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Introduction/Motivation

Crime

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

violation of socially accepted rules of human ethical or moral

behavior.

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].

Law enforcement agencies deploy 

resources in a more effective 

manner to:

• Prevent

• Control

• Reduce

Crime activities

Larceny Robbery

Burglary
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Visual Analytics [2]

Search for patterns, trends, structure, irregularities, relationships among data
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Keim et al. (2008)
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Crime Mapping
A branch of Geographic Information System (GIS) devoted to explain spatio-temporal behavior of crime 

activities. 
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Space

Time

LocationType

Type 1 Type 2 Type 3

Victim

Allows

• Demonstrate the importance of

local geography for crime

frequency and type.

• Identify and visualize hotspots.

• Identify the seasonality of

crime types in certain

locations.

Introduction/Motivation

[3,4]



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

Brazil is a dangerous place, with a high murder rate and surprisingly high disparity when compared against 

other large countries*.

Introduction/Motivation

São Paulo

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

30815 
census blocks.

Data Set 1 – São Paulo
• From 2000 to 2006

• The data set contains 3 attributes:

• Census unit code where the crime happened.

• Type of crime.

• Date and time of the crime.

• Crime types range in 121 categories:

• Passerby robbery

• Auto theft

• Larceny

• …

• Categories are:

• Roubo - 691 954

• Furto - 587 885

• Roubo de veículo – 295 081

1 574 920 crime records
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• From 2006 to 2017 São Paulo has 

30815 
census blocks.

Data Set 2 – São Paulo

• Attributes:

• ANO_OCORR: Year of occurrence.

• DATA_OCORRENCIA_BO: Date of occurrence.

• HORA_OCORRENCIA_BO: Hour of occurrence (many of

them nominal: Madrugada, amanhã, Noite).

• NOME_DELEGACIA_CIRC: Station name

• RUBRICA: Crime type (16 types)

• FLAG_STATUS: Status (consumado).

• COD_SETOR: Code of census block

• COORD_X: lat

• COORD_Y: lng

• Crime types range in 3 categories:

• Passerby robbery

• Commercial establishment robbery

• Vehicle robbery
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• Data set from 2014 to 2019

• Atributes:

• ANO: Year of occurrence.

• DATA_OCORRENCIA_BO: Date of occurrence.

• HORA_OCORRENCIA_BO: Hour of occurrence.

• FLAGRANTE: Flagrant

• CONDUTA: Type of crime (13 types)

• LATITUDE: lat

• LONGITUDE: lng

São Carlos

Data Set 3 – São Carlos
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The focus of this thesis is the studying and analyzing different 

Introduction/Motivation

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.
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Introduction/Motivation

Hotspot definition and detection

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.
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Introduction/Projects

Mirante

CriPAV

2014

2019

2006

2017 2006

2017

CrimAnalyzer
2000

2006

Data Set - 1

Data Set – 2Data Set – 2 and 3



CrimAnalyzer
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CrimAnalyzer – Problem Analysis
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CrimAnalyzer – Pipeline



CrimAnalyzer

Hotspot Identification
Model
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An 𝑚 𝑥 𝑛 matrix X is said non-negative 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 non-

negative with dimensions 𝑚 𝑥 𝑘 and 𝑘 𝑥 𝑛, respectively.

A set of basis vectors 𝑤𝑖 (columns of W), and a set of coefficients ℎ𝑗 (columns of H),

such that each column 𝑥𝑗 of X is approximated as linear combination 𝑥𝑗 ≅ σ𝑖 ℎ𝑖𝑗𝑤𝑖, (or

𝑥𝑗 = 𝑊ℎ𝑗)

= 

Non-Negative Matrix Factorization (NMF)

[22].
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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.

Time slice

S
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s

25 sites with 60 time slices

High crime rate

A correlated with B

Not large in number, 

but frequently

For 35 and 47 (with 15 and 10 

crimes).

