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FIG. 1

(57) Abstract: A method for identifying regions with similar, temporally stable crime profiles, the method comprises partitioning a
geographical area into multiple non-overlapping regions, for each region, generating a set of tuples representing a regional crime record
comprising a sequence of offence data, and generating a measure of similarity between respective pairs of the multiple regions.
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CRIME PROFILES

BACKGROUND

[0001] Urban population growth, one of the main trends of today’s world, is likely
to result in vast, yet sparsely populated areas outside of large or mega-cities.
Such sparsely populated areas can be challenging to police. Regions in the
same area may themselves vary in population density, occupancy and types of
crime committed. This can impede the creation of a uniform crime prediction

model for the area.

BRIEF DESCRIPTION OF THE DRAWINGS

10002] Various features of certain examples will be apparent from the detailed
description which follows, taken in conjunction with the accompanying drawings,
which fogether illustrate, by way of example only, a number of features, and

wherein:

{0003] Figure 1 is a schematic showing a police area, partitioned on relatively

small regions (UK postcodes);

[0004] Figure 2A is a flow chart for identifying regions with similar, temporally

stable crime profiles according to an example;

10005] Figure 2B is a flow chart for identifying regions with similar, temporally

stable crime profiles according to an example;

[0006] Figure 3 is a schamatic showing sequential crime records for two

different regions and different time intervals;

(0007 Figure 4 is a schematic showing a sample measure similarity matrix

computed for three regions: R1, RZ and R3;

{0008] Figure 5 is a schematic showing a visualization of the measure similarity
for over one hundred regions in different periods of time, where denser areas

correspond to higher similarity;
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{0009] Figure BA is a schematic showing a visual analytic of clusters having
similar crime statistics and where regions in the area are represented by labels

on the curve; and

{0010] Figure 6B is a schematic showing clusters of similarity that are marked

by circles and where regions in the area are represented by labels on the curve.

DETAILED DESCRIPTION

{0011]In the following description, for purposes of explanation, numerous
specific details of certain examples are set forth. Reference in the specification
o "an example” or similar language means that a particular feature, structure,
or characteristic described in connection with the example is included in at least

that one example, but not necessarily in other examples.

10012] For the purposes of crime prediction and prevention, some methods use
a very specific location analysis (latitude and longitude) of historic crimes to try
and predict the location of future crime hotspots. For exampie, a method may
use an assignment of binary values o generate a list of crime hotspots. These
hotspots are then used to cluster together areas that are closer than a threshold
distance o determine regions where a crime is likely {0 occur in future. Other
research into re-offending can be based on various psychological assessments

and tested on those who have already been incarcerated.

{00137 According to an example, there is provided a method for using crime
similarities betwsen areas for crime analysis and prediction. A measure of
similarity for different regions is determined, thus allowing a group of similar
regions 1o be used to provide a larger crime data set. This information can be
used to build reliable models for crime prediction in regions with relatively low
counts for particular crimes. The ability {¢ combine crime data from regions
thus enables a predictive crime model to be built with belter accuracy. For
areas with a similar pattern of crimes over different periods of time, information
from one area can be used to predict crime in a similar area or areas. This
provides a more efficient approach (o managing resources, policies, and/or

strategies.
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{0014] In contrast to cities, in rural areas there is a sparse supply of data and
large policing areas may only be covered by a few police personnel. This
means that in many areas there are insufficient crime numbers for crime
analysis and predictions. In an example, a measure of similarity between
regions is used to identify exploitable patterns between similar areas. This “cold
start” problem is aided by the fact that crime similanily for, for example,
zip/postcode areas in segquential yvears remains largely unchanged, hence

providing the basis for crime predictions.

[0015] The methods described herein use known data (i.e. memory based
system) of where and when a crime was committed to enable prediction of
where and when a crime is likely to happen in the future. As such, a
recommendation or level of risk of crimes that are likely {¢ occur in the same
location or within a period of time can be provided, 1.e. a reoffending and crime
prediction model based on crime similarity can be developed. There may be
provided a calculation of an offender’s likelihood of re-offending and the
production of a list of the most likely individuals within a given location o re-
offend.

