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Abstract. Urban art constitutes an important issue in urbanism. Previous studies on the spatial distribu-
tion of graffiti rarely consider visual categories and how the city topology can impact graffiti production.
In this work, after assigning graffiti occurrences to three categories, we analyzed their spatial distribution
while searching for possible biases. Concepts from complex networks were adopted. First, communities
defined by the connectivity profiles of the city network were obtained and the prevalence of each type
of graffiti over these regions was analyzed. Next, to study the relationship between the density of graffiti
occurrences with the visibility of specific city localities, a measurement (accessibility) based on the dynam-
ics of the network was related to the distribution of the occurrences of graffiti of each type. Our case study
considered the city of Sdo Paulo, Brazil. The results showed good agreement of the detected communities
with the main city areas and no biases between the relative density of each type of graffiti. Relatively high
correlations were obtained between the density of graffiti and the accessibility when calculated inside each
of the identified communities, suggesting that graffiti tends to appear more frequently in certain regions

of the city with high accessibility.

1 Introduction

Modern cities represent the perfect stage for different
forms of urban expression. Paintings on public walls
are commonly known as graffiti, being part of the land-
scape of most large cities. These urban canvases may
be composed not just by drawings, but also by combi-
nations of symbols and writings. There is a wide range
of ways in which these graffiti can be made, regarding
the material, the size, the colour, and the respective
content. This visual signature may be associated with
the socio-economical context of the location [5]. Despite
their great diversity, for simplicity’s sake here we call
all these forms graffiti.

It can be observed that graffiti is primarily created
in urban regions. From a mathematical point of view,
cities can be seen as an irregular, complex graph that
evolves in time [2]. A diverse range of properties can be
obtained from the network structure, including its aver-
age degree, clustering coefficient, and centrality mea-
sures [11]. Interestingly, these topological features can
be related to several dynamical processes taking place
in the network, such as mobility [14]. Previous works
have analyzed the distribution of graffiti and its corre-
lation with socio-economical indices [1,8,10,16]. These
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works considered just particular cases of graffiti, and
more systematic studies considering the spatial distri-
bution of different categories of graffiti are still neces-
sary. Another subject deserving further attention con-
sists in trying to better understand graffiti in the light of
the city network topology and dynamics. In particular,
having assigned categories to graffiti, it would become
possible to study their spatial distribution and relation-
ships with topological features of cities such as commu-
nities. Among other results, observed heterogeneities
could provide indication about the context and moti-
vation of graffiti. In this work, we aim at approaching
these problems in a more systematic way.

Street-level images are initially collected from the
location of interest. Categories are then defined based
on a visual exploration of the data. The collected images
are classified in terms of the observed categories of graf-
fiti. The distribution of the location of each type is cal-
culated and its deviation to the overall distribution is
estimated. To investigate these differences, we extract
the street network and analyze the respective structural
and dynamics properties. From the topology, we obtain
the communities and analyze the difference in the par-
ticipation of each type of graffiti across the commu-
nities. We additionally perform random walks in the
network to estimate the accessibility of the nodes. The
results suggest differences among the spatial distribu-
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tions of each type of graffiti. The results of the dynam-
ics show that there are moderate positive correlations
among the density of each type and the accessibil-
ity. Another compelling result concerns the association
between accessibility and the density of occurrences of
graffiti. Despite showing moderate values of Pearson
correlation coefficient when the entire city was consid-
ered, much higher values of correlation were observed
when the correlation was measured within some com-
munities. In particular, considerable values have been
obtained in the northern region of the city of Sao Paulo.

The paper is organized as follows: the method and
the underlying theory are initially presented, then the
experiments are described followed by the respective
conclusions.