(Not frequent, but happen in 

large number in some time slices)

First site has 5 crime 

activities in the first 

time slice (first month)

Identifying Hotspot with NMF
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𝑋 𝑊.𝐻=

Time slice

S
it

e
s

K=3

K=5

=

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

Data Modelling with NMF



CrimAnalyzer

Visual Analytic Tool
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CrimAnalyzer
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CrimAnalyzer



CrimAnalyzer

Case Studies
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CrimAnalyzer - Case Study 2

BR116
SP230

Connects São Paulo to Rio de Janeiro

Connects São Paulo to states in the south of Brazil
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CrimAnalyzer - Case Study 2

BR116 SP230
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BR116
SP230
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Case Studies

Comparing Crime 

Patterns over the City

Hotspot Analysis and 

Cargo Theft

Seasonality and the 

Temporal Element of 

Crime

CrimAnalyzer - Case Studies

Near Repeat Victimization [11]

Seasonality [10] 
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CrimAnalyzer - Publication
CrimAnalyzer: Understanding Crime Patterns in 

São Paulo
Published in: IEEE Transactions on Visualization and Computer Graphics

https://ieeexplore.ieee.org/document/8869805

Invited TVCG paper presented at IEEE VIS 2020



Mirante
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Mirante – Motivation



Mirante 

Data Modeling
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Mirante – Data Modeling
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Mirante – Algorithm
𝐿𝑐𝑟𝑖𝑚𝑒 = {𝑐0, 𝑐1, . . , 𝑐𝑛} 𝐺 = (𝑉, 𝐸)

Closest node strategy Edge-node strategy
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Closest Node Strategy Edge-Node Strategy
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Mirante – Data Modeling



Mirante

Visualization Tool
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Mirante



Mirante 

Case Studies



Case Study 1 

Vehicle Robbery in São Paulo

São Paulo – SP - Brazil
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Case Study 2 

Passerby Robbery in São Carlos

São Carlos – SP - Brazil
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Mirante - Publication

Mirante: A visualization tool for 

analyzing urban crimes
Published in: 33rd Conference on Graphics, Patterns and 

Images

https://ieeexplore.ieee.org/abstract/document/9265984

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

proposed methodologies have the capability and functionalities to analyze successfully

different crime patterns in different scenarios.
1
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4

2

3

We introduced CrimAnalyzer, a visual analytics tool to support the analysis of crimes in
local regions. We also propose a technique based on NMF to identify hotspots ,

considering the intensity and frequency.

We introduced MIRANTE, a crime mapping visualization system that allows spatio-
temporal analysis of crime patterns in a street-level of detail.

We introduced CriPAV (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.



142

Thank you !
Thanks to FAPESP for financial support

Dr. Sergio Adorno

Dr. Marcelo Nery

Dr. Erick Gomez Nieto

Dr. Jorge 

Poco

Dr. Marcos 

Raimundo

Dr.  Claudio silva

Dr. Luis Gustavo 

Nonato
Dr. Afonso 

Paiva

Jaqueline

Silveira



143

[1] AKPINAR, E. Using geographic information systems in analysing the pattern
of crime incidents and the relationship between landuse and incidents.
[2] Keim et al., Visual analytics: Definition, process, and challenges, 2008.
[3] EMIG et al., Crime analysis–a selected bibliography. Washington, DC: US
National Criminal Justice Reference Service, 1980
[4] FELSON, M.; BOBA, R. L. Crime and everyday life. [S.l.]: Sage, 2010.
[5] SANTOS, R. B. Crime analysis with crime mapping. [S.l.]: Sage publications, 2016
[6] WANG, T.; RUDIN, C.; WAGNER, D.; SEVIERI, R. Learning to detect patterns of
crime. In: SPRINGER
[7] EAGLIN, T.; CHO, I.; RIBARSKY, W. Space-time kernel density estimation for
real-time interactive visual analytics. In: Proceedings of the 50th Hawaii International
Conference on System Sciences
[8] NETO, J. F. de Q.; SANTOS, E. M. dos; VIDAL, C. A. Mskde-using marching
squares to quickly make high quality crime hotspot maps. In: IEEE. Graphics,
Patterns and Images.
[9] ZHOU, G.; LIN, J.; ZHENG, W. A web-based geographical information system
for crime mapping and decision support. In: IEEE. Computational Problem-Solving
(ICCP), 2012 International Conference on

References (1)