[0016] The production of a measure of similanty between one region and
another can provide a list of the most likely areas in which similar crimes occur.
Such a list of locations is helpful in reactive situations. Since the similarity
between two different locations is calculated using the similarity of the crime
types and times at each location, the police will be able to know both when and
in which areas crimes are likely 1o occur, given that a crime has or is likely to
occur in a similar area. In an example, these locations can be grouped into
clusters of similar locations. A list of likely offences within a location can be
provided and predicted, including when these offenses are most likely to occur.
To find this list of most likely residents o re-offend in a given location, a model
has been built, based on a Random Forests algorithm, with the ability to

accurately predict the re-offending behaviour of an individual offender.

{0017] Figure 1 is a schematic showing a police area, partitioned on relatively
small regions (UK postcodes) according to an example. A police area is
the area for which a territorial police force is responsible for policing. In the

present example this area is assumed {0 be large, with high variability of
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population and types of crimes across the area. It is further assumed that the
area is partitioned on relatively small regions (e.g. zip/postcodas), which do not

overlap and which jointly cover the entire area.

[0018] For example, the first four letiers of UK postcodes (e.g. BS34, CF23,
SA48) can be considered as regions. Figure 1 shows West Waleg’s partition
area 100 on postcode regions 110. Depending on a task, area properties,
population density, types of crimes, efc. different partitions of the area onto
regions can be considered, where larger/smaller regions are considered for
different partitions. In an example, muliiple partitions can be employed in
parallel. The results can then be combined in a voling, boosting, or ensemble
approach. As such, it is possible to find an “optimal” partitioning that optimizes
a cost function {&.g. one maximizing the similarity measure between closely

alike regions, etc.).

{00191 According to an example, a policing area A can be partitioned into

regions R, using, for example, a processor of a system, such that:

A= Rand R nR =0 forany i # j

{00201 1t 15 possible to identify regions that have similar crime statistics and
which remain stable over time, (e stable over fime crime similarity regions,
such that data for these regions have internal similarity and thus can be

effectively combined to create a reliable prediction model (for these regions).

{00211 According to an example, regions do not need to be spatially adjacent or
be similar at the same time period. The same policing area can be partitioned
on different regions and produce similarity clusters for different groups of
crimes, where a cluster relates to regions having similar crime statistics. For
regions with similarity over different periods of time: the information about
earlier regions can be used o anticipate the development in later regions. Thus,
if some types of crimes increased in one of the similarity regions, this
information can be used for successful crime management in similar regions. if
crime similarity of regions stays the same for a while but then changes, it can be
reported and investigated further, i.e. why was one arealregion subject to a

rise/decling of a particular type(s) of crime(s), whilst the other(s) was not?
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{00221 In an example, crime similarity can be valid for a subset of crimes (of
interest} and not for the entire set of crimes for regions. This information
provides a closer look at former similar regions and allows for the identification
of influencing Tactors, which can be leveraged from a more successful region{s).
I an example, one or a few regions from similarity clusters can be used for one
or more: testing/evaluation of the effects of new policies, new area
development, or deploying new policing methods. If proven 1o be effective, the

resulls can be rolled o to the entire cluster.

10023] Figure 2A is a flow chart for identifying regions with similar, temporally
stable crime profiles according to an example. Al block 210 a geographical
area is partitioned into multiple non-overiapping regions. At block 220 a set of
tuples representing a regional crime record comprising a sequence of offence
data is generated for each region. At block 230 a measure of similarity between

respective pairs of the multiple regions is generated.

10024] Further aspects are described below with reference o Figure 2B. In this
figure, blocks 210, 220 and 230 are the same as those described above with
reference to Figure 2A. Those aspects will not therefore be discussed again.

Rather, the additional aspects will be described.

