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Introducción

Esta literatura a comenzado a influenciar la administración de
los recursos policiales de los principales centros urbanos: Los
Ángeles CA, Atlanta GA, Chicago IL, New York NW,
Alhambra CA, San Francisco CA, Modesto CA, Santa Cruz,
CA.

Se diseñó una metodoloǵıa para comparar diferentes modelos
de predicción del crimen en Bogotá.

Esta se extiende de forma natural a otros centros urbanos con
la información adecuada (Cali, Medelĺın).

Datos utilizados: 329,793 cŕımenes ocurridos en Bogotá entre
2004 y 2014 (geolocalizados, con fecha y hora).

Se compararon modelos de Puntos, Elipses, KDE y varias
versiones de modelos espacio-temporales.
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Modelo KDE: Ejemplo



Modelo Espacio - Temporal

Este es un modelo basado en la clasificación de los eventos
como antecedentes y réplicas.

Es el estado del arte en modelos de predicción del crimen.



Modelo Espacio - Temporal: Motivación

Mohler et al.: Self-Exciting Point Process Modeling of Crime 101

Figure 1. On the left, histogram of times (less than 300 days) between Southern California earthquake events of magnitude 3.0 or greater
separated by 110 kilometers or less. On the right, histogram of times (less than 50 days) between burglary events separated by 200 meters or
less.

In seismology a mark Mk, the magnitude of the earthquake, is
associated with each event (tk, xk, yk) and the conditional inten-
sity often takes the form

λ(t, x, y,M) = j(M)λ(t, x, y), (2)

λ(t, x, y) = μ(x, y)

+
∑

{k:tk<t}
g(t − tk, x − xk, y − yk;Mk). (3)

Models of this type, referred to as Epidemic Type Aftershock-
Sequences (ETAS) models, work by dividing earthquakes into
two categories, background events and aftershock events. Back-
ground events occur independently according to a stationary
Poisson process μ(x, y), with magnitudes distributed indepen-
dently of μ according to j(M). Each of these earthquakes then
elevates the risk of aftershocks and the elevated risk spreads in
space and time according to the kernel g(t, x, y,M).

Figure 2. Times of violent crimes between two rivalry gangs in Los
Angeles.

Many forms for g have been proposed in the literature,
though in general the kernel is chosen such that the elevated risk
increases with earthquake magnitude and decreases in space
and time away from each event. For example, the isotropic ker-
nel,

g(t, x, y;M) = K0

(t + c)p
· eα(M−M0)

(x2 + y2 + d)q
, (4)

is one of a variety of kernels reviewed in Ogata (1998). Here
K0, M0, and α are parameters that control the number of after-
shocks, c and d are parameters that control the behavior of the
kernel at the origin, and p and q are parameters that give the
(power law) rate of decay of g.

Standard models for the background intensity μ(x, y) include
spline, kernel smoothing, and Voronoi estimation (Silverman
1986; Ogata and Katsura 1988; Okabe et al. 2000). In the case
of fixed bandwidth kernel smoothing, the background intensity
is estimated by

μ(x, y) = μ ·
∑

k

u(x − xk, y − yk;σ), (5)

where μ is a parameter controlling the overall background rate.
The events (tk, xk, yk,Mk) are assumed to be background events
and in practice can be obtained through a declustering algo-
rithm (Zhuang, Ogata, and Vere-Jones 2002).

The appropriate selection of parameter values is as critical
to the modeling process as specifying accurate forms for μ,
g, and j. The distance in space and time over which the risk
spreads, the percentage of background events vs. aftershocks,
the dependence of the increased risk on magnitude size, etc.,
all can have a great impact on the predictive power of a point
process model. Parameter selection for ETAS models is most
commonly accomplished through maximum likelihood estima-
tion, where the log-likelihood function (Daley and Vere-Jones
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Modelo Espacio - Temporal: especificación

Se considera un modelo de la intensidad espacio temporal del
crimen de la forma:

λ(t, x , y) = µ(t, x , y) +
∑

k:tk<t

g(t − tk , x − xk , y − yk) (1)
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Validación

Evaluar la capacidad predictiva del modelo de predicción de
crimen propuesto.

En particular, se compara el poder predictivo del modelo al ser
entrenado con diferentes horizontes de tiempo.
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Datos

Se cuenta con datos de cŕımenes en Bogotá del 16 de abril al
30 de junio de 2017: 16.402 datos.

Para esta validación se usaron datos de la localidad de Santa
Fé, en donde se aplicará el piloto, delimitada por latitudes
entre [4,571, 4,629] y longitudes > −74,091.
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30 de junio de 2017: 16.402 datos.

Para esta validación se usaron datos de la localidad de Santa
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Datos

1.676 (≈ 10 %) cŕımenes en la localidad de Santa Fé en el
peŕıodo tratado.

Se entrenó el modelo de crimen con datos entre 1 y 7 semanas
y se validó con las 3 semanas posteriores al entrenamiento, en
todos los casos, del 10 al 30 de junio de 2017 (407 cŕımenes).
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Validación

Utilizamos el Precision Accuracy Index

PAI =
Hit Rate

Percentage of Area

Hit Rate =
Crimes predicted in Hotspots

Total Crimes

Percentage Area =
Area of Hotspots

Total Area

Sin embargo en modelos muy granulares no es una buena
medida.
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Figure 6. Forecasting strategy comparison. Average daily percentage of crimes predicted plotted against percentage of cells flagged for 2005
burglary using 200 m by 200 m cells. Error bars correspond to the standard error. Prospective hotspot cutoff parameters are 400 meters and 8
weeks (left) and optimal parameters (right) are 200 meters and 39 weeks. Spatial background intensity μ(x, y) smoothing bandwidth for the
point process is 300 meters (left) selected by cross validation and 130 meters (right) selected to optimize the number of crimes predicted.

the prospective hotspot strategy. For example, with 10% of
the city flagged the point process and prospective hotspot cor-
rectly predict 660 and 547 crimes (respectively) out of 2627.
The difference in accuracy between the two methodologies can
be attributed to the crime hotspot map’s failure to account for
the background rate of crime. While prospective crime hotspot
maps used for crime prediction attempt to quantify the conta-
gious spread of crime following past events, they fail to assess
the likelihood of future “background” events, the initial events
that trigger crime clusters.