2 Materials and methods

Instead of manually inspecting the regions in the city,
the proposed approach considers street-level images col-
lected from Google Maps [7]. These images are obtained
from sensor-equipped cars as they move along the
streets, with similar weather and lighting of the scene
within a given region. The images are accompanied by
metadata, which includes the geo-location of the scene.
In the presented method, a geographical region of inter-
est is initially defined (e.g. corresponding to a specific
city). Given that a very large number of images is usu-
ally found in [7], it often becomes a challenge to process
all of them. In this work, we randomly sample, with uni-
form distribution, a percentage of these images. As the
images available in [7] do not contain metadata regard-
ing the presence of graffiti, it is necessary to perform
some pre-processing to separate the images that are to
be considered.

When the overall distribution of graffiti is not uni-
form, presenting variations of density at distinct posi-
tions, two main hypotheses may be considered to
explain such heterogeneity distributions: (i) though
originally distributed in a uniform manner, the graf-
fiti was sampled in some heterogeneous manner; and
(ii) the graffiti is, in fact, not uniformly distributed.
A third possibility would correspond to a combination
of these two hypotheses, namely a heterogeneous graf-
fiti distribution being sampled in a non-uniform man-
ner. For simplicity’s sake, hypothesis (i) was adopted in
the present work. Such an approach is associated with
a choice of a minimum density. Therefore, it becomes
necessary to consider some indication of relevance that
allows the less densely sampled portions of the data not
to be taken into account. This criterion is described in
more detail in Experiments.

Differently from previous related works, the graf-
fiti present in the image is categorized according to
the visual form: simple scribbles (type A), painted
writings (type B), and canvases or textures (type C).
This division is made after a preliminary visual explo-
ration of the graffiti occurrences, taking into account
the expected time to make them, while taking care to
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achieve well-separated categories. Please refer to Fig. 1
for an illustration of each of these three types. The col-
lected sample is manually labeled whether containing
or not each of the three types described, resulting in
27371:0 (2) = 8 possible combinations of labels for an
image.

2.1 Definition of types and annotation

To compare the spatial distribution of each of the
above types of graffiti, a non-parametric density esti-
mation with smoothing kernel can be calculated on the
location of the occurrences. A kernel density estima-
tion [4] with Gaussian kernel is therefore computed for
each of the graffiti types. To compare how the distri-
butions differ one another, the Kullback—Leibler diver-
gence (KL) [9] is calculated. The KL divergence is a
non-symmetric measure that originated from informa-
tion theory, to estimate the information lost between
the expected (Q) and the observed signal (P). It is cal-

culated as Dky,(p(z) || ¢(x)) = ffom p(z)log (%) de.

According to the equation, lower values corresponds to
stmalar distributions.

2.2 Network structure

Real networks [3] are characterized by presenting het-
erogeneous connectivity patterns. One classical problem
when handling graphs is community detection, which
aims at identifying modules or subgraphs having ver-
tices that are more intensely interconnected internally
to each module than across modules. Many works have
tackled this problem, including the more traditional
partition-based, hierarchical-based, and spectral-based
methods [6]. Instead of handling expensive computa-
tions on the adjacency matrices, Rosvall et al. [15] pro-
posed a community detection methodology based on
random walks and information diffusion. The method
minimizes the information required to describe the
process of information diffusion across the graph. For
instance, in a two-level description, communities in the
graph may be uniquely identified, while the name of
the vertices may be recycled across these structures.
This idea is analogous to repeating street names across
different cities. Huffman coding is used for the vertex
names and the method aims at finding the partitioning
of the graph which minimizes the description length of
an infinite walk. In the case of no well-defined clus-
ters, transitions between the potential clusters will be
frequent and there will be little benefit in using a two-
level description. The optimization of the possible par-
titioning schemes is computed using greedy search and
simulated annealing. The described approach is applied
to the identification of clusters in the city network.

2.3 Network dynamics

The structure of a network plays an important role in
the dynamics of the processes that can take place on
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(a) Type A
Fig. 1

it (e.g. [3]). Accessibility [17] is an interesting concept
in this regard, as it provides information about both
the structure and dynamics of complex networks. This
measurement quantifies the influence of a given node
on a set of vertices in its neighborhood, with respect to
a specific dynamics (e.g. neuronal dynamics, epidemics,
random walks). The random walk represents one of the
central paradigms in dynamical systems, partly due to
its simple formulation. The dynamics of random walks
have been extensively studied (e.g. [12]) in the litera-
ture.

