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> Introduction/Motivation
Crime

Crime can be defined as breaking or breaching of criminal law (penal code) that governs a

particular geographical area (jurisdiction) aimed at protecting the lives, property, and the right of
citizens in that jurisdiction [1].

Crime is an offense against a person, or his/her property,

violation of socially accepted rules of human ethical or moral
larcenv Illllllleﬂl

; f—ﬂ! behavior.

) * Prevent
Law enforcement agencies deploy

» Control
resources in a more effective

* Reduce

manner to: Crime activities




» Introduction/Motivation

Search for patterns, trends, structure, irregularities, relationships among data

A
@ | Data Storage
= Numerical Computation Visual Analytics 2]
= | Searching
f: Compression & Filtering
| -
.8 Human-Computer
g_ Interaction
£ (Information Visualization)
S
Human Cognition
Perception
Creativity
General Knowledge
Visual Intelligence

—
Keim et al. (2008) Human Abilities



> Introduction/Motivation
Crime Mapping

A branch of Geographic Information System (GIS) devoted to explain spatio-temporal behavior of crime
activities.

Allows

Time R
Victinm ¢ «  Demonstrate the importance of
v local geography for crime

v \Location frequency and type.

Time

¢ 3 * Identify and visualize hotspots.

* lIdentify the seasonality of
crime types in certain
> locations.

@ Type 1 @ Type 2  Type 3

[3,4]



» Introduction/Motivation
Brazil is a dangerous place, with a high murder rate and surprisingly high disparity when compared against
other large countries®.

- -

NEV


http://metrocosm.com/homicides-brazil-vs-world/
https://dataunodc.un.org/

> Data Set 1 - Sao Paulo NEV
@ From 2000 to 2006 pcsersy rotiery

000000

auto theft
oooooo

@ The data set contains 3 attributes:
* Census unit code where the crime happened.
* Type of crime.
» Date and time of the crime.

oooooo
passerby larceny

000000

@ Crime types range in 121 categories:
» Passerby robbery
» Auto theft

« Larceny S e
~ SaoPaulo
@ Categories are: B :
+ Roubo - 691954 3 ol
* Furto - 587883 a0 Paulo has
* Roubo de veiculo - 299 081 30815

census blocks.
1574920 crime records
ISP



> Data Set 2 - Sao Paulo NEV

@ From 2006 to 20117 Sio Paulo has
@ Attributes: 30815
« ANO_OCORR: Year of occurrence. census blocks.

« DATA_OCORRENCIA_BO: Date of occurrence.
» HORA_OCORRENCIA_BO: Hour of occurrence (many of
them nominal: Madrugada, amanha, Noite).

»  NOME_DELEGACIA_CIRC: Station name Geocode Qualiy
* RUBRICA: Crime type (16 tyPeS) B CHUMBO [ PIRITA [ BRONZE [ PRATA [ OURO
» FLAG_STATUS: Status (consumado). 150000

» COD_SETOR: Code of census block

- COORD_X: lat I II
- COORD_Y: lng I I

@ Crime types range in 3 categories: Sl | N . l . [
» Passerby robbery
« Commercial establishment robbery 0

2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017

» Vehicle robbery o



» Data Set 3 - Sao Carlos

@ Data set from 2014 to 2019

@ Atrihutes:
* ANO: Year of occurrence. S30 Carlos
 DATA_OCORRENCIA_BO: Date of occurrence.
* HORA_OCORRENCIA_BO: Hour of occurrence.
* FLAGRANTE: Flagrant

« CONDUTA: Type of crime (13 types) 3000
 LATITUDE: lat 2500
- LONGITUDE: Ing oot
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500 I
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The focus of this thesis is to study and analyze crime patterns considering
different factors. To do this, we have to sort out different crime analysis
problems: hotspot definition and detection, space discretization,
and spatio-temporal dynamics.



