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Abstract: In the constantly growing and widening field of forensic science, crime maps are
used in versatile ways. The representation of the data and analysis could offer some steps
toward crime prevention and helps understand patterns, in terms of a timely distribution of
crime types. Clustering is able to help identify criminal hot-spots and additional analysis
may determine which areas require intervention. The aim of this study is to present an
analysis of criminal information related to Hungary, in annual and monthly breakdown.
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1 Introduction
Computational intelligence (CI) methods are up-to-date IT approaches dealing
with:

e Very complex problems

e Non-deterministic problems

e Uncertainty (not only Bayesian)

Cl includes fuzzy systems [1] (applied in this study), evolutionary computation,
and artifical neural networks.

The goal of this study is the identification and analysis of criminal hotspots (where
far more crime cases happened than elsewhere, in a given area) in order to
improve crime prevention, using Cl methods.

To reach this goal the following steps will be carried out:
e Choose several types of crime, for detailed analysis
e  Gather the related criminal data in a monthly breakdown

e Choose a (fuzzy) clustering method, for identification of geographic
areas with similar patterns

e  Generate (fuzzy) clusters
e  Generate Dynamic maps, presenting their clusters
o Develop a Time series analysis and evolution

Considering certain types of crime in Hungary having a very low occurrence and
so it is not possible to analyse them (for example car break-in). Bodily harm and
burglary have been chosen for further investigation.

Pre-stat is a criminal database which was used to gather the required input data

[2].

2 Preceding Research

As the initial step in the current study, in the earlier phase of this research, certain
annual data for the years between 2010 and 2017 were used. The data have been
graphically represented in 2D and 3D formats to show extreme areas, trends and
predictable future tendencies. We attempted to interpret the charts and recorded
the appropriate conclusions in a structured way. These new results were presented
verbally at some conferences and published in a conference article [2].
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The continuation of this research (published in the present paper), monthly
breakdowns were used instead of the annual data, and a more sophisticated
analysis has done, and so it would be possible to draw more in-depth conclusions
and deepen the understanding of the phenomena.

3 The Public Administration Structure of Hungary

Hungary is divided into 7 regions, which include 19 Counties (in Hungarian;
megye) and the capital (févaros), Budapest, as shown on Fig. 1, with the
highlighted town of Gy6r, where this study was performed.

Counties are divided into 197 districts (jaras):
e 174 within the Counties (jaras)
e 23 in Budapest (keriilet) — as shown on Fig. 2, with roman numbers
e Additionally, 23 individual towns are considered as districts

In this study, these 197 districts are considered single (homogenous) units.

Inside the districts, there are 322 towns, among them 23 cities with county rights.

126 ”large municipalities” (varos) among them and 2683 other municipalities
(kozség) [2].

BORSOD-ABAUJ-ZEMPLEN

VESZPREM
VESZPREM o

Figure 1
Public administration structure of Hungary
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Figure 2
23 districts which are located in Budapest (in Hungarian: kerlet)

4 Pre-Stat, the Structure of the Gathered Data

As mentioned above, Pre-Stat (available on
https://prestat.lechnerkozpont.hu/bunmegelozes/ for hungarian citizens) is an
interactive map of Hungarian crime data with database export features. Pre-Stat is
not only for downloading databases, but it also provides generated maps as it can
be seen on Fig. 3 as an example (for the given period and crime type, green means
small number of cases, while red means high intensity of crime). It may be
considered as a good example for an interactive up-to-date crime map system. The
following data were downloaded from the Pre-Stat website for the two crime types
mentioned (bodily harm and burglary, which were chosen for further
investigation):

e Average criminal acts per 100,000 inhabitants, between 2010 and 2017
for 197 districts, in an annual breakdown

e Average criminal acts per 100,000 inhabitants, between 2013 and 2017
for 197 districts, in a monthly breakdown

Each district is represented with the coordinates of its seat on the related maps [2].
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Figure 3
Sample image for Pre-Stat

5 Clustering Methods

5.1 The Aim of Using a Clustering Approach in this Study

The aim of this work is to determine the “crime hot-spots” consisting of several
districts which are areas on the map with crime intensity of various levels. The
crime hotspot detection and analysis can help with the decision making of the
police to suggest where police actions need to be focused. Time series analysis can
also help with the allocation strategy of a police force, by showing and predicting
the tendencies of crime intensity [2].

