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ABSTRACT
Graffiti is an element of graphic expression that manifests differ-
ent states of the human being. However, for many governments
worldwide, it has been an element of discord between them and
the communities that express themselves through graffitis. This ar-
ticle proposes identifying graffiti and concentration zones through
Computer Vision and object detection and localization to support
public policy management in smart cities. ASUM-DM methodology
is used to achieve the aim. Initially, the current problems faced by
municipal governments in the management of public graffiti policy
are identified. Then available datasets of images from Google Street
View (GSV) and other acquired datasets are identified for the case
study carried out in the city of Medellín (Colombia) and border
municipalities. A training dataset of 1,395 images and a produc-
tion dataset of 71,100 panoramas is placed on strictly using the
experimental method of the division of training data, validation,
and a production sample, to make a correct estimation of the gen-
eralization error. As a result of the training process, we obtained
an Average Precision of 69,14%, which presented a high precision
Tag of 89.23%, and low precision of 59.13% in Mural. Finally, it is
possible to build heat maps of graffiti concentration areas that could
guide rulers to create or improve public policies related to graffiti
expression.

CCS CONCEPTS
• Applied computing→ Law, social and behavioral sciences;
• Computing methodologies→ Computer vision.
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1 INTRODUCTION
Around the world, some of the elements of urban tourism that
becomes more relevant are the Graffiti Tour and Street-Art Tours1.
Specifically, Colombian cities like Medellín and Bogotá have been
changing Graffiti’s view into the city: Graffiti Tour2, Bogotá Graffiti
Tour3. Nevertheless, graffiti is and will be a social element under
discussion for a long time. It is because "writing on the walls" could
be an artistic expression or human vent by nature. Its analysis has
been done from different social perspectives such as culture, art,
politic, human rights, and economics (e.g., tourism sector). Some
approaches support graffiti as a positive expression for the city
transformation [19] [26] while others show how might still it be a
vandalic expression [23] [22].

In the last decade, the rulers of the city of Medellín have been
strategic in transforming the violence left by drug trafficking, the
guerrillas, and the displacement of villagers into several citizen
opportunities. One of them is graffiti and street art as an expression
of culture that provides a new perspective of life for the most vul-
nerable citizens, and an economic axis of growth for them and con-
sequently for the city [25]. However, many efforts or challenges on
that type of activities can be frustrated by the spontaneous “artists”’
intervention in different city areas, whose authorship is unknown.
It is not easy to identify the graffiti’s location and much less the in-
tensions with those graphic expressions. Consequently, this makes
these “unofficial” staging areas difficult for local governments to
manage. It could increase the likelihood of graffiti proliferation in
unregulated spaces, particularly related to vandalism’ acts or that
“dirty” the city.

Nowadays, information technologies have begun to support this
type of social concern from the perspective related to the treatment
of images [18] [17]. Besides, Artificial Intelligence tools and tech-
niques guide the analysis of information on countless problems.
For instance, Gordienko et al. [8] train Machine Learning and Deep
Learning models for the recognition of image characters. Munsberg
et al. [15] validated the ability to use a convolutional classification
network, trained on ImageNet to classify graffiti images taken from
Flickr. Nahar et al. [16] proposed a tool based on an uncrewed aerial
vehicle (UAV) to remove graffiti in a city. The detection is made
from a convolutional network. In the same way, Wang et al. [27]

1https://www.bombingscience.com/graffiti-street-art-walking-tours-around-world/
2https://https://www.comuna13grafititour.com//
3http://bogotagraffiti.com/
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presented a UAV for cleaning and graffiti removal. For image pre-
diction, a TensorFlow API-based model pre-trained with the COCO
dataset is used.

In this article, we propose a Computer Vision model supported
by transfer learning and object detection techniques. These use
GSV images (Google Street View) and acquired datasets (i.e., a
training dataset of 1,395 images and a production dataset of 71,100
panoramas) to recognize graffiti in Medellín city and some south
border municipalities. We emphasize scenarios where the image
contains additional elements to the graffiti (e.g., mailboxes, signs,
walls, etc.), where predictive capacity is significantly affected.

