reviewed paper

Exploring Crime Hotspots: Geospatial Analysis and B Mapping

Markus Wolff, Hartmut Asche

(University of Potsdam, Department of Geography,G&information Research Group; Karl-Liebknecht{&ra4/25, 14476
Potsdam, Germany, Markus.Wolff@hpi.uni-potsdamgildab@uni-potsdam.de)

1 ABSTRACT

This contribution presents a combined set of metteodl techniques for geospatial analysis and 30pmgp

of crime scenes. Geospatial clusters of robbergexcare identified by applying methods of geoinfation
science. Once hotspot areas are identified, relsitips between robbery clusters and their spatial
neighbourhood are analysed by including the urlmariext. For this purpose numerous geospatial data a
well as a three-dimensional city model is incluftlmdanalysis. To verify whether there exist anyretations
between specific urban features and existent rgbtlasters, statistical analyses are conducted.ré&belts

of these analyses are visualised within a threeedgional geovirtual environment. At this point gesisal
analysis is complemented with three-dimensionalige@lization techniques. This combination of crime
mapping methods with innovative 3D geovisualizatiefps to facilitate an instant grasp of compleatish
phenomena in the field of crime mapping — for bttle, public and responsible decision makers.

2 INTRODUCTION

Within the discipline of crime mapping geographidormation systems (GIS) are widely used. Because
crime scenes can virtually almost be localisedpace — inside or outside of a building — a GIS ban
considered as an adequate tool for managing argisargacrime data. Both, in academic research and i
practical law enforcement GIS is applied for thalgsis and the mapping of crime data (Murray e2@Ql).
Digital analysis and mapping of crime offers a nembf benefits, particularly in the following fieddof
applications: operational policing purposes, crprevention, informing and interaction with the coomity,
change monitoring in the distribution of crime owene and evaluation of efficiency of crime prevent
initiatives (Hirschfield and Bowers, 2001).

Subsequent to geospatial analysis of crime scetasets, the results have to be communicated toadbr
audience. For this purpose thematic maps are credteerefore, cartographic visualizations can be
considered as fundamental to communicate the o@sahcrime analyses. However, those crime maps are
predominantly presented in form of two-dimensiosiatic maps. Frequently these maps show pattern- or
feature distributions, for instance the spatialatén of crime hotspots related to certain offence

The approach presented in this paper is twofolfirsitrobbery scenes are geospatially analysedti@e2).
This step contains the analysis of robbery scetterpa in order to discover regional clusters (ac2.1).
Once identified, in-depth analysis of the hotsgetas performed (Section 2.2). Positions of roplseenes
are statistically tested for spatial correlationghviheir particularly neighbourhood. For this posg other
geospatial data is included for analysis as, fstaince, the road network and pedestrian frequencies

The second part of the approach explores the pateftusing interactive three-dimensional visuatians
to communicate the findings of geospatial crimenscanalysis to a broader audience — e.g. decisakers
that might not be accustomed to map reading. Toered three-dimensional geovirtual environmenthef t
study area is created. Into this environment theasues of crime scene analysis are integratedi(Beg).

While GIS is used for all kinds of spatial analydise interactive environment is modelled with a 3D
visualization system. This process of linking GI&1&8D-VIS finally broadens the spectrum of geospati
crime scene analysis and crime scene mapping biitdtieg an intuitive comprehension of complex
geospatial phenomena — to both, decision makesgéarity agencies as well as for authorities rdlate
urban planning.

3 DISCOVERING ROBBERY HOTSPOTS

This section deals with geospatial analysis of esplerime scene data. Methods of geoinformatioarsx
are applied to process crime scene data and talrspatial clusters of crime. Furthermore, it igw@pted to
identify particularly spatial elements which migbkplain why a robbery hotspot exists in its given
boundaries.
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3.1 Determining the hotspots

Crime scene data for analysis is obtained frompthlece headquarters of the German city of Cologre
dataset represents robbery crime scenes for the2@€q whereas each robbery scene is representad as
individual point, geocoded by x and y co-ordinatBeyond these co-ordinates each point has further
attributes describing the time of the offence. deniify areas that are characterised by a highemecr
density than other areas, hotspot analysis is adadu(Chainey and Ratcliffe 2005, McCullagh 2006,
Ratcliffe 2004 cited in Boba 2005, Bowers et aD£20