» Introduction/Motivation

Given the crime events in an urban space, we propose different methods (depending on the spatial

discretization) to identify and present hotspots considering not only the intensity but also the
frequency of crimes;

Space discretization

Different domain discretization, switching from grid-based to a street-based spatial discretization;

Spatio-temporal dynamics

Spatio-temporal crime patterns analysis, supported by visualization and machine learning
mechanisms to extract and visually present different spatio-temporal patterns.

13



> Introduction/ PrOJects

2000

Data Set - 1

Non ﬁen—reietenﬂ"-“

Geo-referenceq lag

Data Set-2and 3 Data Set-2



CrimAnalyzer



» CrimAnalyzer - Problem Analysis




> CrimAnalyzer - Pipeline
User Interface

Ve \
\

Sao Paulo Crime
Data Base

Detection

filtering




CrimAnalyzer

Hotspot Identification
Model



> Non-Negative Matrix Factorization (NMF)
An m x n matrix X is said if all entries X are greater or equal to zero (X >

0). The goal of NMF is to decompose X as a product W.H, where W and H are
with dimensions m x k and k x n, respectively.

arg min || X =W H|* subject to W, H >0

W.H
- 1 T 1[0 A 17
o ) e,
X1 Xj Xn = w1 Wo X ‘ : |”
AR R NN I R S

A set of basis vectors w; (columns of W), and a set of coefficients h; (columns of H),
such that each column x; of X is approximated as linear combination x; = },; h;;w;, (or
xj = Why) 2.



> ldentifying Hotspot with NMF
NMF to identify hotspots, their frequency and “intensity”. The matrix X to be
decomposed as the product W.H comprises crime information in a particular region of

interest. N ]
o | | | First site has 5 crime
% X1 - Bl Xn " activities in the first
| | | time slice (first month)
- 25% 60
Time slice i
Not large in number,
: : but frequently
High crime rate C
D
A B For 35 and 47 (with 15 and 10
: crimes).

(Not frequent, but happen in
large number in some time slices)

A correlated with B

I‘ |.. - ‘I I ‘ 25 sites with 60 time slices



> Data Modelling with NMF

X = W.H

30 35 47
10 20 30 40 50
: : > K=3
Time slice
W
A
B
H
C
D 1 3|o 35 47 6!
K=5
12345

KIM, H.; PARK, H. Sparse non-negative matrix factorizations via alternating non-negativity constrained least squares for microarray data analysis, 2007
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CrimAnalyzer

CrimAnalyzer: Si Crime Data Analysis
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CrimAnalyzer

rimAnalyzer: Séo Paulo Crime Data Analysis
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CrimAnalyzer - Case Study 2
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> CrimAnalyzer - Case Study 2

auto cargo com. place document passerby

burglary theft burglary theft robbery other

43






CrimAnalyzer - Case Studies

Case Studies

Hotspot Analysis and
Cargo Theft
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CrimAnalyzer: Understanding Crime Patterns in
Sao Paulo

Published in: IEEE Transactions on Visualization and Computer Graphics
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CrimAnalyzer - Publication
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CrimAnalyzer: Understanding Crime Patterns in
Sao Paulo

Germain Garcia, Jagueline Silveira, Jorge Poco Member, IEEE, Afonso Paiva, Marcelo Batista Nery,
Claudio T. Silva Fellow, IEEE, Sergio Adorno, Luis Gustavo Nonato Member, IEEE

Abstract—S&o Paula i tha largest city in South Amanca ‘with crime rates that reflect its size. The number and type of crimes vary

on urban istics of each particular location.

around the city,

Pravious works have mostly focused on the ana\ysls of crimes with the intent of uncovering patterns associated o social factors,