In this work, besides the traditional random walk, we
consider a variation in which the walker is not allowed
to repeat any vertex or edge because it is not expected
that the graffiti makers keep going back and forth in
the same streets. The agent starts from a source node
and is allowed to move in a walk with no repeating
vertices or edges, which results in a path with length h
(please refer Fig. 2). The transition probabilities (p’ ;)
between vertices can be obtained by considering the
number of times the vertex j was reached from vertex
1, cZ ; scaled by the number of realizations (number of
paths). The outward accessibility of each vertex can
then be calculated with Eq. (1).

AU(i) = exp | =Y pltjlog(pl;) | - (1)
j=1

This measure reaches maximum value when it can
reach the vertices in level h with the same probability.
Consider the network depicted in Fig. 2. In this case,
the accessibility of the vertex i for h = 2 has maxi-
mum value, A", (i) = exp [—(3log(3) + 3log(3)] = 2,
because it can reach the vertices in level 2 with the
same probability. On the other hand, this same measure
achieves a lower value for vertex k due to the different
probabilities of reaching the vertices 2 levels apart from

k.

(b) Type B
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Categories of graffiti considered in this work (from a personal collection of pictures)

Fig. 2 Reachable vertices in the accessibility measure-
ment. Concentric vertices represent nodes reachable in the
same number of steps, h = 1, 2, departing from node 4. This
measure achieves a higher value for vertex ¢ than for vertex
k, assuming h = 2

3 Experiments

We considered the city of Sdo Paulo, Brazil, as a case
study. We initially obtained from [13] the street net-
work, which is directed and composed of 112,014 nodes
and 287,592 edges.

The images were initially obtained and manually
annotated in terms of the three types of graffiti or their
absence. A total of 3,154 images were identified as con-
taining at least one type of graffiti. The numbers of
occurrences of graffiti for types A, B, and C, were 2086,
476, and 592 respectively. In relative terms, 19.7% of the
images contain at least an occurrence of graffiti, with
an approximate 66%-15%—-19% mixture of the types A,
B, and C, respectively. That means that in the analyzed
region, type A appears in two of three affected images
picked at random, on average. The dominance of this
particular type on the ratios may be associated with
that type being more easily produced when compared
to the other types (please refer to Fig. 1). The affected
images may present more than one type of graffiti as
can be seen in Fig. 4. Despite 88% of the images having
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Fig. 3 Spatial distribution of the sample taken into
account in the analysis. The shaded region corresponds to
the city of Sdo Paulo and each dot (16,000) represents an
image considered in our analysis

occurrences of type A only, just 35% of type B occur in
isolation.

A kernel density estimation with a Gaussian ker-
nel was used to estimate the spatial distribution of
the occurrences per type. Given our interest in get-
ting the difference between these patterns, in Fig. 5
we depict the difference of the distribution of each type
with respect to the mean distribution. Different pat-
terns are observable for each type. It can be noticed
that the northeast region of the map presents a low
concentration of type A (red region in (a)) and a high
concentration of type B (blue region in (b)). Also, two

(a) Type A

(b) Type B
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Fig. 4 Number of images containing each type of graffiti.
Different types may be present in a single image and are
represented by the intersection regions

focuses of high concentration of type C can be observed
in the eastern region (c). To discriminate between zero-
valued points and sparse regions, regions with densities
below one occurrence of graffiti per 500 m (0.31 mi)
were filtered out from the analysis and in Fig. 5, they
are shown in grey. The KL divergence between each dis-
tribution and the mean distribution was calculated as
a means to quantify the discriminability of these pat-
terns and 0.0137, 0.0141, and 0.009 were obtained for
the distributions of type A, B, and C, respectively. It
shows that the spatial distribution of type B differs the
most from the average case.