5.2 Clustering in General

Clustering is an essential data mining tool that aims to discover inherent cluster
structure in data [2] [3]. Its aim is to form clusters of objects (patterns), so that
similar objects are grouped into the same clusters and different objects are
grouped into different clusters [2] [4]. There are several methods known for
clustering into vague clusters (with uncertain, maybe, overlapping borderlines),
among various advantages and disadvantages [2].
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5.3 Fuzzy C-Means Clustering (FCM)

The FCM algorithm is a clustering method which allows one instance of data to
belong to two or more clusters with different degrees of membership. It is based
on a clustering algorithm developed by Dunn [5] and later “fuzzified” and
improved by Bezdek [6]. It can be used when the required number of clusters is
known (is pre-determined). In each iteration of the FCM algorithm, the following
objective function J is minimized: [2]

N

J = ZZMJH% _}”2 (1)

1=1 j=1

For a given data point x;, the degree of its membership to cluster j is calculated as
follows:

1
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where, m is the “fuzziness coefficient” and the center vector ¢; is calculated as
follows:
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5.4 Generating Clusters by the FCM Method

As mentioned in this work, the FCM algorithm was used for creating clusters. The
coordinates of the seats of the districts and the corresponding crime intensities
served as an input of the algorithm. The number of clusters was chosen to be 30,
based on expert estimation. (Experiments with less and more clusters lead to less
interpretable results while choosing 30 was lead to present the best results.)

Because of presence of fuzzy clusters, technically, every district is included in
every cluster, but with various (seatings low) membership degrees. For assigning a
given district to a primary cluster, the cluster with the highest membership value
has chosen.

If two districts were geographically close to each other, and if the number of crime
acts were similar, they were merged into the same cluster.
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For generating clusters by the FCM algorithm the corresponding Matlab toolbar
was used [2]. Using this technique, crime hot-spots will appear, their position are
formed and determined.

6 Generating Crime Maps

2D and 3D crime-maps were generated visualizing the clusters and the crime
intensities [2].

In the 2D maps the centres of the clusters are marked and the average crime act
values within the clusters are indicated. Based on these maps, we propose, that in
the districts belonging to clusters with high criminal act numbers, further police
intervention is necessary, and that very unpredictable behavior of a cluster needs
deeper investigation and possibly additional intervention [2].

The 3D crime maps show the problematic regions with high crime intensity [2]
(see Figs. 8-13).

To summarize, the following crime maps were prepared (272 in total):

e Average criminal acts per 100,000 inhabitants, between 2010 and 2017
for 197 districts, in annual breakdown, burglary, 8 pieces of 2D maps

e Average criminal acts per 100,000 inhabitants, between 2010 and 2017
for 197 districts, in annual breakdown, bodily harm, 8 pieces of 2D
maps

e Average criminal acts per 100,000 inhabitants, between 2010 and 2017
for 197 districts, in annual breakdown, burglary, 8 pieces of 3D maps

e Average criminal acts per 100,000 inhabitants, between 2010 and 2017
for 197 districts, in annual breakdown, bodily harm, 8 pieces of 3D
maps

e Average criminal acts per 100,000 inhabitants, between 2013 and 2017
for 197 districts, in monthly breakdown, burglary, 60 pieces of 2D maps

e Average criminal acts per 100,000 inhabitants, between 2013 and 2017
for 197 districts, in monthly breakdown, bodily harm, 60 pieces of 2D
maps

e Average criminal acts per 100,000 inhabitants, between 2013 and 2017
for 197 districts, in monthly breakdown, burglary, 60 pieces of 3D maps

e Auverage criminal acts per 100,000 inhabitants, between 2013 and 2017
for 197 districts, in monthly breakdown, bodily harm, 60 pieces of 3D
maps
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Figs. 4-13 are presenting visualized data for each counties. The counties are
represented with dots, and the colours are showing which dots are in the same
cluster (Figs. 4-7), or the crime intensity (Figs. 8-13). These dots together are
forming the recognizable shape of Hungary, so the axes can be matched with
geographical coordinates. However, the geographical location of the country is
irrelevant, therefore, they are not better marked.