Eaawnal\tyn nd urban rautine actviies. Therefors, those sludies and focls are more globalin the sense that Ihay are not designed lo
aven. Tools

investigate specific ragions of the Gty such as particular

of lha ity are essential for domain experts o accomplish their analysis in a oo 0 i, Fowociing I o Kofeos rolote o

mabity, pat
ity 7 type OF Gl 0 1 g, e osoel GraAahyads,

... terminals of nd schosls) can influsnce the
a visual analytic tool that alows users 1o study the behavior of crimes

in specific regions of  city. The system aliows users

spots and 1o them, while stil

h
shawing haw hatspots and correspanding crims paiers change over ime. CrimAnalyzer has been developed rom the nseds of  feam
of experts in criminology and deals with three major challenges: i| flexibility to explore local regions and undsrstand their crime patiers,
i) identification of spatial crime hotspots that might not be the most prevalent ones in terms of the aumber of crimes but that are

important enaugh to be investigated, and i) dynamic of

the proposed system

time. of
a5 well as by case studies run by domain experts

&
invohing real data. Th experiments show t of

Index Terms—Crime Data, Spatio-Temporal Data, Visual Analytics, Non-Ne

in

ive Matrix Factorization

1 INTRODUCTI

INCE the mid-  JEEE TRANSACTIONS ON

transition proce

e VISUALIZATION AND

has not happencd. It

+

under-development

[nformation Systems
behavior of crimes,
iminologists in their

e COMPUTER GRAPHICS ficiie -
crimes. There is stil fhich they occur ina

the reasons that ex|
and violence in Braz

and visualizing
pe-related attributes.

Amang the explanatiof® e imore g
of tmditional security policy models. Conceming this last aspect,
it is undeniable that crimes have not only grown, but also become
more violent and modernized. In contrast, agencies in charge of
law and order (e.g. police and criminal justice system) have not
kept up with these trends. The gap between the dynamics of crime
and violence and the state’s ability to contain them within the rule
of law has widened. Therefore, introducing modern instruments.
for the management of public arder and crime containment is
imperative to make public security policies more efficient, not
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o reveal particd jafion Such 88 Burglary in commercial
areas or the seasonality of auto theft in certain neighborhoods is
among the key companents of a crime mapping approach [38].
Most existing tools developed for crime mapping focused on
the detection of hofspats. that is, areas with a high number of
criminal incidents [14]. Although sophisticated mechanisms have
been proposed ta detect hotspots [15], the search for a high
prevalence of erimes ends up neglecting sites where certain types
of erimes are frequent but not sufficiently intense to be considered
statistically significant [51]. Morcover, most techniques enable
anly rudimentary mechanisms to analyzc an important component
of unlawful activities, the temporal evolution of crimes and their
patterns. In fact, visualization resources for temporal analy
available in the majority of crime mapping systems are very
restrictive, impairing users from performing claborated queries
and data exploration [3].

There is yet another important aspect to be considered in the
context of crime mapping. the specificities of urban arcas under
analysis. Sao Paulo, for example, bears one of the highest crime

ty. In this paper, any time that we do not
elor 1 e iy

IEEEby
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Mirante - Motivation
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Mirante - Data Modeling
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> Mirante - Algorithm
Lerime = {€o,C1,--,Cn} G=(,E) Algorithm 1 — Assigning crimes to vertices.

Input: Graph G, List L;,jpe
Output: Graph G

1: vj.crimes < ||, Vv; € G.vertices

2: for i < 1 To length(L,yjm.) do

3: Ceurr < Lcrime[i}

4: near <— G.get_nearest_edge(ceyrr)
5: (v1,v2) < G.get_vertices(€,eqr)

6: dy < greatCircleDistance(c.y;r, V1)
7 d < greatCircleDistance(cy;r, V2)
8: if d| < d> then

9: vi.crimes.append(cyyr)
10: else
11: va.crimes.append(c oy r)

Closest node strategy Edge-node strategy 12: end if

13: end for



TRRRAEERE W Y

\
LA ™~ =Y
N N\ Ny,

58



Closest Node Strategy x
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> Mirante - Data Modeling
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Vehicle Robbery in Sao Paulo