3.1 Analyzing the network topology

The application of the Infomap community detection
algorithm [15] resulted in the six network communities
(C1-C6) shown in Fig. 6. The figure shows the obtained
communities, with urban features annotated, including
the meaning of the borders obtained and particular fea-
tures of each community. As can be seen, the regions
of separation mainly correspond to arterial roads and
rivers that cross the city, which are natural separators
of the topology of the city.

EN
I

(¢) Type C

Fig. 5 Graffiti occurrences distribution compared to the mean. The heatmaps show the difference between the distribution
of each type and the mean distribution. The region in grey corresponds to sparsely sampled locations (below one occurrence

of graffiti per 500 m)
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Fig. 6 Network communities obtained using Infomap [15].
The annotations show the consistency of the results
obtained with the populated portions of the environment

To analyze the predominance of one type over
another in each community, the relative occurrence of
the graffiti types per community was calculated and is
depicted in Fig. 7. This chart shows a pattern common
to all communities, with most of the occurrences of type
A, followed by type C and B. Despite the deviations
found, the results indicate no significant variations in
the proportions of each type of graffiti associated with
the communities.

3.2 Analyzing the relationship between the
topology and graffiti density

A 22-step random-walk (h = 22) was considered for
the computation of the entire-network accessibility and
the results can be seen in Fig. 8. The figure shows the
vertices of the network colored by the accessibility mea-
sure. It can be noticed that lower values tend to appear
at the border, while the peak values occur inside the
identified regions. That means that, in general, the bor-
der regions can reach fewer regions than the central
regions for the adopted topological scale of 22 steps.
To analyze the relationship of this vertex-based mea-
surement and the spatial distribution of the graf-
fiti occurrences, the graffiti count of each vertex was
extracted from the previously obtained density. Vertices
in sparse regions (grey regions in Fig. 5) were not con-
sidered. Fig. 9 shows the graffiti count and the acces-
sibility measure for each vertex of the network, con-

Page 5 of 8 192

Il Type A [ Type B m Type C
c- I
o= I
)
>
1S
: - I
o
-
-
0.0 0.2 0.4 0.6 0.8 1.0
Ratio

Fig. 7 Ratio of types of graffiti occurrences for the
obtained communities. Each bar corresponds to a commu-
nity and the partitions along each bar are scaled by the
ratios of each type over the number of occurrences inside
that community

- 1000

-800

I

600

Accessibility

400

200

Fig. 8 Accessibility of the nodes of the street network of
the city of Sdo Paulo. As expected for this measurement,
higher values are observed in the inner regions of the net-
work, while smaller values tend to correspond to the net-
work border. The network links were omitted in order to
not clutter the image

sidering the whole city. The Pearson correlation coef-
ficients between each type and the accessibility values
were computed and 0.35, 0.36, and 0.29 of correlation
were obtained with respect to each of the three types
of graffiti. These results indicate small positive corre-
lation between the accessibility value and the graffiti
occurrences.

Figure 10a shows the correlations between the aver-
age accessibility and the graffiti density obtained con-
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Fig. 9 Relationship between the network accessibility and
the overall count of graffiti occurrences. Each point repre-
sents a vertex in the network and the correspondent graffiti
occurrence count and the accessibility of the vertex in the
network

sidering several values of accessibility steps for tradi-
tional random walks. The results respective to self-
avoiding random walks are depicted in Fig. 10b. There-
fore, the results in Fig. 10 provide a more systematic
view of the possible overall relationship between the
accessibility of the city network and the respective graf-
fiti density with respect to varying random walk lengths
and for two important types of random walks, tradi-
tional and self-avoiding.

Interestingly, a peak of correlation takes place in
both situations at similar positions. More specifically,
in the case of traditional random walks, the peaks are
observed for accessibility steps ranging from approx-
imately 7.5-17.5, while the peaks are found between

0.40 —— Type A
Type B
0.35 —— TypeC

Pearson correlation

0.15 \

25 5.0 7.5 10.0 12.5 15.0 17.5 20.0
Accessibility step

(a) Traditional random-walk
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approximately 15 and 25 in the case of self-avoiding ran-
dom walks. These results have interesting implications.
First, they show that the type of random walks does not
influence the correlation in a particularly strong man-
ner, indicating that similar correlation values would be
obtained in any of these cases. Then, we also have that
the existence of peaks in well-defined intervals of acces-
sibility extension would indicate that the facilitation
of existence of graffiti at network places with higher
accessibility depends critically on the extension of the
walks as measured in blocks, suggesting that the graffiti
production tends to take place at the observed displace-
ments or spatial scales.