{0025 Figure 2B also shows a flow chart for identifying regions with similar,
temporally stable crime profiles according 0 an example. The similarities
between locations are calculated and clustered. A location can be selected and
other locations can be recommended that may experience similar crimes at
similar times. At block 240 daia from selected regions is combined to form an
inter-regional crime record, where regions may be selected according o a
measure of similarity. For example, regions may be selected that have a
measure of similarity above a predetermined threshold value. At block 250 the
measure of similarity between respective pairs of the multiple regions may be
generated using a parameter representing a regional characteristic and/or using

crime records.

{00281 Figure 3 I8 a schematic showing sequential crime records for two
different regions (region 1, R 310 and region j, K 320) and differeni time

intervals according to an example. In an example, for each region R there
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exists a crime record C; {a sequence of crimes) ordered in time 330 as they
occurred. In each area there 1s a finite number of defined types of crimes. The
column "OffenceDesc” (offence description) 340 contains specific code words
for crime, e.g. “THEFT”, ‘CRIMDAM", “VIOLENCE". The total number of
different crime types recorded by police is well defined by local laws and

regulations and may be up to a hundred or a few hundred different crime types.

{00271 A dictionary of crimes, [, can provide an exhaustive list of all crimes for
an area, .g. types of crimes that occur within various locations within a dataset
and the times at which they occur. A criminal record for a region from this area
during some time interval is represented as a sequence of elemeants from D, In
an example, compound crimes (analogous to compound words) can also be
used. For example, “grand larceny auto” + “drug dealing” can be a compound
crime as there is a causal link between the act of stealing a car and drug

dealing.

[0028] The measure of similarity is indicaied by Sym for such sequences o
identify similar regions, and thus cluster the area. As such, constructed
measures of similarity can be used to perform clustering (unsupervised
learning) or {0 group regions with similar crimes together. For example, TF-IDF
vector representation can be used directly to perform K-mean clustering. Other
examples include Speciral Clustering and Affinity Propagation Algorithms,

which require only simiarity measures.

[0029] In an example, “users” in the dataset can be considered o be various
iocations within a police dataset, with “items” representing information about
each crime, and a “rating’ representing the number of crimes of that particular
combination that happen within that location. Crimes in a particular location can
be envisioned as a text, with words being crimes in their sequential order:
technigues from text classifications can then be applied o group the locations
into similar “topics”.  According to an example, to design a ‘recommender
system”, coliaborative filtering can be used. Collaborative filtering is a method
by which information representing the interests of several different users can be
coliaborated together to form auwtomatic predictions about the interests of

ancther user. In this case, the distributions of crime within different locations
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can be grouped together to form automatic predictions about the crime

distributions of another area.

{00307 According 1o an example, a numerical measure of similarity for two
regions can be determined, which remains stable over some period of time for

different regions, and which thus follow similar crime patterns.

[0031] For example, each crime record C; may be considered as a bag of
crimes from 0. The “Jaccard” similanity {or TF-IDF similarity) of two bags A and
B is defined by:

Zmlﬁn(_nx(ﬁf}?nx(gﬁ
Svin( A, B)= %
Sym{ A4, B) Z(ﬁ)((j@_{__nx(g»

where ndA) s a number of occurrences of crime x inbag A

[0032] Collaborative Tiltering is based on the assumption that if two users, A and
B, rate a series of n items similarly, or have similar behavior (e.g. buying items
on an e-Commerce site, listening to songs on a digital music listening site), they
will continue to rate and act on those Hems similarly in the future. For each pair
of regions R and ;, a corresponding similarity value can be computed using a
orocessor of the system and organized inte a matrix My = Sym (R, R). The

matrix is symmetrical as the measure is commutative Sym (A, B) = Sym (B, A).

{0033] Figure 4 is a schematic showing a sample measure similarity matrix 400
computed for three regions: R1, RZ and R3. The maximum value is reached on
the second diagonal (shaded boxes 410), where each region is compared to
itself Sym (A, A)=0.5.

