have the following

Parent oriented downwards

Cartesian Coordinate Triangular Coordinate

(1,0,0) (Xo;¥o) + R(0; 1)

(0;1,0) (Xo:Yo) + R( 51 3

(0;0; 1) (Xo;¥o) + R(53:2)

As a consequence, the Cartesian coordinates for the pdimtmangular coordinate§; ; ) in
a parent triangle with downward orientation are

3 . P3
;3 )7 (Xesyo)+ R( 5 + 575+

Y
+
Y
N

3.2.4 Evaluating the probability density P (z)

Our goal is to determine the probability dendiyz) that the offender's anchor point is located at
the pointz. Of course, this function is de ned for every value af Rather than calculate this for
every value ok however, we will only calculate it for the pointsthat are the centroid of a triangle
in our ne mesh.

3.2.5 The Normalization Function

The normalization functiol (z; ) de ned by (3.9)

ZZ 1
N(z; )= 2D(sz; )G(x) dxWdx@ (3.25)
R

is effectively impossible to evaluate analytically, andyeif cult to do so numerically. However,
it does possess some properties that will enable us to @eatuaore ef ciently. As we will be
focusing in the integral rather than on its invel$ewe adopt the notation
zZ
1(z; )= D(xjz; )G(x)dx®dx®
R?2

in what follows.
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The Tall

First, we notice thanks to the de nition @&(x) in (3.10), there is an absolute constargo that

0 G(x)

for all x 2 R?. We also note that the graph©fr j ) has a single positive maximum after which
it decays rapidly; see Figure B.2. In particular, we noté tha

r__
maxt (1] )= 0:760173
i

N] N
®

argmaxf(rj )= 0:797885.

To actually evaluate (z; ), we begin by replacing the region of integration by the ragio
[[Xx 2zj <R]for someR. The resulting error is

7z

ZZ
D(xjz; )G(x)dx D(xjz; )G(x)dx
R? 77 lx Z<R]
= D(xjz; )G(x)dx
x5z R]
T 2
2 ] ﬁexp YR dr
R2
exp 1z

The exact value off(z; ) is unknown, so we are unable to estimate the relative ermavgher if

G(x) for all x, then the integral is approximately ; thus we use the fact@xp f—f as
a proxy for the relative error.

In particular, if we want out estimate for the relative ercaused by neglecting the tail to satisfy

R 2
exp 4 10 K
then R 2
1z kln10
SO we choose
p_ _
R 2 Ini) k 1:7122£ k:

Reasonable values are
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(O; R)

(0:0)

( B3 B) (B3 ®)

Figure 3.23: Discretization of an integral

10 k Rcrit

10 ' | 1.71223
10 2 | 242146
10 3 | 2:96567
10 4 | 3:42447
10 ° | 3:82687
10 ° | 419410
10 7 | 453014
10 & | 4:84293

The discretization

To evaluate the portion of the integral excluding the ftagl, the portion of the integral for which
X zj <R, we use the two-dimensional midpoint rule.

The two-dimensional midpoint rule For simplicity, we start by describing how to evaluate the
integral of an arbitrary functioh(x; y) over an equilateral triangle with centroid at the origin and
circumradiusR, as seen in gur¢ 3.23

Let T be our equilateral triangle; then for afw; y) 2 T, there is a poinfxo; yo) 2 T so that
Taylor's Theorem will let us write

SN — £ (O @f . @f .
f(x;y) = f(0;0)+ @>£0, 0)x + @§0, o)y
J1oer

- (Xo: Yo)X2 + 2

2 @X

@(D@;@(})}oi Yo)Xy + %(Xoi Yo)y?
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We now integrate both sides {(x;y) overT.
A simple symmetry argument shows that
VAVA

@f . _
] @>£O’ O)xdxdy =0

On the other hand

2Z o Zg Z *3y g
—);o; O)y dx dy = 2f(0; 0) y dx dy
T @ R=2 0
Z q p§
=21y(0;0) =Y R)dy
D R=2
_ 23 . 1s 1,5 i
= Tfy(O,O) 3y 2Ry ~
n #R
P~ 3 2
23 1., 1R 1., 1_ R
= 3 fy(0;0) 3R + 3 3 2RR + 2R
p R=2
23, ., 1 1 1 1 _,
= 3 fy(0;0) 3+ 24 2+ 3 R°=0:
Thus, ZZ

f(x;y)dxdy= A(T)f (0;0)+ E
T

whereA(T) is the area of triangl&, and the erroE satis es

27
1 f @f @f
E=2C — (Xo; Yo)X2 + 2 X0; Yo)XY + —— (Xo; Yo)Y?
> . @)9(( 0 Yo) @X@%,o Yo) Xy @9( 0, Yo)y
so that
7 7 7

JE] %kfxxkl x2 dx dy + Kf K, jxyjdxdy+%kfyykl y2 dx dy
T T

T

Now direct evaluation shows us that

ZZ P~
x2dxdy = BTR4
z7 P3
y?dxdy= —R*
Z2Z7 8
jxyj dx dy = 1—5R4
; 32
and consequently I
15 3 0% R
JE] 1_6+ - 1
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We will then use the midpoint approximation

22 3
f(x;y) dxdy = TR2 f (0;0) + O(R%

T

to evaluate our integral.