Case Study 1




BRAGANCA |
PAULISTA |

| JuNDIAL .
'VARZEA PAULISTA - / : i \. # Séo Luiz do
BN ’ } ~Paraitinga

e et
Pilardosul -/

i







T
200 250 300 350 400 450 500 550 800 850

T
150

Dados referente ao periodo de: 13/1/2006 - 31/12/2017

_ s
A °
'S
r
]
£
, o —— N —
SPwy oy
o
Toe,
Wy Eny
:
3
4
£
a ntas Proyiser;
& tas provisorias__RU3 dasu OVisriag
Rua das Jun GrExpresso Tiadentes

ge—corred
Corridor EXPrEsse Tiradentas

RO

8|
2=
Sa
QL
i Costa AGY 58
“8
d
Fost
2us 80
%
Xavierde Almeida 4 2ot
cf 3 v
5 A
i
&
= —

{0 do Amaral
leglo

Boturucaia

Ol —

100m

ia Marques-de. Slinda

|
|
’
¥

K] 2
o B |
-y
E | 4
w !
<
O
”
“Q
E
~
8 {
m y
AR |
= s |
S B
w
S
o
f
| \q
T2y
\ 9%38
foe
A S
pug

Rl rirante MATE

<
5
&
>
S©
Sower-opo v
2P 0110y (jd-ent-Rua Pinteirs
5
&
5
5
o
/, >
Selijzs
> 4
oy
2,
Y,
< Ory.
o,
4
IW\
%,
k) (\0
&, >

idina

Ruia Miracatil

Rua Dona Leopo

Riia Bambore

T T T T T T
01/01/2007 01/01/2008 01/01/2000 01/01/2010 01/01/2011

Hua BamBbore

— T Riaeal®

T T T T T
010172013 01/01/2014 01/01/2015 01/01/2016 01/01/2017

010172012

Leaflet | Colaboradores: CEMEAI & NEV |

(a9




;Y | Rua Lima eS8 o )%
®© o g 4 S
Andraded : : 5 ; \
& Andraded 3 & | A s Uma e St ' ¢ S S . | \
m f 2 5 R 1alima ;
] ) 2 al? g Dados referente ao periodo de: 13/1/2006 - 31/12/2017 ! '
B C3 £ ¢ ! < - ;
| | iz 3 Limpar Filtro
: « L e ; ‘
“ aTE
u fodo | | | :
= = I
use 5 | i
200 | ‘(
@
280 2 [
260 18 | |
= |
4 2
200 14 ‘ 7 . |
; | Q
180 15 ‘ ‘ \
180 d | v |
10 | ‘ ' ‘
140 | ‘ ‘ ' |
120 8 3 i RS z | | | | | i
100, o ! al 2 300 400 450 500 550 800 650
2 I
80 4 fcon |
a 40 PRAGA COUTOR 7 ; : P ‘
55 2 2 DOUGLAS JADDAD ‘ r | |
0 0 B ‘ | ‘
0 | | Tq
A . X | | ‘
| Qua.
Qui
= :
Sab
I | Dom
s Marques de Olinda ‘v ; ; ' ‘ I '
| ° 2 40 50 55
P |
g L | |
z i 1
P ) | .‘W
: 4 : |
| ]
@ gua Dona Led | | |
= |
E )
&
| F .
: o 50
€ P
| E
] ?
B

Lae

& Evolucio: @Més a més OAcumulado Anual
; . A o=
> K
5 s
= ) P
& s X
) 5
A £
- o - ca“OLJ
|
P
@
£
5 A\ A—AA —\
| ~ / / / o -
= T \.x/ \' \. D, LB < : . halh S ~ N ‘#/—\;/\/ >~ [\~
0110172010 01012011 01012012 00172012 010112014 0110112015 010172016

