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Abstract—Understanding of crime patterns is paramount im-
portant for citizen’s security planning. In particular, the compre-
hension of the Spatio-temporal dynamics related to aggressive
behaviors is fundamental for deploying policial resources and
devising mitigation actions. Currently, a significant number of
approaches to find patterns, characterize dynamics, and predict
crime have been proposed in state of the art. However, the
operation of these approaches is strongly adapted to the specific
conditions of a city. In this paper, we propose a novel approach
to finding spatio-temporal crime patterns in the city of Bogotá
(Colombia), particularly aggressive behaviors reported to the
emergency line. We characterize aggressive behaviors through
rhythm and tempo based on the theory of routine activity. Finally,
we show that the dynamics of aggressive behaviors in the city
are shared by several spatial units in which specific strategies
can be applied to mitigate it.

Index Terms—Aggressive behaviors, Temporal patterns, Data
analytics, Spatial-temporal data, Spectrograms.

I. INTRODUCTION

Recently, there has been an increase in the development of
computational models to predict and characterize crime [1]–
[5]. Among the motivations is to take prevention actions,
optimize available resources, improve indicators and the per-
ception of security, and define more effective public policies
based on safety [4]. However, differences in environmental
conditions, culture, size of cities, and type of crime change
behavior patterns and crime dynamics, which means that many
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of the models designed for a given city do not work in other
cities [6]. In particular, for Bogotá, some approaches have
been advanced for crime prediction, understanding of criminal
behavior, and efficient allocation of resources for security [7]–
[9]. Nevertheless, as far as we know, the dynamics of aggres-
sive behavior in the city have not yet been characterized by
historical data.

In general, these models work with the records of incidents
where the public force intervenes or incidents reported by
citizens on the emergency phone number. However, most of
the proposed models are subject to certain conditions that
are not always true and may affect the convergence or the
certainty of the results [10]. For example, in the self-exciting
point process, when crimes are considered personal injury, it
is not clear that these incidents produce more personal injury
aftershocks. On the other hand, the predict hotspots models
are often susceptible to parameter selection in incident counts,
such as bandwidth, outliers, and zeros [10].

There are a series of events reported to the emergency
phone number when there are fights between individuals or
different types of confrontations that shock the public peace,
which is classified as aggressive behaviors [11]. Usually, these
incidents correspond to acts between individuals that, through
physical, verbal, or psychological violence, cause harm, injury,
and/or pain [11]. Usually, aggressive behaviors are considered
minor incidents because, most of the time, they do not have
serious consequences. However, in Bogotá, about 70 percent
of registered crimes of personal injury and homicide originate
from aggressive behavior. Since 2014, Bogotá has reportedIEEE/ACM ASONAM 2020, December 7-10, 2020
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Fig. 1. Process to identify spatio-temporal patters of aggressive behaviors. The process begins with depured dataset of aggressive behavior reported to NUSE.
The incidents are then divided and analyzed into space units. Incidents aggregated every six hours are using to construct time series in each space unit. Each
series is analyzed in frequency using the Kaiser window and the Fourier transform. Finally, a topological analysis is used to clustering using the Mahalanobis
distance and spatial units patterns are obtained.

almost half a million incidents of aggressive behavior per
year [12].

According to the theory of routine activity, the occurrence
of crimes, particularly aggressive behaviors, is related to the
social-environmental features [13]. Additionally, when certain
circumstances converge in space and time, the probability
of incidents increases [13]. For example, when the flows of
people around an event or celebration increase, there is alcohol
consumption, and the lack of a guard or control mechanism.
The theory of routine activity suggests that three elements
characterize the occurrence of incidents: 1. the rhythm refers
to the periodicity with which the events occur, 2. the tempo,
refers to the volume of incidents that occur. They produce in
a spatial unit, and 3. the timing, which is how the different
circumstances that lead to the occurrence of incidents are
coordinated [13].

In this approach, we propose a quantitative analysis of the
reported incidents of aggressive behaviors oriented towards the
characterization of rhythm and tempo in the city of Bogotá,
since there is no information about the flow of activities
of people to characterize timing. Our approach describes
the rhythm through a measure of periodicity and the tempo
through a trend measure based on spectrogram analysis [14],
which is constructed by aggregating incidents in predefined
units of space and time.

In this work, we seek if the different spatial units share a
temporal dynamic in aggressive behaviors. We analyze how
this is related to the characteristics of the social ecosystem
that condition this occurrence. This analysis provides insights
and a better understanding of aggressive behavior in the city of
Bogotá in order to design mitigation strategies and intervention

policies by decision-makers.