Application to the normalization function Now
ZZ ZZ

1(z; )= D(xjzj; )G(x)dx® dx@ = iexp

] e zj? G(x) dx® dx®@

72
Let be a collection of equilateral triangles whose closuregctive plane and whose interiors
are disjoint. Then, we can rewrite the integral above as
7 x ZZ
D(xjzj; )G(x)dx® dx@ =
R? T2

exp zj2 G(x) dx® dx@:

i 7 2%

Using the midpoint method, we then obtain the approximation

7 Y

331X
i7i @ dx®@
2D(XJZJ, )G(x) dx* dx 16 2

RZ exp ﬁjXT zj> G(x71)
R T2

whereR+ is the circumradius anxk; is the centroid of the triangl€.

Selecting the mesh

We begin by selecting a circumradius of the coarse meshgiearR.ase Based on our analysis

of the tail, we see that relative error in replacing the irdkgverR? with the integral over the

smaller regiorfjx  zj < 3 ]is roughlye °=4  0:000851 Thus, we shall drop from the mesh
any triangleT for whichjx+ zj> 3

We also see that the relative error in replacing the integval R? with the integral over the
even smaller regiofjx  zj < 2 ]is roughlye 0:0432 Because this is not insigni cant, we
will retain all of the triangles for whic? < jx+ zj 3.

Finally, our analysis of the tail tells us that the vast migyaof the contributions to our integral
come from the regiojxt zj 2 . For this reason, we subdivide all of the coarse triangles in
this region into their corresponding ne subtriangles lvefevaluating the integral.

This is the process that is used in the code to evaluate ).

Evaluating | (z; ) asz varies

Although we have outlined how we are able to evaluate thgraté(z; ), we do not want to do
so for every potential value af. As described in Sectidn 3.2.4, we only need to evali®qt®)
and henceé (z) for pointsz that are the centroids of triangles in the ne mesh. Howetves, turns
out to be impractical, as the computation time to evall&® even once is signi cant. Testing
has shown that this process, simpli ed as it was in the previdiscussion, is still by far the most
computationally expensive portion of the algorithm.
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Rather than use this algorithm at the centroid of every mengle, we instead use this method
only to calculate the values ®{z) on the vertices of the coarse triangles and interpolatetiveo
ne triangles within.

Suppose we are given a coarse triangland the values df at the vertices of ; and want to
use interpolation to approximate the values af the interior of T. Letc be the center anR the
circumradius of the coarse triangle then the vectors frora to the vertices ofl are

vi= RHMO1
*p_ +
vo= R 3.1
. 2’ 2 N
vi= R p—3 1
2’ 2

where thet sign is chosen when the triangle is oriented upwards and tsign when the triangle
is oriented downwards. The verticesofare therf ¢ + v;g2, .
We then examine the known valueslobn the vertices oT , naming them

()= 1(c+ vy );
l2( )= 1(c+ vy ),
Is( )=1(c+v3; ):

I

I2

I3
Now selecta point 2 T,and letx = z c¢; then

X =tV + thvy + t3vs
Z=C+ tivy + thvy + t3vs

where

1 2Xx v
+ < :

t=3*"3 R

Indeed

Z=C+ tvy + tovo + tavs
=c+ 2(Vi+ Vot vy)+ 2L F(X VyVi+ (X VoVt (X V3)Vag

3R?
= c+ - f(X VIVi+(X Va)va+ (X Va)vag
R s b, E o D , Eo
- 2 1O i+ 3 1 3.1 4 T3y 1y "3 1
=C+3 » X2l 2 X1 3X2 2’ 2 2 "1 272 2’ 2
- 2 . H 3y -1
=c+ 3 Mrxai + 5Xqp; 5%z
=Cc+x=2z
as required.

Thus, for any poinz 2 T, we calculate the numbetsand use the linear approximation

|(Z; ) til1 + tolo + tal 3!
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Evaluating 1 (z; ) as varies

The approximation of (z; ) by linear interpolation within a coarse triangle does natzgls pro-
duce reasonable results; in fact the accuracy of the appadion deteriorates as# 0.
Recall that is the average distance the offender is willing to travel trad the dependence

onz of the integrand is through (3111),

|
x zj ?

. 1
D(xjz; )= ﬁexp 2

Examining this, we see thataf; andz, are far apart relative to, thenjx  z;j= andjx z,j=
are very different, and slo(zy; ) andl (z; ) are likely different.

Since the coarse triangles have circumradRus Rcpase if R , then the variation in the
integrand ovefl is small, and the interpolation should provide reasongbgaimations; on the
other hand ifR , then the variation of the integrand ovEris large, and we expect poor
approximations. This has been observed in numerical gesult

To proceed, we write the integral as

ZZ
1(z; )= D(xjz; )G(x)dx®dx®
1th jx  zj?
= _ D gy @
72 Rzexp 4 2 G(x)dx* dx
Set = J(x z),thend = ;dx so
ZZ
1 (z; )= exp( ] j)G(z+2 )d:

R

From this we can clearly seethdt ) ! G(z) as #0.
Continuing our analysis, we can repla@ey its Taylor series; then