T 1
01/01/2017 +

o1

Leaflet | Colaboradores: CEMEAI & NEV |



13/1/2006 - 31/12/2017

®
El
c
<
2
s
2
E
3
<
O
»
@

de:

Dados referente ao

‘Limpar Filtro

SIBRwy ey

5
Dey,
¥ én
Eny

Rua Lima. &S

Rua das Juntas Provisorias ___Rua das Juntas Pro. :

C —ypraseoTiradentes—cor =dor Expresso- Tiradentes
Exprass! dentes o 3

orredor -

_jma e Silva

R 13 Lima & Silva—RU3

RUA v

SOWOT0p 010yl em-Rua Pinteira 88

3 o
: )
%
83 a\
R :
= .
g3 .v;»
33 e
iia Costa Agul WW Vn&
8 N
<% \8
ol
5 5
ry
%,
Jpasto! o
Jua 807
.40.u _«wnu-r_rnw
&
de Alir @ida M
o [ o
i : ﬁ
a | )
: g At ;
| l 5 ambore
m ] _(. w Rua Bam
o‘.m;mwwwnmwwso.‘ ;
8- 3 ,e
C mcr—::nm,wm P mmmmmmmmmmwwwmn WN
DI CN T ——
: T —— B 3

ésam

Fo: @M

Evolug
o ulcE0
S

P prmitants Mana

e

Rua Bambors

“ZiHa Nazat®

~oc2

wwcal

S ? A
? S
e
1/\/\/—\/\/\/\/\/\/—/\ /\/\M/V—\/\/\/\/ ; . . . /\/\ /\/\/\/\/
0110172012 01/0172013 010172014 01/0172015

T
0110172017

T
010172016

T
01/01/201

T
0110172010

172008 T
01/01; 01/01/2000

T
0110112007

o

Leaflet | Colaboradores: CEMEAI & NEV |

[

{fa®



“jeZEN Epv

RS

-

Q 1 o uaral
2
MSP

20  Selesdo
280 16
20 44
240
220 12
200
180 10
180
140 8
120
100 ®
0 4
80

2 0 2
20
a o0

& Glinda
Rua Marques de Ol

=
€
€
@
g
=
g
B
20
o 15
o
£ 10
=
o

HUa

m

Dona Leopoidina

Rua

13 Lima 8-S

in enH

PRACA COUTOR
DOUGLAS BADDAD,

Mge

N
24

T
01/01/2011

imaeS

9rimas

T
01/01/2012

RuUaLima.e-atwe

Dados referente ao periodo de: 13/1/2006 - 2/10/2010
Limpar Filtro

equnc sep end

&

ety-ossadxd 4

pauap

<e11081AGId S

LO

<a1dx3-10P0IOD

T T
] 50 100 150

T T T T T T T !
200 250 300 350 400 450 500 550 600

HOsiAG1g seyunt sep end

24

o
|

Evolucio: @Més a més OAcumulado Anual

— v .
gu\cad ?

a
L»\"O(

B oo o .