II. MATERIALS AND METHODS

The process begins with all incidents of aggressive behavior
reported to the emergency phone number in Bogotá, see
Figure 1. The incidents are then divided and analyzed into
space units. A monthly time series of incidents is constructed
in each space unit, which are aggregated every six hours
and with an overlap average of 53.56 days. Each series is
analyzed in frequency using the Kaiser window and the Fourier
transform. Finally, they are taken to a topological space where
they are grouped by similarity using the Mahalanobis distance
and spatial units patterns are obtained.

A. Data acquisition and preprocessing

2.235.552 reports of aggressive behaviors were collected
in the Unique Number of Security and Emergency (Número
Único de Seguridad y Emergencia - NUSE) system from 1st
January 2014 and 24th November 2019 years in the city of
Bogotá. The information collected contains the details and
nature for each incident and the Spatio-temporal location. This
data set was preprocessed by using the cleaning methodology
suggested by [15]. This step included: merging dataset, re-
building missing data, data standardization and normalization,
records de-duplicate, and enrichment data.

Although the data on aggressive behaviors of NUSE indeed
have disadvantages, such as that there are areas of the city
where people do not make reports to the emergency phone,
some of the incidents have duplicates, and there are uncon-
firmed incidents, which could be false positive. NUSE data has
the advantage of being closer to a real scenario by having a
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Fig. 2. PCA and TDA analysis. Left: UPZ’s distribution in the representation space generated by spectrograms. The space was projected to two dimensions
using PCA. Right: Persistent homology diagram of spectrograms per UPZ. Results for H0, H1, H2.

record 10 times greater than the data on complaints and penal-
ties provided by the police. This is because the underreporting
of aggressive behaviors reported to the emergency telephone
number is much lower than those collected by the police, in
contrast to what happens with the report of homicides and
robberies.

B. Spatial-temporal analysis

Spatial-temporal analysis of aggressive behavior and per-
sonal injury events were represented by predefined spatial units
and spectrograms [14]. Spectrograms use overlapping time
windows that do a full frequency analysis of events grouped by
a time unit and a spatial unit. The spatial unit chosen to study
the dynamics of aggressive behaviors in Bogotá is the Zonal
Planning Units (UPZ by its acronym in Spanish) [16]. These
zones are delimited by main roads or geographical features
and group neighborhoods with similar characteristics in land
use, culture, and socio-economic conditions. The city has 112
UPZs in the urban part and 5 Rural Planning Units (UPR for
its acronym in Spanish) in the rural part. Spectrograms were
calculated each month, where 84-day windows (12 full weeks)
were used, which overlap with the monthly time unit. The
reported events accumulate every six hours, generating four
values per day, starting at zero hours. This scheme provides a
complete frequency analysis in the range: [(1/84)hz, 2hz]

To locate each spatial unit’s events Si, for each i ∈ {UPZ},
the centroid of latitude and longitude were calculated using all
the event values that occurred in that unit. For each month Tj ,
j = 1, 2, ..., N , a time series was constructed starting at zero
hours on the first of each month and with data aggregated every
six hours for 84 days. Each time series Tj was multiplied by
Kaiser window, and the Fourier transform was calculated. To

obtain a Kaiser window [17] that represents an FIR filter:

w[n] =

I0

(
β

√
1−

(
n−N/2
N/2

)2)
I0(β)

, 0 < n < N

where I0 is the zeroth-order modified Bessel function [17], and
β is the sidelobe attenuation parameter. The Discrete Fourier
Transform on Tj was calculated as:

Tk =
ao
2

+
N∑
n=0

ane
2nπtk/T

where an, n = 0, 1, 2, ..., N − 1 are discrete Fourier
coefficients.

Since the time series has real values, the frequency spectrum
is symmetric. Therefore only half the spectrum was taken. Fi-
nally, a standardization process was applied to each spectrum.
Whitening was first performed on the spectrograms: the mean
was subtracted and divided by the standard deviation.

T
(1)
k =

(Tk − µ)
σ

where µ is the average of Tk and σ the standard deviation of
Tk. Then it is scaled in the interval [0, 1] based on the sigmoid
function and normalization factor f :

T
(2)
k =

1

1 + e−T
(1)
k f

The spectrogram of each UPZ Ei is constructed by combining
all the normalized spectra T (2)k for each month j.

C. Topological analysis

The topological analysis was carried out for each spatial
unit, the spectrogram was used as features of each unit.
The distance between spectrograms evidence the relationships
between the spatial units, and similar behavior. Given a matrix
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Fig. 3. UPZ’s with the highest degree of similarity. The figure shows the name of UPZ, its respective spectrograms, and degree of similarity with the others
UPZ’s.

An,m where n = 1, 2, . . . , N , with N the number of spatial
units, and m = 1, 2, . . . ,M , with M as the number of features,
that results from M = T×K, with T as the number of months
and K the number of harmonics. To measure the distance,
Mahalanobish was used between two rows xi, xj of the matrix
A, such as: di,j =

√
(xi − xj)T /S(xi − xj), where S is the

covariance matrix [18].