Yy n 0
1 (z; )= exp( jj?) G(2)+2 DG (z2) +4 2°D%G(z) +0( 3 d:
R2
Note that the second term vanishes; indeed
Yy Z,7Z,
exp( jj9dDG(z) d = e r2jDG(z)jrcos rdrd =0
R?2 0 0

where is the angle measured from the directd® (z)5jDG(z)j. Thus, we can write

1(z; ) G(2)+ c(z) 2+ O( 3

for small .
With this in mind, we wish to approximalgz; ) for near O by interpolation. We suppose
that we already have approximations idiz; ) for = ;< , < < \, but that the

accuracy of the approximations diminishes a# 0.
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We begin by choosini so large that our approximations are reasonablg d&or k
particular, we choosk so large that , 2R, that is

k = (K %) 2R

SO we want
1 -
K 1+2(R=)

To proceed, we use the Hermite approximation
A(C )= "o+ 1 k)+ ! k) + 13 ( k)’

so that
A )= 11+21 o k)+ !a( K)>+213 ( K):
The coef cients! o, ! 1,! > and! 3 are chosen so that

A(0) = 1(z;0) A( k)= 1(z; «)
A%0) = %‘(2;0) Al k)= %‘(z; k)
From our Taylor series approximations neax 0, we concluded
1(z;0) = G(2) gl(z; 0)=0:

The value ofl (z; «) we have from our approximations, while we use

| 1(z: k+ | (z;
%(Z; ) (z; k+1) (z K):
Now
A@) =1y kl1+ 21 A( k)="o
AYO) =1, 2 lo+ Zlj AL k)=,
so we set
lo=1(z; «)

1i(z; k+1) 1z «)]
[G(z) 'o+ k!l

2 k!> !4]

=
I

N
1

1
2
K

1
2
K

w
|

This is the method that is used in the code to evaluate thgradtd (z; ).
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3.3 The software

3.3.1 Overview

We have developed software that implements these matheahalgorithms. The software was
built in two parts:

A program called Pro ler that performs all of the mathematianalysis, and
A program called Pro lerGUI with which the user interacts.

The software was developed in this fashion for a number cdaes First and foremost, this
approach allows this scienti ¢ work to be kept separate fuager interface issues. In particular,
because the scienti ¢ analysis is performed in a separtdaedsalone program, it is possible for
this tool to be incorporated into other software suites tiaate compatible open source licenses.
In addition, this approach lets us work separately on the in¢erface and the scienti ¢ analysis
tools.

To use the software, the user starts Pro lerGUI; a screen shoontained in Figuré_3.24.
The user interface then prompts the user to enter the rebjdat for the program. When this is
complete, Pro lerGUI writes a plain text parameter le thaintains all of the user's selections.
Pro lerGUI then calls the program Pro ler, and passes it th@ne of the parameter le it just
wrote. Pro ler performs its analysis; as it returns infortioa this is noted by Pro lerGUI and
reported to the user. It total, the program provides

A map of the proposed search area, in .kml format,
A map of the target attractiveness functiGfx), in .kml format, and

A map of the population density of the search area that matttteeprovided demographic
information, again in .kml format.

Because the analysis process can take some time- a few bBaypscal, the program also provides
the analyst with its partial results as the analysis coesnu

The output maps are provided in .kml format; this is an opandsrd. Files in this format can
be rendered by a number of free programs, including

Google Earth,
ESRI's ArcGIS Explorer, and
NASA's World Wind.

All of the maps in this report are screen shots taken from Goigrth.

In this section, we will describe rst how the program is iakd, including how to obtain all
of the required les. We will then provide step-by-step mstions on how the program is meant
to be used. Finally, we will take a brief look at the sourceecéa the two software tools, and
explain how they have been designed and built.
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Figure 3.24: Screenshot of the Program
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Figure 3.25: Unpacking the software archive
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3.3.2 Installing the software

The software tool comes packaged as a compressed .zipar€hice downloaded, the user simply
needs to uncompress the archive to create a folder callel@iPs®ee Figure 3.25 as an example.

At this point, the tool is ready to run; just use the Pro lerGhafogram provided in the root
directory. No other installation tasks need to be performed

3.3.3 Using the software

Detailed instructions on the use of the program have beerided with the software in the form
of a .pdf sideshow that illustrates the use of the program sarias of convenience store robberies
in Baltimore County. In this report, we shall brie y summzeithe process.

Selecting the crime series

The rst step is to select the crime series under analysis gitogram requires a plain text le
that contains the locations of the crime series. Each linthisf le contains the longitude and
latitude of one element of the crime series, separated byonere spaces. Both longitude and
latitude are speci ed in decimal degrees, and need to beaaegubby one or more spaces. The le
name can be entered either by directly typing its name iréd@itime Series box or by pressing the
corresponding Select File button to obtain a dialog box éllatvs the user to simply click on the
desired le.

Selecting the historical crime locations

Next, the analyst needs to provide a plain text le that corsdéhe locations of a representative set
of crimes of the same type as the series under considerdiins.le has the same structure as the
crime series le, save that each line now contains the lamgtand latitude of a single historical
crime.

This is the information that the algorithm uses to generatestimate foilG(x). The crimes
used in the historical crime locations may be solved or weshland need not be from series
crimes. Not every crime of the same type needs to be inclydsetienough to generate a repre-
sentative sample. As part of the analysis, the program willegate a map of the resulting target
attractivenes&(x); it is important that this map be checked for reasonableness

In particular, the bandwidth used to generate the map obticstl crimes is twice the mean
nearest neighbor distance between offenses. Thus, if tedigorical crime sites are included,
then the mean nearest neighbor distance will be large, anldesgraph will be very broad and
smooth- perhaps broader and smoother than the analystigesgbpropriate. As a consequence,
when deciding what historical crimes to use, the analystisée balance how well the historical
crimes match the series versus the need to have a reprégeatanhple that generates a reasonable
map of historical crimes.