Hotspot analysis is achieved by transforming trserdite point distribution of crime scenes to a ionatus
surface of crime scene density. For that purposeckelensity estimation (KDE) technique is appli8dith

et al. 2006, Williamson et al. 2001). Based onwewipoint dataset, this technique calculates awhdse

cell values represent density values related teréain surface measure (for instance number ofesim
scenes per square kilometre). For this purpose EIDBrithms overlay a study area with a grid of user
definable cell size. In a second step, density esmltor each cell are calculated — depending on the
implemented kernel density function (cf. Smith et2006). For the analysis presented in this paper
ArcGIS system, version 9.2, is used. Here KDE iglamented with a quadratic kernel density function:

gj:%(l—tz),

with t = dij /h , h as bandwidth, i as robbery scene position

f<1

The value at each grid location gj with distangefrdim each robbery scene i is calculated as tine clall
applications of the kernel function over all evpaints of the crime scene dataset. Therefore twanpaters
are crucial for every KDE-analysis and have to fecgied: cell size and bandwidth. The cell sizeapzeter
defines the resolution of the resulting grid, tledwidth describes the size of the search radieshow
many crime scene locations (points) are used falyais. A large bandwidth includes a larger ared an
therefore more points into analysis than a smalerdwidth would include. Hence, a too large bantiwid
might hamper the identification of smaller hotspeihkile a too small bandwidth might result in mamall
clusters of crime. For KDE-analyses presentedisghper, a cell size of 20 meters and a bandvati490
meters are considered as appropriate. Howevetatkeof rules and standards concerning reliableguait
bandwidth parameterisation prompts Smith et al0§2@o conclude that bandwidth selection “is ofteore
an art than a science”. The decision for the 406eneearch radius is taken predominantly as thdtref
experimental studies: compared with other settirigs, 400 meter parametrisation produces the most
reasonable output. The resulting hotspot grid reveary clearly an inner-city hotspot-region while
simultaneously preserving the overall represematiocrime scenes (cf. Figure 1).
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Fig. 1: 2007 hotspot grid with robbery densitiefirdel as number of incidents per square kilometre.

Further hotspot analysis requires extracting hdtbpandaries from the KDE-grid. Since the grid esants
a continuous surface of crime density the definitad discrete hotspot boundaries is not straightfod.
However, to get a rough estimation of the boundtogal neighbourhood statistic is applied. This moet
compares each pixel value of the grid to the vabiéts neighbours: each pixel of the KDE grid anpared
to its 7 x 7 neighbourhood and the standard dewiatif crime density is calculated. This result@inew
grid, whose cell values represent standard deviatiues of robbery scene densities. Using thihatea
gradient of crime scene density is represented.hidieer the value, the higher is this gradient ofaatual
cell to its 7 x 7 neighbours. This value is finaliged to detect the hotspot boundaries. Based sualvi
exploration, standard deviation equal to 15 isrdefias the threshold value. Finally, the standaxdation
grid is reclassified: a third grid is created whallecells with standard deviation < 15 become Olevall
cells > = 15 become 1. After vectorisation of tiigl a simplification of the resulting polygonspsoceeded.
The result is polygonal boundaries of the thregdat hotspots (cf. Figure 2).
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Fig. 2: Simplified hotspot boundaries as identifigith focal neighbourhood statistics.

3.2 In-depth analysis of particular hotspot regions

Since previous analysis identified three large paits this section covers specific analyses ofeopbcenes
inside these areas. In a first step some overalagheristics of these regions are identified pylyapg GIS

methods. For that purpose the distribution of saviercilities in the city of Cologne (schools, r@asatants,
clubs, sights, banks and many more) is analyseddohn particular hotspot region (cf. Table 1, 2 3nhd

Feature Number
restaurant, diner 94
bank 12

club 9

public transport stop

parking place, car par}

hotels

book shop

pharmacy

supermarket

theatre, cabaret

cinema

sight

school

consulate

church

- R P ~
. P Nw_h\l\l

shopping centre

Table 1: Total number of specific facilities in bpbt region one.
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Feature Number
restaurant, diner 151
hotel 46
parking place, car park 24
bank 23
public transport stop 21
sight 16
pharmacy 14
museum 12
church 10
book shop 9
theatre, cabaret 7
shopping centre 6
supermarket 5
car dealership 3
club 3
stage, arena 3
railroad station 2
indoor swimming pool| 2
bus terminal 1
tourist information 1
consulate 1
post 1
town-hall 1
school 1
petrol station 1

Table 2: Total number of specific facilities in bpbt region two.