6.1 2D Maps

In total, 136 pieces of 2D maps were generated for each year between 2010 and
2017, for each month between 2013 and 2017, and for the previously mentioned
two crime types. Then the crime intensities of the clusters were calculated. The
clusters with high membership values indicate high risk areas. The centers of the
clusters in the maps are marked with an ”X” (see Figs. 4-7) [2].
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Figure 4

2D map of the burglary in January of 2013
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Figure 5
2D map of the bodily harm in July of 2017
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Figure 6

2D map of the burglary in 2012

Fig. 6 shows the 2D map of the burglary in 2012. The
Hungary can be easily recognized considering the dots.

outlines and shape of
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Figure 7

2D map of the burglary in March of 2013

6.2 3D Maps

Comparing the 3D maps of bodily harm in 2010 and 2017 (Figs. 8 and 9, show
crime intensities) it can be concluded the crime prevention strategy in the North-
Eastern region of Hungary is successful, however it still remained the most
dangerous region in terms of bodily harm [2].

Figure 8
3D map of the bodily harm in 2010

~146 -



Acta Polytechnica Hungarica Vol. 16, No. 10, 2019

In the early 2010 year, Budapest and its surroundings showed the highest
burglary crime rate, but because of its decreasing tendency nowadays North-
Eastern region of Hungary has the highest intensity (Figs. 8 and 9) [2].

Figure 9
3D map of the bodily harm in 2017

Figure 10
3D map of the burglary in 2011
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Figure 11
3D map of the burglary in 2017

Figure 12
3D map of the burglary in November of 2014

Figure 13
3D map of the bodily harm in February of 2014

~148 -



Acta Polytechnica Hungarica

Vol. 16, No. 10, 2019

6.3 Dynamic 3D Maps for Investigating the Changes

Using the 3D maps, dynamic animated 3D maps were generated to analyse
behavior in time, during the 8 years of available data [2]. They are embedded into
a presentation which is uploaded to researchgate.net website [13].

Considering the data for the burglary in monthly breakdown between 2013 and
2017, it is possible to observe certain tendencies and features, especially if the
animations are considered as 3D charts. The same phenomena in certain areas of
the country may occur in some given months in every single year. For instance,
the values in a given area are very high in March, meanwhile they are very low
everywhere in April. Conclusions drawn from the available data are as follows:

e January of 2013

e  March and October of 2013

e  September of 2014

e  October of 2014

e May of 2015

e February in every year

e March in every year

e Jul/Aug/Oct in each year

The same for the bodily harm:

e Jan/Feb/Apr/Oct in each year

e August in every year

e November of 2013

e March of 2014

The values are rather high in the
Northern part of Hungary.

The values are low for all
Hungary.

The values are rather high in the
South-East part of Hungary.

The values are high in all
Hungary.

The values are high in all
Hungary.

The values are high near to the region
of the lake Balaton.

The wvalues are low in all
Hungary.

The values are high near to
Budapest.

The values in the Northern part of
Hungary are rather high.

The values are moderately high near
to Budapest.

The values are high near to the lake
Balaton.

The values are high near to the lake
Balaton.
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e June of 2014 The values are very high near to
Balaton, while everywhere else the
values are much more lower.

e June of 2017 The values near Kecskemét are
rather high, while everywhere else the
values are much lower.

7 Time Series Analysis

Time series analysis could be used because changes in time could describe the
behavior of fuzzy clusters much more precisely and indicate the success or lack of
success of the current police prevention strategy in the regions [2].

The prevailing trend could be:

e Decreasing — the actual crime prevention programs are working
correctly, they should be continued

e Increasing — likely, the tendency will continue to grow, thus, further
intervention is necessary

¢ Random behavior (stagnation or unpredictable) - not time-related,
random. In the latter case, further analysis is needed, searching for
other clusters.