It is also important to note that regions where the histbiiciane locations map is zero are
considered to be regions where there can be no known crintlee series known to the analyst. A
consequence of this is that if an analyst is investigatingrees that crosses multiple jurisdictions,
then the analyst needs to have the corresponding historfoamation for all of these jurisdictions.
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Selecting the historical distances

To create the estimate of the prior distribution of offenaegrage offense distances, the program
requires a plain text le that contains the locations of aresgntative set of solved crimes together
with the location of the offender's home base. This le has §ame structure as the crime series
le, save that each line now contains the longitude andddgt of a crime site together with the
longitude and latitude of the offender's home base.

The solved crimes used to generate the historical distatoest need to be of exactly the same
type as the series under consideration. They only need toder@a reasonable basis to estimate
the distance decay function for offenders in the jurisdiati

Selecting the search region

The search region is composed of one or more county-sizeéohsegThe list of available county-
sized regions is taken from the U.S. Census. The analysthgingeds to select the state and
corresponding county sized region(s) from the availabtgdroxes. Up to four different regions
can be selected.

When selecting the search region, it is important to notettlealgorithm will assume that the
offender is not located outside of the search region. Iniqddr, the search area chosen at this
stage must be suf ciently large to encompass the anchott pbany potential offender. Failure to
do so will result in search areas that are strongly biased.

To perform its analysis, the program needs to possess tlessmy U.S. Census data for the
selected regions. When a region is selected, the progralnehetk to see if it has the necessary
data les. If it does not, then a message will be displayeg)&xing the issue. The box tells the
user the name of the les that are needed, provides a linkednsus web site from which the
les can be downloaded, and indicates the locations whezadthwnloaded data les need to be
stored. It is impractical to distribute all of the requiredta les directly with the program due
to their large size. Indeed, if we were to include the neagssansus data for all fty states, the
result would be many hundreds of times the size of the program

Selecting the offender information

If the age, sex, or race / ethnic group of the offender is kntovthe analyst, this information
can be included. When the program develops its prior estifaatthe distribution of potential
offender anchor points (z) before the information from the crime series is taken intooaat, it
uses population density data from the U.S. Census for thizgse. Because the Census provides
block level data subdivided by age, sex, and race /ethnigggnwe can use that information when
developing this prior estimate. Entering the availableadatdone by simply choosing from the
appropriate drop boxes; the default assumption is that meodeaphic information is available
about the offender.

Program results

As we have already noted, the program produces a number «f asaips output, including a map
of the search area, a map of the target attractiveness dm&imap of the population density,
and interim maps of the search area as the analysis prockkkd$ these results are stored in the
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directory that the user speci es here, either by directl{eeng the name of the directory, or by
using the dialog box obtained by pressing the Select Dirgdiotton.

The analysis

Once all of the necessary data has been entered, the Stdysirautton will be enabled; once
pressed the program will begin its work. First the progrart nead the necessary data les and
initialize internal data structures; as this process adue status bar will keep the user informed.
When the initialization is complete, the program will beginworking one subregion at a time and
calculating the probability that the offender's anchormdies in that subregion. The total number
of subregions searched is recorded as a fraction of thernataber of subregions in the search
area, as well as the relative likelihood of the last searcudlegion as a fraction of the maximum
likelihood so far encountered.

Now an exhaustive search of every possible subregion wagrdsantly increase computation
time to no real bene t- given that the search area is the sizme or more counties, most of the
subregions are unlikely to contain the offender's anchanfpolnstead, the search proceeds by
spiraling out from the crime series, and continuing untdah make a complete circuit where the
the likelihood that any of the subregions in the circuit @ the offender's anchor point is less
than 0.5% of the most likely subregion. The Estimated Prgbar tracks how close the program
has come to making a complete circuit where all of the subrelikelihoods have remained below
this threshold. If during this process the program encasrgesubregion where the likelihood
is larger than this threshold, then it must begin a new dirauthis point and so the Estimated
Progress bar will drop back to 0%.

3.3.4 Internal structure of the software
Pro ler

Pro ler is a program written entirely in C++ to implement anathematical algorithms. Itis a con-
sole based program that is usually run in concert with Pr&ldl, but can also be run separately
as a stand-along program.

Using Pro ler as a stand-alone program To run Pro ler as a stand-alone program, it needs
to be run from the command line with the name of a plain textthat contains the parameters
necessary for the analysis; if no parameter is passed tigegmndooks for the parameter le with

name./Parameters/Parameters.txt .
A typical parameter le looks like the following

Triangle Circumradius = 0.01
Crime Series Data File Name = ./Parameters/series.txt
Historical Data File Name = ./Parameters/history.txt

Historical Distances File Name = ./Parameters/historical _distances.txt
Number of regions = 2

State = MD

County Code = 005

State = MD

510

County Code
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Figure 3.26: Screenshot of Pro ler running as a stand-afoongram
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Race / Ethnic group = Asian alone
Sex = Female

Minimum Age = 0

Maximum Age Maximum

Results Directory = ./Results

An explanation of the individual parameters follows

Triangle Circumradius: The geographic region under study is subdivided into a noésh
equilateral triangles (the coarse mesh), and each of thasgles is then subdivided into a
number of subtriangles, resulting in the ne mesh. The sizthe triangles in the coarse
mesh is the input variable Triangle Circumradius.