T
01/01/2012

T
01/01/2015

01/01/2016

T 1 + [
010172017

Leaflet | Colaboradores: CEMEAI & NEV |




SIEZEN Bpims

Hdon

3

c 5 RUALIMA.G-ST
%
S g A :
2 & bl 13 Lima e Silva Rua Lima € 1 L, - o - - =
o > £ ¢ S >
iy k- o g al® g Dados referente ao periodo de: 2/10/2010 - 31/12/2017
) ) 9: A A \Limpar Filtro
‘. f ‘ gla 5.1 &
\ i ) gTe
|3
gl & frodoAmaral ‘ { L 2|3
e gl b
ol o
MSP s — ‘“ A
290 s a1 =
2l @
280 5 o
5 f - )
260 8w
240 40 "
20 ¥ i — 1 4 E 5,
20 30 - ‘ ] qE 3
ABO 5 - e ¥ ) | b2 < |
140 i { ] \ B 3
| 120 20 E .‘ gl g T : : o
100 45 i i al 3 550 600 650
0 | < ( : e
80 10 fcondes i ( B
5 W PRACA L JUTOR \ - — 4 o ¥ &
5 0 DOUGLAS (ADDAD A > S ( o %
20 2 B | < 3
a 0 B % il ] |
% o S
o % \ 3 |
) { g 13
0
i) \ N
6 =
5 =
3 : |
¥ 1
Rua Marques de olinda ¢ I I |
: g 60 80 100
g i |
B ) $ i e
z ¢ : I %, oy
3 2 t = | Ama s
= 4 d
2 o
€ £ ]
b1 mua Dona Leopaidina | Tar
’ %
H 3
: ; , 3 "
T T T 1
- 150 200 250 300 35
g z
. )
E > q Evolugio: @Més a més OAcumulado Anual
8 & [
{ 5L ?s‘n“‘\ oY 5‘“ ) %
> 3 3 \c30 ¢
X 5 B s
o % g ) 6
® " A
E A
£ - S N
S 3 <02
- e a e i €Y
20
o 15
3
E 10
R i = N ~ A\ -
/ / o \ A\~
T T T
0110172007 0110172008

aed!
3
-+

®
o

Leaflet | Colaboradores: CEMEAI & NEV |



Dados referente ao periodo de: 13/1/2006 - 2/10/2010
Limpar Filtro

msP
200

ROUBO VEICULO

T T T T T T T T T
] 50 100 150 200 250 300 350 400 450 500 550 600 850

‘A

crimes

T T
01/01/2007 01/01/2008



Dados referente ao periodo de: 2/10/2010 - 31/12/2017
Limpar Filtro

ROUBO VEICULO
r T T T T T T T T T T T T T
0 50 100 150 200 250 300 350 400 450 500 550 600 850
Jan Seg
Fev Ter
Mar Qua
Abr Qui
Mai Sex
Jun Sab
Jul Dom
r T T T
0 20 0 60 80 100
Ago
Set Ama
Out Tar

o s

T T T T T T
0 20 4 & 0 50 100 150 200 250 300 35

Evolugdo: @Més a més OAcumulado Anual [Todos v EI

@
2 @ *
o 15
i ) e
Q5
ot T T T T T T T T T T T d +
01/01/2007 01/01/2008 01/01/2000 01/01/2010 01/01/2011 01/01/2012 01/01/2013 01/01/2014 01/0172015 01/01/2016 010172017

Leaflet | Colaboradores: CEMEAI & NEV



Case Study 2
Passerby Robbery in Sao Carlos
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Abstract—Visualization assisted crime analysis tools used by
public security agencies are ususlly designed to explore large
wrban areas, relying on grid-based heatmaps to reveal spatial
crime distribution in whole districts, regions, and neighborhoods.
Therefore, those tools can hardly identify micro-scale patterns
closely related to crime opportunity, whose understanding is
fundamentsl to the planning of preventive sctions. Enal
a combined analysis of spatial patterns and their evol
over time is another challenge faced by most crime ana
tools. In this paper we present Mirante, a crime map
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data ageregated on grid cells, each covering hundreds of
square meters. However, recent studies point out the impor-
tance of analyzing micto places [131-[16], as crime rarely
concentrates on regions larger than a street segment or corner.
In fact, several researchers have shown that crimes mostly oc-
cur near specific locations such as bars, fast-food restaurants,
check-cashing centers, and pawnshops, since those places
atract distracted and vulnerable people who carry money
and valuables [14], [17]. In other words, the environment of
those places creates a crime opportunity. Therefore, relying

system that all analysis of crime
patterns in a street-level scale. In contrast to conventional tools,
Mirante builds and other vi

that m..hll- spatial and temporal pattern analvsis.
uncovering fine-
over lime. Mlnm

demonsrate the
run by domain
different charact
were capable of
of the cities whil