Feature Number
bank 7

restaurant, diner

supermarket

pharmacy

public transport stop

book shop
hotel
shopping centre

6
6
5
car dealership 5
5
3
2

stage, arena
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parking place, car park 1

police department 1

theatre, cabaret 1

Table 3: Total number of specific facilities in bpbt region three.

This analysis reveals distinct differences betwierthree hotspot regions. Except for restauramdsdaners
that are frequently found in all three regions,spot number one with its numerous clubs shows ecele
for a nightlife district. Similarly characterisesl adjacent hotspot region two: here tourism playsgor role
due to its high number of hotels, parking placesiseams and sights. Unlike hotspot three: banks,
supermarkets, pharmacies and car dealershipsnatinatr to the direction of a housing area.

Subsequently one can conclude that robberies gphbtegions one and two might be related to pickeb
predominantly, while hotspot region three seemédoa kind of social hotspot. Overlaying the hotspot
boundaries with a city map (cf. Figure 3) revedlat thotspot number one covers an area famousdor it
nightlife (“Rudolfplatz”, “Friesenplatz”). Hotspdwo is located in the very city centre of Colognan-area
that is highly frequented by tourists and for shingp Hotspot three finally is located in the distrof
Cologne-Kalk which is a former industrial locatiastith high unemployment rates.
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Fig. 3: Hotspot regions one, two (left image, bbudlines) and three (right image) on a city map.

Given the high pedestrian frequencies of inner-pigglestrian zones, position and frequency of rgbber
scenes are correlated with the number of pedestridinis expected, that many (few) robbery scearses
particularly be found near streets that are pa$sednany (few) people. To analyse this, a dataset is
integrated that represents average pedestrian thiovg) every road segment within the city of Cologrs
frequency values. This data is obtained from theM~Brequency Atlas of the German Association for
Outdoor Advertising (FAW). Frequencies are caladaas average values per hour on a working dag basi
for the years 1999 to 2005 (Data description FA¥Gérency-Atlas 2006). Technically speaking, one FAW
point exists with the corresponding frequency valder each road segment. Based on its geocoded
coordinates this point-based FAW information ieredd to the corresponding road segments via itguen
segment ID. Subsequently each robbery scene ignaskto the closest road segment.

Afterwards the road network carries two new thematitributes: the average frequency of pedestrians
passing this segment per hour and the total numbesbberies closest to it. Finally, robbery scened
pedestrian frequencies are tested for correlation.

For the whole city of Cologne a weak but significpositive correlation between the number of ofeenc
and the number of pedestrians (Spearman's ranglabon coefficient = 0.202, significant for p=0)0dan

be detected. Only little robbery is registered rieasegments passed by a few pedestrians. Howeydar

the most robbery scenes are not located closegimes#ts passed by the highest number of pedestrians.
Instead, most robberies (as analysed for the wtileof Cologne) are committed close to segmenss@a

by up to 45 pedestrians per hour (cf. Figure 4).

ProceedingREAL CORP 2009 Tagungsband ISBN:  978-39502139-6-6 (CD-ROM); ISBN:  978-395021B8  (Print) M
22-25 April 2009, Sitges. http://www.corp.at Editors: Manfred SCHRENK, Vasily V. POPOVICH, DIBNGELKE, Pietro ELISEI



Exploring Crime Hotspots: Geospatial Analysis and\3&pping

700

(2]
(=]
]

500

634
351
274
240
200
o |
0 - T T T T T T T

up to 25 26upto30 31uptod5 46upto 65 66upto100 101 upto 200 201 up to 400 > 400

N
[}
]

w
Q
S

n
(=]
]

i
Q
S

Number of robbery scenes closest to road segment

Average number of pedestrians per hour along road s egments

Fig. 4: Number of robbery offences compared to pe@m frequencies along road segments for theavbity of Cologne.

Afterwards the same analysis is conducted for thset of robbery scenes and road segments encbgled
the hotspot boundaries. Compared to the resultsepted in Figure 4, different relationships between
robbery positions and pedestrian frequencies aserobd. Figure 5 shows that in most cases the stlose
street segment to a robbery scene is frequentd®®wand more pedestrians per hour. Roughly theoailf
road segments with pedestrian frequencies equid@cand more pedestrians are located within theploot
boundaries (296 from 588 segments).
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Fig. 5: Number of robbery offences compared to pe@a frequencies along road segments for areiédeithe hotpot boundaries.