Crime Series Data File Name This is the name of a plain text le that contains the longi-
tude and latitude of each element of the crime series.
1. Eachline of the le should contain the latitude and longi of a single crime location.

2. The latitude and longitude should be separated by one oe mlank spaces, with
longitude rst, and latitude last.

3. The latitude and longitude should be speci ed in decinegrées.
4. The le should contain no other data; in particular it slibmot end with a blank line.

Historical Data File Name: This is the name of a plain text le that contains the londiu
and latitude of historical crimes of the same type as th@semder study.

1. The historical data is used to generate a map of the relbiti®lihood that a particular
location is the site of a crime of the same type as the thatsender study. The data
set should be suf ciently large for this purpose.

2. The historical data does not need to consist of solvedeximor does the historical
data need to consist of series crimes.

3. Eachline of the le should contain the latitude and londe of a single crime location.

4. The latitude and longitude should be separated by one oe mlank spaces, with
longitude rst, and latitude last.

o

. The latitude and longitude should be speci ed in decinegrees.

6. The le should contain no other data; in particular it slibmot end with a blank line.
Historical Distances File Name This is the name of a plain text le that contains the
longitude and latitude of both the locations of a crime argtbme base of the offender.

1. The historical data is used to generate a graph of cringgiénecy versus distance.

2. The historical data should be from crimes similar to theeseunder consideration.

3. Each line should contain the data from a single histoddaie, and should contain in
order the longitude and latitude of the crime site, then ¢timgitude and latitude of the
home base of the offender.
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4. The latitudes and longitudes should be separated fromagher by one or more blank
spaces.

5. The latitudes and longitudes should be speci ed in detdegrees.
6. The le should contain no other data; in particular it slibmot end with a blank line.
Number of regions This is the number of county-equivalent regions that aessary to

contain both the all of the elements of the crime series akasdhe largest possible search
area

State Two letter abbreviation for a state containing a coungediregion to be searched.

County Code This is the corresponding three digit U.S. Census BureainGaCodé; this
does not include the associated two digit state code.

Race / Ethnic group This is the Race or Ethnic group of the offender; the clasaion
scheme is the same as that which is used by the U.S. CensumiBnrSummary File4

SexThis is the sex of the offender.

Minimum Age This is a lower estimate for the possible age of the offendet.every choice
of age is valid; the value needs to be the lower bound for arragge for which the U.S.
Census records block level population data; see SummaeyiFil

Maximum Age This is a upper estimate for the possible age of the offentlet every
choice of age is valid; the value needs to be the upper bourahfage range for which the
U.S. Census records block level population data.

Results Directory. This is the name of the directory that the program will ussttwe its
results.

Compiling Proler  This program was compiled with gcc(3.4.5)/MinGW, it alsquees the
Lapack++ libraries (2.5.1). It is important to use the a neoeersion of Lapack++. There is a
much older version (1.1a) of Lapack++ available at the NIbsite; it is not suitable.

Brief overview of the Pro ler source code Pro ler was developed using a strict object-oriented
approach; its functions were split into twelve distinctssdas:

Input and output classes

— Clnput is used to handle all of the input to the program; it reads Hrampeter le, as
well as any auxiliary data les and performs all validation.
— COutput is used to generate all of the maps developed by the codtenin format.

— CCensus is used to read data from U.S. Census data les.

Ihttp://www.census.gov/datamap/fipslist/AllSt.txt
2http://lwww.census.gov/Press-Release/www/2001/sumfil el.html
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Auxiliary classes for data

— CBlock is an auxiliary class that encapsulates a U.S. census block.
— CPt is an auxiliary class that encapsulates a geographic point.
— CTriangle is an auxiliary class that represents a triangular geoggapgion.

Classes for geography

— CTriangulatedGeography is the main class that handles the geography. The
geographic region under study is covered by two triangukeshms, a coarse mesh that
is used for functions that vary slowly and are dif cult to cpote- likeN (z; ), and
a much ner mesh for functions that vary much more rapidlkelG(x) andH (z),
which can change dramatically from block to block.

Functions in the mathematical model

— CDistanceDecay is the class that contains the data for the distance decayidun
D; it also contains the results for the prior distribution dfeader average offense
distance ( ).

— CNormalizationFunction is the class that calculates the values of the normal-
ization functionN (z; ).

— CTargetDensity is the class that contains the values for the target densiigtion
G(x).

— CPopulation s the class that contains the data fofz).

— CTikhonov is the class that is used to perform the regularization @®ici¢ is an
auxiliary class forCDistanceDecay , and reports its results back to that class for
storage.

Now we brie y describe each class used by Pro ler.

CBlock This class is a data structure to hold the elements of a U.8su3eBureau block
that are relevant for the code. This data is all availableum®ary File 1. In particular, the class
records

The U.S. Census Bureau logical record number of the block,
The land area of the block, in square meters,

The latitude and longitude of the block (in degrees), and the
Population of the block.

The population recorded i@Block is not necessarily the total population of the block, buteat
the population for the combination of age, sex, and racenietiroup under consideration.
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CCensus This class that contains all of the census data for the caurggunties that contain
the potential search area.