In order to disentangle the dependence of model accuracy on
parameter selection, in Figure 6 on the right we repeat the same
prediction exercise but with parameters of each model selected
to yield the highest number of crimes predicted (L1 norm over
1 through 15% of cells flagged). The optimal cutoff parameters
for the prospective hotspot map are 200 meters and 39 weeks.
With these parameter values, in particular the slow decay of g
in time, Equation (11) is closer to Poisson estimation. For the
point process model we only optimize the bandwidth used for
μ(x, y) as the computational cost of the stochastic decluster-
ing algorithm is relatively high. Whereas the bandwidth is esti-
mated to be approximately 300 meters using cross validation, a
smaller bandwidth, 130 meters, provides a higher level of pre-
dictive accuracy. This can be attributed to the spatially localized
features of neighborhoods, and hence burglary.

For all percentages of cells flagged the prospective hotspot
map underperforms the point process, though for certain per-
centages the relative underperformance is less. On the left in
Figure 6, the prospective hotspot map performs better (relative
to the point process) for smaller percentages of cells flagged, as
the parameters are selected to account for near-repeat effects.
On the right, the prospective hotspot map performs better for
larger percentages of flagged cells, since for these parameter
values the model is more accurately estimating fixed environ-
mental heterogeneity. For crime types such as robbery and auto

theft, where near-repeat effects play less of a role, prospective
hotspot maps tailored for near-repeat effects are likely to be
outperformed by simple Poisson estimation. The advantage of
models of the form (10) is that the balance between exogenous
and endogenous contributions to crime rates is inferred from
the data as opposed to being imposed a priori.

6. DISCUSSION

We showed how self-exciting point processes from seismol-
ogy can be used for the purpose of crime modeling. In the fu-
ture it may be desirable to tailor point process models specifi-
cally for crime, taking into account the crime type and the lo-
cal geography of the city. Based upon the insights provided by
nonparametric estimates, parametric models can be constructed
that have advantages with respect to model fitting and simula-
tion. Background rates can also be improved by incorporating
other data types (in Johnson 2008, housing density is used to
improve models of repeat victimization). In the case of gang
violence, a hybrid network-point process approach may be use-
ful for capturing the self-exciting effects stemming from gang
retaliations. Here increased risk may not diffuse in geographic
space, but instead may travel through the network space of gang
rivalry relations.

The methodology used in this study can be implemented for
other applications as well, for example refining point process
models of earthquakes. It could potentially be adapted, more
generally, to other second-order models of point processes.
The stochastic declustering algorithm opens up the door to
a plethora of density estimation techniques (Silverman 1986;
Scott 1992; Eggermont and LaRiccia 2001) that could be used
to explore point processes in a way parametric methods do not
allow.

In Marsan and Lenglin (2010) it is shown that the method
is an Expectation-Maximization (EM) type algorithm. At the
maximization step the complete data log-likelihood function



Validación

Se divide Bogotá (1,547km2) en 10,946 celdas de ≈ 145m2

cada una; 1,019 celdas en la localidad de Santa Fé.

Se entrena el modelo con el correspondiente número de
semanas y se predicen los puntos calientes para cada turno de
8 horas, definidos como el 10 % de las celdas con mayor
probabilidad de crimen.

Se investigan cuántos cŕımenes de los datos de validación
ocurrieron en los puntos calientes predichos por el modelo.
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Se divide Bogotá (1,547km2) en 10,946 celdas de ≈ 145m2

cada una; 1,019 celdas en la localidad de Santa Fé.
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Validación

Hit Rate con 7 semanas de entrenamiento y 10 % de
cobertura de puntos calientes:

Predicción bw fijo bw variable KDE

Semana 1 0,44 0,57 0,42
Semana 2 0,46 0,59 0,44
Semana 3 0,54 0,62 0,53

Promedio 0,48 0,59 0,46
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Patrullaje por segmentos
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Modelos Matemáticos del Crimen
Trabajo en Proceso

Contenido

1 Modelos Matemáticos del Crimen
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Trabajo em Proceso

Salud pública:
1 Grupos de emfermedades usando análisis supervisado:

Aaprendizaje de máquinas, distancia entre particiciones y
optimización usando el algoritmo Metropolis Hasting.

2 Grupos de emfermedades usando análisis no supervisado: LDA.

Predicción del cŕımen (en conjunto con el Profesor Francisco
Gomez).

1 Teoŕıa de las ventanas rotas, imágenes y aprendizaje profundo.
2 Viajes de Levy.
3 Kernel aprendizaje en variedades.



Trabajo em Proceso

Salud pública:
1 Grupos de emfermedades usando análisis supervisado:
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Aaprendizaje de máquinas, distancia entre particiciones y
optimización usando el algoritmo Metropolis Hasting.

2 Grupos de emfermedades usando análisis no supervisado: LDA.
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