{0034] Jaccard similarity is not the only measure of similarity that can be
introduced {0 compare regions. In an example, TF-IDF vector representation
and cosine similarity may be used. In an example, every region can be
represented by vector where the length equals the total number of crimes. For

example, for a crime x and region A, the Ay component equals:
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max (1, (A4) | N, + J

n.(A) (1 N

where N is the total number of regions and Ny is the number of regions where

Crime x OCcurs.

10035] After defining vector representation of each region, it is possible to use a
processor of the system to calculate the similarity as a cosing similarity of

vactors:

AB _ Si: Ay §?t

Loi=1 i=3 3

Here A and 8B are the TF-IBF veclors for any two separate locations within the
datasel. 4; and B; are, therefore, the components of these vectors A and B

respectively.

{0036] Figure 5 is a schematic showing a visualization of the measure similarity
{as described above with reference to Figure 4) for over one hundred regions in
different periods of time (2010, 2012, 2014), where denser areas correspond o
higher similarity. Along the x and y axes are the many regions {postcodes) and
the maximum value diagonal 520 is shown. [t can be seen that crime similarity
for regions in sequential years remains largely unchanged providing the basis

for prediction.

[0037] The Jaccard Similarity for bags is defined for two bags A and B by
counting an element n times in the intersection, where n is the minimum number
of times that element appears in either A or B. The union is then defined by
counting for the element the sum of the number of times that element appears
in both A and B. This results in a visualization or “heat map” of a similarity
matrix for a dataset. in this example, the similarity matrix is for crime data from
2010 and locations are divided by posicode sector. Darker areas indicate
greater similarity, while brighter areas indicale less similarity between the two

locations in question.
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{0038] In Figure 5, there is a patiern that can be seen within the similarity matrix
and whether this pattern holds over time must be established in order o
determine whether or not coligborative filtering techniques are appropriate for
this particular data set {of around two hundred pairs of regions/postcodes). In
order to Hlustrate the validity of the assumptions that individuals who held
similar opinions in the past will continue to do so in the fulure and that
individuals will like similar kinds of items in the future as they did in the past,
plots of the similarities for various years and months can be produced within the
dataset (2010, 2012, 2014). As shown, the pairwise similarities betwesen the
locations in this dataset do not change from year to year, indicating that therg is
no significant seasonal or yearly trend in the patiern of similarities. As such, the
assumption that a "user's preferences” (i.e. a location's crime patterns) do not
change over time appears to hold. To make the precomputed similarity matrix
usable, clustering algorithms are run on the matrix {o discover the hidden
groupings within the datasel. An example of two suitable algorithms are the
Spectral Clustering and Affinity Propagation algorithms. It is noted that it has
been found that the clusters shown cannot be seen based on a simple

ruralfurban classification of locations.

{0039] Alternatively, or additionally, the similarities between posicodes may be
visualized using a t-distributed stochastic neighbour embedding (1-SNE)
visualization, as shown in Figure 8A. Figure BA is a schematic showing a visual
analytic of clusters having similar crime statistics according to an example,
where regions in the area are represented by labels on the curve. In this
example, it can be seen that there is no well-defined strong clustering but
postcode areas of similar crimes are grouped along the one-parametric curve
610. This visualization allows for visual analylics to be built for police officers
oroviding a befter understanding of crime similarities. In an example, visual
analytics could use Tanimoto's of similarity and distance as well as Jaccard

bitmap similarity is considered.

[0040] Figure 8B is a schematic showing clusters of similarity that are marked
by circles and where regions in the area are represented by labels on the curve.

Figure BB shows circles 8620 around points {regions or posicodes) which are
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closer on the parametric curve and hence have a more similar crime struciure,

e. darker edges between postcodes tell us that regions are more similar.

{00411 By using k-mean or hierarchical clustering, we can combing many
regions in several groups and train machine leaming models with more data
and better modelling of specific crime behaviours. The curves shown in Figures
oA and 6B give an estimation on how many clusters there should be in K-mean
or hierarchical clusiering (where the number of clusters is a parameter that

should be fixed before using clustering algorithms).