The Census Bureau Summary le 1 has block level populatica fiar each county in the
country, sorted by age, sex, and race / ethnic group. Forstatd, we require three les:

STgeo.ufl
ST00005.ufl
ST00006.ufl

where ST is replaced by the corresponding two letter stdtecatation. These les must be in-
cluded in the same directory as the program executablecérepe directly downloaded from the
U.S. Census site.

The demographic information- age, sex, and race/ethnigyi@low the Census Bureau stan-
dard de nitions and groupings.

Internally, the class stores an array of blocks (t@g®lock ) which contain the location, land
area, and population (in the speci ed demographic) of edobkb

This data is be used b@Population  to construct the prior distribution for anchor points
H(2).

CDistanceDecay This class handles both the explicit form of the distanceagdanction as
well as the creation of the prior estimate for the distanaagdunction.

All distances are measured in decimal degrees. The mativéir this choice is the fact that
since the input latitude and longitude will be in degreesnakes more sense to keep the same
units throughout.

The implementation of the distance between two points igadlgt handled by theCPt::
S2DistanceTo function, and work on the assumption that the Earth's serfacspherical. In
particular, no correction factors for the ellipsoidal matof Earth have (yet) been incorporated.

The primary mathematical quantities that this class nemdiote are the arrays

k, the values of at which the prior is recorded,
K ( «), the values of the prior estimate for the distance decaytimmcand

K K+1 k, the increments in

To evaluate the later integrals, only the nonzero valueg @fre needed; hence the class stores the
values of the triple$ «; «k; «) for only the non-zero values of.

This data structure also allows for the possibility of adagpintegration in by adjusting the
step sizes i, but right now all of these values are constant.

Clnput This is the class used to set up and handle all of the input atjlib les for the
program. The constructor is passed the program's argurienses these to determine the location
of the parameter le, which it then opens. The constructentleads the parameter le, and stores
all of the necessary results in class variables.

The class provides a family of functions that provide to asdbe parameters, which are stored
in class variables.
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CNormalizationFunction This class handles all of the calculations necessary taatal
N(z; ).
It has one public member function, which is used to actuadligwate the integral. It starts

whereN 1(z; )isde ned by
Z7
N Xz; )= D (d(x; 2)) G(x) dx® dx®
R2
This is done by adaptive integration and uses the privatetismCNormalizationFunc

tion::GetOneMeshValue The private function chooses a triangulation of the regibimte-
gration that depends on the values gfand then performs the integration.

COutput This class is used to generate and write all of the output rpapduced by the
analysis engine. To create an instance, you must specifputmut type and the le name of
the output. Right now, only .kml output formats are supprt€he constructor creates the le
with the provided name in the directory recorded in@@utput::resultsDirectory . The
constructor also writes the required elements of the .kratlbe

Function calls can then be madeG@®utput::DrawPoint andCOutput::DrawGraph
so that data can be added to the output. Multiple maps can édaalin the same output le;
the altitude of each map is stored in the class vari@i@eitput::altitude , and this value is
increased by 50 each tin@Output::DrawGraph s called.

The destructor COutput writes the KML footer and closes the le.

CPopulation This class stores the population data for the search redibis is used as a
proxy for an estimate of the prior distribution of offendeichor points.

Right now, this is calculated only from US Census data; irfaiere we would like to use other
data sets (e.qg. distributions of other offenders) to gaadhas distribution. This can be done most
simply by overloading the constructor.

CPt This class forms a data structure for a two-dimensionaltpdamplemented operations
include the standard vector operations (addition, scalatijplication), the (Euclidean) dot product
and Spherical distanc€Pt::S2DistanceTo ).

CTargetDensity This class is used as a data structure to hold the targettgdunaction
G(x). In particular, this class calculates and stores the valug(m) at the centers of the ne
triangles in the mesh; these values can be retrieve@VargetDensity::getFineValue

The class also calculates and stores the valug(af for each coarse triangle. Rather than
simply calculate the value d&(x) at the center point of the coarse triangle, it instead uses th
averages of the values @ at all of the ne triangle contained within the coarse trismgThe
reason for this behavior is that the underlying funct®rvaries on a very ne scale. It makes
sense that to calculate the value®fon the ne mesh, because that is the nest mesh in the
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problem. When looking for the value & at for a coarse triangle, if we simply calculated the
value of G at the center of the triangle, then we run the risk that a soa@hge in the location
of the center of the coarse triangle can result in a largegdhanthe value returned. Instead, we
return the average value to try to smooth our the results.

The values 0fG(x) are calculated using a kernel density estimation processaiticular,

the truncated quartic kernel functiéh(xj ) with bandwidth

8

vl 2\2
< —(ix] )

_ if jxj
K(xj )=

"0 if jXj
The bandwidth is chosen to be twice the mean nearest neighbor distance®etwstorical

crimes, and
Xy
G(x)/ K(xx ¢j):

i=1

CTikhonov This class is used solely to compartmentalize the processlafilating the non-
negative Tikhonov regularized solution to a linear equatith uses the mathematical algorithms
described in Section 3.2.2.

CTriangle This is a data structure for a triangle with sides parallghx-axis. It retains
the center of the triangle, its circumradius, and its oaéoh, where the orientation determines if
the centroid is above or below the side parallel toxkexis.