i
certain types of

L

on spatial di i such as the regular grids renders
fimo_arainad cima analusis o mrits shallanoina sk, since the
g identification
ity is not so
a cell contain-
lgrid resolution
fets” segments,
hampering the
jossible causes.
the analysis of
suppose that a
forner during a

ablem due to the interplay between the spatial and temporal
dynamics of crimes, the great variability of patterns among the
different types of crimes, and the large amount of data involved
in such analysis. In this context, the branch of Geographic
Information Systems (GIS) called Crime Mapping focuses on
developing tools to explore and analyze the spatio-temporal
behavior of crimes, leveraging the importance of local ur-
‘ban, social, and as
for crime opportunity [1], [2]. Current crime mapping twols
combine techniques from different fields such as mathematies
and statistics. [3]-[5]. machine learning [6]. 7], optimization
and visualization [8]-[10], and social sciences [11]. [12].
Examples of crime mapping systems implemented to increase
transparency for the population and to support agencies in
charge of public security are LevisNexis'. NYC Crime Map®,
zenRIMS®, and CrimeMapping’

An important aspect of crime mapping is the spatial dis-
cretization. Most techniques rely on regular grids with crime

fcommunitycrimemap.com  *maps nye govicrimel crimegraphics com
“crimemapping com

r. In a grid
representation, such a temporal behavior can hardly be caught
on the same grid cell.

In collaboration with domain experts, we designed Mirante,
a scalable and versatile visualization toal tailored to explore
crime data in a street-level of detail. Considering street corners
as nodes and street segments as edges, Mirante assumes city
street maps as the spatial discretization. Crime data is spatially
aggregated on street corners using an edge-node strategy
rather than Euclidean distance, which avoids several issues
present in grid cell aggregation. Miramte provides a number
of interactive resources to explore the spatial distribution of
crimes and their dynamics over time, making it possible to
identify temporal patterns such as the shift of crime hotspots
among nearby locations. Interactive filters allow users to focus
their analysis on particular hours of the day, days of the
week, and months of the year, making it possible to easily
serutinize the seasonality of crimes. Using different selection
mechanisms, users can interactively select regions of interest
in various scales, enabling the spatio-temporal analysis of large
regions as well as quite specific locations of the city, a trait not

https://sibgrapi2020.cin.ufpe.br/awards/
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» General - Conclusions

We presented different methodologies that allow a visual Spatio-temporal crime pattern analysis of urban areas
considering different characteristics. For that, we have proposed different solutions to tackle the presented
problems:

1. we proposed two different methods based on NMF and Stochastic mechanisms for hotspots
identification considering not only the intensity of crimes but also the frequency;

2. we have worked with different levels of spatial discretization such as census blocks grid-based
and a high-level discretization based on street-network to do more accurate analysis;

3. we developed different visual frameworks to represent and visualize Spatio-temporal crime
patterns.

Each of the proposed approaches has been designed in close collaboration with domain experts and deal
simultaneously with multiple requirements. These requirements are translated into analytical tasks that guide
the development of victimization systems. Moreover, the set of case studies, experiments, and experts'
feedbacks have shown the usefulness and effectiveness of the proposed methodologies.

Supported by the experiments, the results, and the positive feedbacks, it is safe to say the
1 proposed methodologies have the capability and functionalities to analyze successfully
different crime patterns in different scenarios.



We introduced GrimAnalyzer, a visual analytics tool to support the analysis of crimes in

E local regions. We also propose a technique based on NMF to identify hotspots ,
considering the intensity and frequency.
3 We introduced MIRANTE, a crime mapping visualization system that allows spatio-

temporal analysis of crime patterns in a street-level of detail.

We introduced GHPAV (Crime Pattern Analysis and Visualization), a street-level visualization-
assisted analytical tool. It is a new methodology to identify crime hotspots based not only on
intensity but also on the probability of occurrence, a hotspot grouping technique based on the
similarity of crime time series.
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