[0042] The present disclosure presents a method for generating a temporally
stable measure of the similarity of crime profiles between regions in an area.
The similarity measure can be used to cluster regions by crime profile, the aim
being to better enable law enforcement to direct services or predict future
frends. The methods described herein assists the police in the allocation of
increasingly limited resources, especiaily in the face of budget freezes and

government cuis. it provides a way to predict types of crime and reoffenders.

10043] The present disclosure addresses one of the key problems of policing in
rural areas: dealing with statistically low numbers of different crimes in some
vast, low populaied areas. Numbers are not smaill from a policing and crime
prevention point of view, but insufficient for building Machine Leaming models

for individual crimes in particular areas.

[0044] Given historical records of crimes in policing areas and their partitions
{regions} the methods described herein determine a stable measure of
similarity, which allows identification of areas with similar patterns of crimes,
which occur over the same period of time or over separated similar periods of
timae. Combining regions of similar crime patterns over a period of time, it 1S
possible to collect accurate and reliable data for areas of crime pattern
similarity, thus building bespoke prediction modeis for different group regions or
clusters. This can provide clues to questions such as what are the factors for
such behaviour, for example average/median salary, depreciation index or

something else.
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{0045] The methods described predicts crime on g crime by crime basis for all
crimes within the dataset. This removes the need to carry out costly
psychological assessments on offenders, or to wait until the individual has
carried out enough crimes o be brought into custody, ie. from the very first
crime that the offender commits, it is possible to predict what their next move
will be, based on the profile developed for the subset of offenders matching this

individual.

[0046] The approaches described may not be limited to crime predication but
may be exiended to predict other trends based on data analysis of other log-
files, including those associated with equipment and systermn monitoring and

diagnostics.

00471 Examples in the present disclosure can be provided as methods,
systems or machine-readable instructions. Such machine-readable instructions
may be included on a computer readable storage medium (including but not
limited to disc storage, CD-ROM, optical storage, eic.} having computer

readable program codes therein or thereon.

{0048] The present disclosure is described with reference {o flow charts and/or
block diagrams of the method, devices and systems according to examples of
the present disclosure. Although the flow diagrams described above show a
specific order of execution, the order of execution may differ from that which is
depicted. Blocks described in relation to one flow chart may be combined with
those of another flow chart. In some examples, some blocks of the flow
diagrams may not be necessary and/or additional blocks may be added. it shall
be understood that each flow and/or block in the flow charts and/or block
diagrams, as well as combinations of the flows and/or diagrams in the flow

charts and/or block diagrams can be realized by machine readable instructions.

{0049] The machine-readable instructions may, for example, be executed by a
general-purpose computer, a special purpose computer, an embedded
processor or processors of other programmable data processing devices 1o
realize the funclions described in the description and diagrams. iIn particular, a
Orocessor or processing apparatus may execute the machine-readable

instructions. Thus, modules of apparatus may be implementad by a processor
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executing machine readable instruclions stored in @ memory, or a pProcessor
operating in accordance with instructions embedded in logic circuitry. The term
‘processor is to be interpreted broadly to include a CPU, processing unit, ASIC,
logic unit, or programmabile gate set etc. The methods and modules may all be

performed by a single processor or divided amongst several processors.

[0050] Such machine-readable instructions may also be stored in a computer
readable storage that can guide the computer or other programmable data

processing devices {0 operate in a specific modea.

(00511 For example, the instructions may be provided on a non-transitory
computer readable storage medium encoded with insiructions, executable by a

processor.

{0052 Figure 7 shows an example of a processor 710 associated with a
memory 720, The memory 720 comprises computer readable instructions 730

which are executable by the processor 710, The instructions 730 may comprise:

Instructions to pariition a geographical area into multiple non-overlapping

regions,

instruction to, for each region, generate a set of tuples representing a regional

crime record comprising a seqguence of offence data; and

Instructions to generate a measure of similarity between respective pairs of the

multiple regions.