CTriangulatedGeography This is a data structure that contains all of the underlyieg g
ographic structure of the program. The class contains twogry data structures- a mesh of
coarse triangles and a mesh of ne triangles. Each of thadtes in the coarse mesh are of type
CTriangle , meaning that they are equilateral and have one side pat@ltae x-axis. This
coarse grid covers the entire geographic region under deraion, including the crimes, the his-
torical crimes, and the region to be searched.

Each coarse triangle is subdivided into subtriangles, @stassCTriangle

The coarse grid and the ne grid are entirely created by thestractor; the primary public
methods return various grids, sub-grids, and individuahtyles.

Pro lerGUI

Pro lerGUI is a program written in C++ to provide a simple éntace to allow an analyst to in-
teract with the Pro ler program. Pro lerGUI requires thegsence of the program Pro ler in a
subdirectory of the same name. When Pro lerGUI runs, it tattee data provided by the user,
writes a parameter le, calls Pro ler, and then interprdis tesults returned by Pro ler.

Compiling Pro lerGUI  This program was developed with the GPL version of Qt Crehtbr,
based on Qt 4.5.1. It requires no additional libraries beybose included in Qt Creator.
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Brief overview of the Pro lerGUI source code This program is designed to take full advantage
of the signals and slots mechanisms provided by Qt. In paaticthis allows us to create an event-
driven program where actions taken in the user interfaag pressing a button or editing a box)
cause code to be executed.

The program contains only two classd4ainDlg andCStatus , and nearly all of the work
occurs inMainDIg . This is the class that handles the program's primary didloig responsible
for

Displaying the dialog (and all sub-dialogs, including diéfectory selection and help di-
alogs)

Recording all of the entered data
Starting the pro ler (analysis) program

Reading the data returned by the pro ler program, and updatie user on the status of the
analysis.

The clasCStatus is simply a data structure containing ve boolean variabg®ere each
variable represents the status of one of the required denaesits-

The crime series,

The history le,

The historical distances le,
The search region, and
The results directory.

When true they indicate that the GUI program has the necedsaa for that data element.

The public functiorCStatus::Prepared returns true if all of the status variables are true;
otherwise it returns false. It is used to determine if thegpam is ready to allows the analysis
component to run.

Integrating Pro ler and Pro lerGUI When complete, the software package contains
Pro lerGUl.exe

The le counties.txt, which is a modi ed version of a list obanty codes provided by the
U.S. Census.

Two .dll les from the Qt library:

— QtCore4.dll
— QtGui4.dll

The analysis program (Pro ler.exe) and its associated iteshe Pro ler subdirectory. In
particular, the subdirectory needs to contain
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— Pro ler.exe
— Three lapack++ library les:
libblas32.dll

liblapack32.dll
liblapackpp-15.dll
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Chapter 4

Results

4.1 Discussion of ndings

The purpose of our project was to develop a new mathemagpgabach for the geographic pro I-
ing problem and to implement that new algorithm in softwared we have done so. To illustrate
how our model and tools work in practice, let us consider g&seaf convenience store robberies
that occurred in Baltimore County in May 2008.

Basic information about the crime series is provided in &abll, and the crime locations are
mapped in Figure 4.1. Note that crimes 1, 4 and 6 all occurtédeasame location marked as
Crime Site # 6 on the map. To give this information to our pamgy we simply provide it with a
plain text le containing the latitude and longitude of eamime site.

As we begin our analysis, we start with the elementary oladienv that not every location can
be the site of a convenience store robbery- after all notydeeation is the site of a convenience
store. Instead, experience tells us that conveniencessteme to be concentrated at or near major
intersections. Moreover, some convenience stores are likehgto be the site of a robbery than
others. To account for these geographic facts, our algoni#quires the locations of a representa-
tive sample of the locations of convenience store robbéhiesighout the jurisdiction. A simple
graph of the locations of convenience store robberies itirBate County is provided in Figure
4.2. Even though this gure does not include the locationthefmajor roadways, the target pattern
clearly shows where many of them lie.

, Location
Date Time Latitude  Longitude Target
March 8 | 12:30 pm| -76.71350 39.29850 Speedy Mart
March 19| 4:30 pm | -76.74986 39.31342 Exxon
March 21| 4:00 pm | -76.76204 39.34100| Exxon
March 27| 2:30 pm | -76.71350 39.29850 Speedy Mart
April15 | 4:00 pm | -76.73719 39.31742 Citgo
April 28 | 5:00 pm | -76.71350 39.29850 Speedy Mart
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Figure 4.1: Convenience store robbery series in Baltimanen®y
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Figure 4.2: Convenience store robberies in Baltimore Gpunt
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Figure 4.3: Target attractiveness for convenience stdreaes in Baltimore County

Another important geographic factor in the analysis of sieises is the presence of the jurisdic-
tional boundary. Baltimore County and Baltimore City arpagate jurisdictions, and the elements
of the crime series under consideration lie very close t® Ibloundary. This particular series was
identi ed by Baltimore County, and though there are no knalements of the series in the city,
this cannot be ruled out.