4 THREE-DIMENSIONAL MAPPING OF CRIME SCENE ANALYSIS

This section deals with the presentation of gedslpatime scene analysis. To facilitate an insigunaisp of
these complex geospatial phenomena, the resultysanare visualised with a three-dimensional urban
environment. To provide a basis for subsequent rurb@me data visualization, a three-dimensional
geovirtual environment is created for the city afl@yne. This geovirtual environment consists ofigital
terrain model, a 3D city model, high resolutionialephotography (25 cm/pixel), digital cadastralprand
further vector-based datasets including rivers, inthtnative boundaries and others (cf. Figure 63ing
GIS, all datasets are processed for 3D visualinatisfterwards the datasets are integrated into the
LandXplorer software, an appropriate system foermttive three-dimensional visualizations (Ddlleeil.
2006).

—E REAL CORP 2009: CITIES 3.0 — Smart, Sustainable, In _tegrative
Z] ‘ . . .
Strategies, concepts and technologies for planning the urban future
CITIES 3.0



Markus Wolff, Hartmut Asche

Fig. 6: Virtual three-dimensional environment of ttity of Cologne.

For visual analysis of hotspot areas the hotsgdtigrintegrated as a three-dimensional surfaae time 3D
geovirtual environment. This thematic relief faaites an intuitive exploration and interactive aisanalysis

of crime scene densities. In addition the surfaae be overlaid with various geocoded textures — for
instance with (classified) choropleth or isoplethp® of the hotspot grid or with topographic mags (c
Figure 7). This multiple feature coding of crimeese densities can be considered as an effective
visualization method to single out certain hotgegions.

Fig. 7: 3D visualization of a classified KDE suréac

To allow for further analysis this virtual enviroent is extended by a 3D city model. The analytarad
geovisual potential of 3D city models can be insteatal for decision makers working in security ages
concenring an instant comprehension of complexapattenomena related to urban security issuethisn
study a city model is used that consists of appnakily 22,000 buildings.
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To facilitate geovisual analysis in terms of conpgsingle buildings with the robbery hotspots, tily
model is combined with the KDE-hotspot grid. Figueshows hotspot area number two with the
corresponding 3D city model.

Fig. 8: 3D city model with additional hotspot tesdand crime scene positions.

To broaden this visual approach and to facilitatehier analysis, the minimum distance to the closes
robbery scene is calculated for each building. Basethe crime scene dataset an Euclidean-distaymizes
with a cell size of two meters is calculated. Epotel of this grid represents the distance to tseast crime
scene. This grid is combined with the city modet. éach of the 22,000 buildings those pixels ateated
that are included by the respective building footpi=rom this set of pixels that one with the Ietvealue is
determined — which is the minimum distance of thiding to the closest crime site. This value isledi to
the building database as a new attribute.

Afterwards, the building dataset is classified antbured according to these minimum distance vallbe
subsequent 3D visualization allows for exploringtipalar buildings of urban districts affected byhiagh
number of robberies in their neighbourhood (cf.urég9). This visualization facilitates an intuitigeo-
communication of each building’s distances from thasest crime scene. Since the distance values are
stored in the buildings database, further selestadrbuildings for analysis is supported.
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Fig 9: Minimum distances of each building to thesest robbery crime scene.

Finally, another 3D visualisation is produced tesaéed that depicts the number of robbery sceses a
assigned to the closest road segment (cf. Figureld®his Figure road segments are extruded acugitt

the number of robbery scenes closest to it. Thednithe segments, the more robberies are comnaibsd

to it. The colour of the segments represents padedtequency.
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Fig. 10: Robbery scenes aggregated to nearest egagesit.

5 CONCLUSION

This paper presented an approach for exploringegbhotspots by coupling geospatial crime scenéysisa
with 3D mapping methods. For this purpose robbegnes were analysed for spatial clustering by apgly
KDE techniques. This led to hotspot identificati®@ubsequently a method was presented to deterimine t

ProceedingREAL CORP 2009 Tagungsband ISBN: ~ 978-39502139-6-6 (CD-ROM); ISBN: 978-39502483  (Print) E
22-25 April 2009, Sitges. http://www.corp.at Editors: Manfred SCHRENK, Vasily V. POPOVICH, DIBNGELKE, Pietro ELISEI



Exploring Crime Hotspots: Geospatial Analysis and\3&pping

boundaries of hotspots. Based on these boundamieepth-analysis of certain hotspot regions was
conducted. Against this background methods of deoimation science were applied to typify these aagi

by analysing the distribution of certain urban lides. However, for further studies the 4th dimens
should be included in further analysis. Therefoegtrsteps in this project will comprehend time tetia
analysis of hotspot patterns.
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