Homological persistence analysis was performed with the
distance matrix D from the characteristics matrix A [19]. To
build the persistence diagram based in the Vietoris Rips filtra-
tion scheme [20], was used the library known as Ripser [21].
For a filter value, the connected components, loops, and voids
were shown from the persistence diagram. Additionally, a
Principal Components Analysis (PCA) was applied in the
representation space generated by the spectrograms, to make
a description of the dimensionality and distribution of each

UPZ.

III. RESULTS

The data used for this analysis reported incidents in 112
UPZ and five UPR spatial units. For each unit, a spectrogram
was constructed, as shown with some UPZ of the Figure 3.
Each point in the spectrogram’s horizontal axis is a month,
beginning in 2014 and ends in 2019. The vertical axis of the
spectrogram corresponds to the frequency by days. Therefore,
the value of 1/7 is the weekly frequency, and the value of 1
corresponds to the daily frequency. The spectrograms of the
spatial units selected in Figure 3 show a predominant weekly
and daily frequency and a significant increase of incidents in
all December.

The spectrograms were used as the characteristics of each
spatial unit. In this way, all the spatial units were mapped
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Fig. 4. Interactive map of UPZ’s Bogotá. The UPZ’s with a similar incident dynamic is highlighted in red. Additionally, the spectrogram of the selected UPZ
and the remaining UPZ’s is shown in yellow.

to the feature space defined by the spectrogram. Each spatial
unit is represented by a point of 2016 dimensions in the
characteristics space (2016 = 168 frequencies by 12 monthly
averages). Figure 2 left side, shows the distribution of the
points in the feature space, which was reduced to 2 dimensions
by PCA for presentation purposes. The first two components
of PCA represented 16.6% of the information. To obtain 90%
of the information, at least 99 components are required.

In Figure 2 right side, the homological persistence diagram
using Mahalanobis distance for H0, H1 and H2 is shown. The
persistence diagram shows that the elements connect almost
uniformly over the entire distance range (0, 50). The results of
homological persistence H0 suggest the optimum is to divide
the spatial units into two groups: the first group of twelve units
that are relatively close, and the second group the rest units,
which are highly dispersed. As can be seen in the persistence
diagram H1, H2 does not present information, suggesting that
there are no cycles in the organization of spatial units.

Figure 3 shows how the 12 UPZ with the highest measure of
similarity were connected with their respective spectrogram.
The color intensity of the line connections means the degree
of similarity among differents UPZ. The darker corresponds
higher the similarity value. The figure 3 shows the 44 most
robust connections between UPZ. Figure 4 shows how the
12 UPZ were distributed with the most significant measure
of similarity in the city. In this UPZ group (Figure 3), it
is shown that the spectrograms have a well-defined pattern.
Analyzing these spectrograms shows that all of them present

a high frequency of daily, weekly, inter-weekly, and monthly
incidents. Furthermore, December’s month presents a high rate
of incidents due to many traditional celebrations in Colombia.
In opposition to the low rate presented in January because
many people go on vacation outside the city. This contrasts
with spectrograms such as ”Paseo De Los Libertadores, Jardı́n
Botánico, Parque Salitre, La Academia, Country Club, San
Isidro” where the entropy measure is high, which implies a
high degree of uncertainty, which suggests a random behavior
of the incidents.

The configuration of spatial units in Figure 3 presents
similar temporal dynamics and a high rate of incidents,
but they also coincide with other fundamental aspects. For
example, UPZs correspond to highly populated residential
areas with low economic resources and high social needs
since these areas host a high percentage of the population
displaced by the violence of the entire national territory and
the immigrant population of Venezuela, in addition to the
social challenges mentioned [22]. According to the theory
of routine activity, several conditions meet to increase the
probability of aggressive behavior in these areas, such as
large flows of people on weekends around different cultural
activities accompanied by alcohol consumption. Despite the
police’s greater presence in this area [23], there is still a high
rate of incidents, suggesting that preventive social intervention
programs that promote self-control may be more effective than
increased police surveillance.
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IV. CONCLUSIONS

The results of the work have shown that there is no clearly
established pattern of the occurrence of incidents of aggressive
behavior. However, it is possible to establish similar dynamics
of incident occurrence between UPZ groups, except for those
spatial units that show a random behavior of incidents.

The spatial-temporal characterization of the dynamics of
incidents of aggressive behavior and personal injury in Bogotá
is a relevant finding for decision-makers to design and test the
success of prevention strategies.

UPZ with similar behavior also show a degree of similarity
with respect to socioeconomic conditions and land use. This
can be an important finding that must be statistically evaluated.
In the same way, it is expected to be able to relate the incidents
with other variables such as demographic variables and social,
cultural and sports events.
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