Thus, we provide the program with another plain text le,stloine containing the locations
of 449 convenience store robberies within the county. Tlhgmam then calculates the resulting
target attractiveness functi@x), and returns it to the analyst; this map is shown in Figure 4.3

Our goal is to obtain an estimate of the location of the oféetscanchor point; if we assume that
the anchor pointis aresidence, then we immediately knotilleae are locations where the anchor
point cannot be located. For example, looking at the crimesenap (Figure 4.1), we see that east
of the crime series locations is a large park, near the critee s a large interstate overpass and a
commercial area including of ces and a number of malls, anthe west is a wooded area. Since
none of these areas contain residences, none of these aedéely to contains the offender's
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Figure 4.4: Population density and proposed anchor pomitienear the crime series

residence. To handle this geographic information, our oeetises local population density from
U.S. Census data as a proxy for anchor point density. Inquéati, our existing software is able to
read the raw data from the census and use a modi ed kerneitg@asameter estimation technique
to generate a map of potential anchor points; it is shownguie 4.4.

One advantage of using census data is that population datailable at the block level sorted
by age, sex, and race or ethnic group. Thus, if demograpficnvation about the offender is
available, then it too can be incorporated into our analysms example, notice the differences in
the population density maps for different racial / ethniowgys shown in Figure 4.5.

Another fundamental factor of interest is the distance féwaction of an offender. Our mathe-
matical method does not makeapriori choice of the offender's distance decay function. Instead,
our method assumes that different offenders have differegrtage offense distances. We provide
the program with the locations of both the offense site aecthttme of 751 solved robberies. The
program then performs the analysis described in Sectio2,3a2d generates the distribution of
average offense distances across offenders that is shdwgure 3.10.
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(a) Asian (b) Black

(c) Hispanic (d) White

Figure 4.5: Population density for different race / ethmoups
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Figure 4.6: Proposed search area

When our software prototype is run on this series, we obtaénsearch area in Figure 4.6
Notice that the calculated search area avoids parks and eccrahareas, while at the same time
following the local road network. Note also that the regionasidered most likely to contain the
offender’s residence do not lie in the region bounded by timaecsites, but rather lie towards the
center of the city; compare this with the comments about tmvex hull effect made by Levine
[28].

The algorithm that generates the search area uses the lggalagion density, so it knows
that there are more potential offenders nearer to the cityecghan farther away. In addition,
the algorithm is also aware of the jurisdictional boundsria particular it takes into account the
possibility that elements of the series may have been caeliit the city but that these elements
are unknown to the analyst. Together, these facts suggesthi offender is more likely to live
closer to the city, and the calculated search area agrees.

The potential impact of demographic information about tferaer is clearly illustrated in
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Figure 4.7 which show what the search area would be if we himinmation about the race or
ethnic group of the offender. It is clear to see that the $eareas have signi cant differences.

4.2 Implications for policy and practice

Our primary motivation for this project is to improve the ogigonal ef ciency of law enforcement
agencies as they search for serial offenders by providiagntith better and more sophisticated
tools. This we have done; the software we have developedvrfieely available on our website
at http://pages.towson.edu/moleary/Profiler.html

We presented our rst functional prototype software paekat) the NIJ Conference in June
2009. The program is now being used by both the Los Angelesd’Diepartment and the Balti-
more County Police Department, both of whom are examiniegeffectiveness and usefulness of
the tool.

It should be noted however, that we have not yet made a stuthedffectiveness of the tool
or of the mathematical algorithms that it contains.

On the other hand, by making our mathematics, algorithmsadd widely and publicly avail-
able, we also hope that we can provide valuable insightdteroesearchers. We also have written
a manuscript that describes the mathematical technigaesvthhave used; this is currently under
review at the Journal of Investigative Psychology and QféerPro ling.

4.3 Implications for further research

There are a number of important areas in which researchdgmtba should be continued. First, the
effectiveness of the our tool needs to be measured. The radbtype version was just released in
June; it will take some time to collect the necessary dataéafshis will result in any signi cant
improvement over the current generation of techniqueséoggaphic pro ling.

Second, we need to remove some of the limitations that cilyrerist in the software proto-
type. For example, Phil Canter of the Baltimore County Robepartment has indicated that the
software prototype would be much more useful if the rangeutpuat le formats was increased.
In particular, he has asked us to develop the capabilityttomeresults in either a plain text format,
or even better in a Shape le format so that the results candtieintegrated into their existing
GIS infrastructure. Sean Malinowski, of the Los Angelesié&@Department asked if it would
be possible to use geographical information that desctheeslistribution of known offenders in
place of Census data to generate the estimate of the priibditon of offenders. We hope to
begin work on both of these suggestions soon so that we caanggatproved tool into the hands
of these agencies.

The mathematical framework we have developed for the gebgrgro ling problem is quite
broad, and there are a number of reasonable forms for mahg a@listributions that are used in the
model. To name just one example, our software tool positstiieadistance decay compondht
follows a bivariate normal distribution, but clearly thg&snot the only reasonable alternative. We
need to go back and start examining and evaluating differptidns for all of these distributions,
and comparing them and their effectiveness. The tools otsmlection and multimodel inference
have yet to be applied to this problem, and may be able to gemsome new insights.
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(a) Asian (b) Black

(c) Hispanic (d) White

Figure 4.7: Proposed search area for offender of diffei@se f ethnic groups
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Finally, the mathematical model of offender behavior diésct inP(xjz; ) remains quite
simple. A new preprint by Mohler and Short [36] shows how thaye developed an approach to
geographic pro ling where the simple probabilistic mod#is the distance decay component of
offender behavior are replaced by the results of randomsavdlkis is an innovative new idea that
deserves signi cant additional study.
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