Figure 14
Burglary (time independent) clusters labeled by numbers
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Figure 15
Bodily harm (time independent) clusters labeled by numbers

Figs. 14 and 15 show the labelled clusters for burglary and for bodily harm. The
areas and the centres of these clusters are changing year to year, but not so
extremely, so it is possible to identify more or less matching clusters in time.
Using these numbered maps, it was possible to create a time series. It means, that
the data for every available years was gathered into table form, using Figs. 14-15
helps to decide which actual annual cluster belongs to which general cluster, so
where to put the data inside of the table. The result is presenting data rows for
clusters on Figs. 14-15, for the entire time period which was examined. Using this,
it is possible to draw as many charts as there are clusters on Figs. 14-15, for each
crime types.

7.1 Burglary

Fig. 16 shows the changes of burglary crime intensity of the clusters in time.
Most of the clusters indicate decreasing tendency or stagnation. However, cluster
#19 presents randomly behavior with unexpected high values alternating with
lower crime rates. Here, further detailed analysis is necessary [2].
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Figure 16
Time series of the burglary (2010-2017)

7.2 Bodily Harm

Similarly to burglary most of the clusters show decreasing tendency of bodily
harm. There are also some clusters with random behavior (Fig. 17) [2].
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Figure 17
Time series of the bodily harm (2010-2017)
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8 Further Technical Tools and Goals Suggested for
the Future Research

In the preceeding work [2] of this research some initial steps were made in the
field of crime map generation and its analization using the rough preprocessing of
the collected data.

Then, the research was continued, using much more precise data, which made it
possible to draw even further, more precise conclusions.

Fuzzy clusters help identify approximate areas of similar behavior, and thus
suggest further police intervention (or lack of further investigation) areas/districts
— independently, from the public administration borders. The time dependent
behavior of these clusters reveal tendencies, and suggest further aspects of
intervention. These tendencies and changes should be matched with historical data
on past interventions and connections must be searched. Very irregular behavior
may indicate unknown effects in the area and needs deeper analysis [2].

In the future research, instead of using districts in Hungary, towns, zip codes or
even GPS coordinates could be used to reach more precise results.

A possible improvement could be to use the [7] DBMEA evolutionary-memetic
algorithm or [8] the Gath-Geva method (instead of Fuzzy C-Means — FCM [12])
to produce more precise clusters.

Smoothing and filtering the data would be possible using [9] wavelet transform
(which was first used and mentioned by A. Haar in his article about the Theory of
Orthogonal Function Systems in 1910 [10] [11]).

The time series analysis part of the research could apply the traditional (statistical)
Box-Jenkins method (named after G. Box and G. Jenkins) or other methodologies

[2].

Considering more types of crime would make the study more comprehensive and
useful, while proving cross-correlation between types of crime could help even
more in crime prevention as well as crime forecast by various time series
prediction approaches [2].

Conclusions

The preprocessing and the fuzzy clustering of the data clearly identified some
areas of higher criminal activity (crime hot spots), and also the behavior of these
areas, in real-time, was identified. The sub-normalization of the fuzzy clusters
(assigning the heights of the clusters corresponding to the absolute crime
intensities) point out problem areas, where the number of certain types of crimes is
higher than the average. The tendencies of these crime hot spots in time
(increasing, stagnating, decreasing, or random) may be the starting points for
further police intervention. The first two tendencies, especially the increasing
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tendency, mark the areas where immediate urgent intervention is necessary. It may
mean the increase of the police force on spot, mounting more video cameras for
observing public areas, or education, creating jobs, etc. A decreasing tendency is
an indicator of proper police measures and regulations being carried out in any
given area. Random behavior may be enigmatic, or the result of some sudden
change in the general conditions, and these areas need further deeper investigation

2.

In future work, a full analysis of the time dependent behavioral patterns will be
applied, and alternative clustering techniques may be compared, when they
represent true images of statistical observations [2].

It is important to refine the investigations towards potentially periodical behavior
within the year (connected to holiday seasons, mass events, etc.) and clusters
depending on the part of the year (clusters of groups of weeks or days) should be
identified. Having these results, police intervention measures may be
recommended, in terms of exact places and times [2].
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