144

[10] XIANG, Y.; CHAU, M.; ATABAKHSH, H.; CHEN, H. Visualizing criminal
relationships: Comparison of a hyperbolic tree and a hierarchical list. Decision
Support Systems.
[11] CALHOUN, C. C.; STOBBART, C. E.; THOMAS, D. M.; VILLARRUBIA, J. A.; BROWN,
D. E.; CONKLIN, J. H. Improving crime data sharing and analysis tools for a web-
based crime analysis toolkit: Webcat 2.2. In: IEEE.
[12] MALIK, A.; MACIEJEWSKI, R.; COLLINS, T. F.; EBERT, D. S. Visual analytics law
enforcement toolkit. In: IEEE.
[13] GODWIN, A.; STASKO, J. Hotsketch: Drawing police patrol routes among
spatiotemporal crime hotspots. In: Proceedings of the 50th Hawaii International
Conference on System Sciences.
[14] SILVA, L. J. S.; GONZÁLES, S. F.; ALMEIDA, C. F.; BARBOSA, S. D.; LOPES, H.
Crimevis: An interactive visualization system for analyzing crime data in the
state of Rio de Janeiro. 2017
[15] POVEDA, A. C. Violence and economic development in colombian cities: a
dynamic panel data analysis. Journal of international development,
[16] ALVES, L. G.; RIBEIRO, H. V.; MENDES, R. S. Scaling laws in the dynamics of
crime growth rate. Physica A: Statistical Mechanics and its Applications,

References (2)



145

[16] GRUENEWALD, P. J.; FREISTHLER, B.; REMER, L.; LASCALA, E. A.; TRENO, A.
Ecological models of alcohol outlets and violent assaults: crime potentials and
geospatial analysis.
[17] MCCORD; RATCLIFFE. Intensity value analysis and the criminogenic effects
of land use features on local crime patterns. Crime Patterns and Analysis
[18] CAPLAN, J. M.; KENNEDY, L. W. Risk terrain modeling manual. Rutgers Center
on Public Security, Newark, 2010.
[19] BENNETT, T.; HOLLOWAY, K.; FARRINGTON, D. P. Does neighborhood watch
reduce crime? a systematic review and meta-analysis. Journal of Experimental
Criminology
[20] PATTAVINA, A.; BYRNE, J. M.; GARCIA, L. An examination of citizen
involvement in crime prevention in high-risk versus low-to moderate-risk
neighborhoods. Crime & Delinquency.
[21] http://produtos.seade.gov.br/produtos/ivj/index.php?tip=map&mapa=12,
[22] KIM, H.; PARK, H. Sparse non-negative matrix factorizations via alternating
non-negativityconstrained least squares for microarray data analysis.
Bioinformatics, Oxford University Press

References (3)

http://produtos.seade.gov.br/produtos/ivj/index.php?tip=map&mapa=12


146

[17] Garcia-Zanabria, G., Silveira, J. A., Poco, J., Paiva, A., Nery, M. B., Silva, C. T., &
Nonato, L. G. (2019). CrimAnalyzer: Understanding crime patterns in São Paulo. IEEE
TVCG.
[18] Garcia-Zanabria, G., Gomez-Nieto, E., Silveira, J., Poco, J., Nery, M., Adorno, S., &
Nonato, L. G. (2020, November). Mirante: A visualization tool for analyzing urban crimes.
In 2020 33rd SIBGRAPI Conference on Graphics, Patterns and Images (SIBGRAPI) (pp.
148-155). IEEE.
[19] Garcia-Zanabria, G., Raimundo, M., Poco, J., Batista Nery, M., Silva, C., Adorno ,
S., Nonato, G. CriPAV: Street-Level Crime Patterns Analysis and Visualization. IEEE
Transactions on Visualization and Computer Graphics. Submitted: TVCG, 2020.
[20] Alvarenga Silveira, J., Garcia-Zanabria, G., Paiva A., Piccirillo D.,Batista Nery, M.,
Adorno S., Luis Gustavo Nonato. TensorAnalyzer: A New Approach to Identify
Representative Patterns Based on Tensor Decomposition. Submitted: TDS, 2020.
[21] Alvarenga Silveira, J., Garcia-Zanabria, G., Paiva A., Piccirillo D.,Batista Nery, M.,
Adorno S., & Luis Gustavo Nonato(2019). São Paulo City Schools and Their Surroundings:
from Non-Negative Tensor Factorization to Pattern Identification. XL Congresso Nacional
de Matemática Aplicada e Computacional.

References (4)



147

Thank you
Obrigado
Gracias

Germain García Zanabria 
germaingarcia@usp.br