[0053] Such machine-readable instructions may also be loaded onto a computer
or other programmable data processing devices, so that the computer or other
programmable data processing devices perform a series of operations to
produce computer-implemented processing, thus the instructions executed on
the computer or other programmable devices provide a operation for realizing
functions specified by flow(s) in the flow charts and/or block(s} in the block

diagrams.

[0054] Further, the teachings herein may be implemented in the form of a
computer software product, the computer software product being stored in a

storage medium and comprising a plurality of instructions for making a
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computer device implement the methods recited in the examples of the present

disclosure.

{00551 While the method, apparatus and related aspects have been described
with reference to certain examples, various modifications, changes, omissions,
and substitutions can be made without departing from the spirit of the present
disclosure. In particular, a feature or block from one example may be combined

with or substituted by a feature/block of another exampie.

{00561 The word "comprising” does not exclude the presence of elements other
than those listed in a claim, "a" or "an"” does not exclude a plurality, and a single
orocessor or other unit may fulfil the functions of several units recited in the

claims.

{0057] The features of any dependent claim may be combined with the features

of any of the independent claims or other dependent claims.
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CLAIMS

1. A method for identifying regions with similar, temporally stable crime

profiles, the method comprising:
partitioning a geographical area into multiple non-overlapping regions;

for each region, generating a set of tuples reprasenting a regional crime

record comprising a sequence of offence data; and

generating a measure of similarity betweean respective pairs of the

multiple regions.
2. A method as claimed in claim 1, further comprising:

generating a measure of similarity between respective pairs of the

multiple regions using a parameter representing a regional characteristic.
3. A method as claimed in claim 1, further comprising:

generating a measure of similarity between respective pairs of the

multiple regions using crime records.
4. A method as claimed in claim 1, further comprising:

combining data from selected regions to form an inter-regional crime

record.

5. A method as claimed in claim 4, wherein regions are selected according

to a measure of similarity.

6. A method as claimed in claim 5, wherein regions are selected that have a

measure of similarity above a predetermined threshold value.

7. A method as claimed in claim 1, wherein generating a measure of
similarity comprises calculating one of a Jaccard similarity coefficient and a
term-frequency inverse document frequency vector representation and cosing

similarity between respective pairs of the multiple regions.
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8. A non-transitory machine-readable storage medium encoded with
instructions executable by a processor for identifying regions with similar,
temporally stable crime profiles, the maching-readable storage medium

comprising instructions {o:

generate a data structure comprising multiple parts representing a
regional crime record comprising a sequence of offence data for respective

ones of muitiple regions subdividing an area of interest; and

comparing a measure of the similarity between respective pairs of the

multiple regions.

8. A non-transitory maching-readable storage medium as claimed in claim

8, further encoded with:

instructions (o generate a measure of similarity between respective pairs

of the mulliple regions using a parameter representing a regional characteristic.

10. A non-transitory machine-readable storage medium as claimed in claim

8, further encoded with:

instructions to generate a measure of similarity between respective pairs

of the multiple regions using crime records.

11. A non-transitory maching-readable storage medium as claimed in claim

8, further encoded with:

nstructions {o combine data from selected regions to form an inter-

regional crime record.

12. A non-ransitory machine-readable storage medium as claimed in claim

8, further encoded with:
instructions to select regions according to a measure of similarity.

13. A non-transitory machine-readable storage medium as claimed in claim

8, further encoded with:
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instructions {o select regions with a measure of similarity above a

predetermined threshold value.

14. A non-transitory machineg-readable storage medium as claimed in claim

8, further encoded with:

nstructions {o calculate one of a Jaccard similarity coefficient and a term-
frequency inverse document freguency vector representation and cosine

similarity between respective pairs of the multiple regions.

15, A non-transitory maching-readable storage medium as claimed in claim

8, further encoded with:

instructions to cluster multiple regions into groups.
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