In the light of these correlations, we hypothesize that
the accessibility is associated with the location of graf-
fiti in two antagonistic ways: more accessible regions
are more transited and thus gets more visibility for the
produced content; and at the same time, this accessible
ways are more monitored, which inhibit the production
of graffiti in these regions.

3.3 The correlation between the accessibility and
graffiti density observed within each community

To investigate the above hypothesis further, we consid-
ered the correlations between the accessibility and the
graffiti density within each of the six identified commu-
nities. We focus on accessibility length of 22 blocks con-
sidering self-avoiding walks, as this parameter configu-
ration led to the highest correlations. Table 1 presents
the so-obtained correlations for each of the three types
of graffiti.

Some particularly high correlation values were
obtained. In particular, correlations of 0.51, 0.56 and
0.49 were observed within community C2. Relatively
high correlation values were found also within commu-
nity C1. These two communities, C2 and C1, corre-
spond roughly to north region of the city. Smaller cor-

040 —— TypeA
Type B
035 —— TypeC

0.30
0.25
0.20

0.15

Pearson correlation

0.10
0.05

0.00
5 10 15 20 25

Accessibility step

(b) Self-avoiding random walk

Fig. 10 Correlation between the graffiti count and the accessibility versus the accessibility step. Calculation considering

(a) a traditional and (b) a self-avoiding random walks
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Table 1 Correlation between the accessibility values and
each type of graffiti per community, considering the accessi-
bility with a step size of h = 22. The obtained values range
from almost no correlation (0.05), to moderate correlation
(0.56)

Community Typel Type2 Type3
C1 0.41 0.39 0.34
C2 0.51 0.56 0.49
C3 0.13 0.29 0.21
C4 0.35 0.35 0.22
Ch 0.27 0.36 0.29
C6 0.12 0.05 0.06
0.6
— TypeA
Type B
05 —— TypecC
S04
K
g
8 03
c
%
ot
A
0.1
0.0
5 10 15 20 25

Accessibility step

Fig. 11 Correlation of occurrences of graffiti and accessi-
bility inside community C2. Variation with the accessibility
step size (h)

relations were obtained for the other regions, such as
the values 0.12, 0.05, 0.06 observed for community C6
which is related to the south region of Sao Paulo.

These results are particularly interesting because
they suggest that the relationship between the acces-
sibility of the city locations and the density of graffiti
depends strongly on the urban communities or regions.
In the case of community C6, we have that the respec-
tive urban region is more sparse, with a more hetero-
geneous topology, and also has substantially less graf-
fiti. On the other hand, the two communities leading to
higher correlations correspond to the regions with the
two largest overall number of graffiti, being also char-
acterized by a more uniform topology.

4 Concluding remarks

Graffiti is a common feature of many cities worldwide.
Some previous works have already analyzed graffiti spa-
tial distribution, but they typically do not consider the
different visual forms of graffiti. Besides, they do not
take into account city spatial and topological organiza-
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tion in the analysis, which would allow the respective
topology to be tentatively associated with dynamical
aspects such as mobility.

In this work, a network science-based method for
analyzing the different types of graffiti, which are then
studied by considering the modularity and accessibility
measurements, is reported. A case study was performed
considering the city of Sao Paulo, Brazil, and three graf-
fiti types. The results showed that there are differences
among the spatial distribution of these three types. The
moderate positive correlation values between the acces-
sibility on the network and the graffiti types indicates
spatial distributions biases of the graffiti production in
the city of Sao Paulo.

Possible future steps in the reported study could
include the consideration of other cities, as well as the
subdivision of the graffiti types in further subcategories.
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