Our proposal uses ASUM-DM methodology adapted by Angée
et al. [1]. We emphasize the core activities of the stages Analyze-
Design-Configure&Build and Deploy. Thus, we accomplish to be ro-
bust in the stages of training and evaluating the model. Initially, we
identify current problems that must be faced by municipal govern-
ments in the management of the public graffiti policy (i.e., conflicts
of interest that may arise between author, authority, and owner con-
cerning property rights and public space others). Then, we define
requirements related to identifying graffiti, zones (i.e., geographical
area such as neighborhood, street) where they are concentrated, and
the way to achieve high performance by applying object detection
and localization technique.

To achieve that, we search available datasets for the case study in
the city of Medellín (Colombia) and its south border municipalities
like Itagüí, Envigado, and Sabaneta (i.e., "our focus area"). Using an
experimental method to the division of training data, its validation,
and the test sample production to find a correct estimation of the
generalization error. As a result of the training process, an Average
Precision of 69,14% is obtained. Finally, it provided visualization
results that will be the input for public political’s guidelines to help
municipalities manage this social manifestation type.

The article is organized as follows. Section 2 presents the Litera-
ture Review related to the most relevant concepts and related work.
Section 3 presents the proposal development step by step and the
results obtained. Finally, section 4 concludes and presents future
work.

2 LITERATURE REVIEW
Ulmer [26] mentions a formal meaning of Graffiti, which is "Creat-
ing “tags” and “pieces” through stylized words and text, often with
spray paint in aerosol cans". It is also a communicative expression
that merges with the creative and artistic related to community and
territory. Ulmer also presents several graffiti’ categories, of which
we will work with three of the most representative: "Tag", "Writ-
ing/Block", and "Street Art".Tag is defined as "The personal signature
of an artist or crew, often written, repetitively, to gain recognition or
mark territory". It is a unicolor signature that is usually painted
with spray paint.Writing/Block consists of letters or adaptation
of writings to design and elaborate graffiti. It is a category that
groups several styles in which the designs are mostly composed
of letters; in turn, there are several sub-classifications based on
shapes, time of execution of the painting, or size. Street Art is
"Visual art placed in public spaces, usually without permission; it
includes traditional graffiti; also referred to as post-graffiti or urban
art". Likewise,Mural which can be classified as part of Street Art

and can be "a large painting or visual artwork situated on a wall".
Examples of those kinds of images located in our focus area can be
seen in Figure 1.

Figure 1: Examples of graffiti by category.

Public policy around graffiti is a complex issue to deal with. It
depends on various political positions defined for the municipalities
[19] [23], the state, or even the country, and how the artistic expres-
sion contributes to the value generation in a city and its society.
The public policy regarding graffiti in Colombia is Law 1809 of
2016, which issues the Police Code, regulates the duties regarding
public space, and specifically mentions graffiti’s proceeds [13]. The
Police Code prohibits writing or posting on public or private space
"captions, drawings, or graffiti" without proper permission. Like-
wise, the law gives graffiti space to be carried out in designated
areas, with the competent authority’s authorization. There is no
regulation or explicitly established policy around graffiti in our
focus area that expands or contextualizes what is specified in the
Police Code.

Computer Vision is the field of study used to achieve our ap-
proach. It seeks through techniques based on algorithms and math-
ematical modeling to provide machines with the ability to perceive,
understand, and take action on the information contained in im-
age or video files [11]. Specifically, transfer learning is the most
used method for handling images; it allows the use of a previous
training parameter so that the new training does not start from
scratch but rather appropriates the learning of a different problem
[9]. The basic approach to the Computer Vision problem is that of a
classification problem. One of the first reference used to evaluate or
compare the accuracy and efficiency with models is ImageNet [4]
[10], which is a large-scale image ontology built on the backbone
of the WordNet structure [14]. Then, since 2012, with the introduc-
tion of AlexNet [12], different convolution network architectures
become the approach with the best results, growing in efficiency
while increasing in size [24].

Several classification image techniques use Deep Learning; some
are image preprocessing, semantic segmentation, feature extraction
and training, object detection, and localization. Specifically, the last
one is our interest because it seeks to identify images, considering
that there can be several classes and several objects of the same class
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in the same image. Unlike the "classification and location" approach,
the problem to be solved is more complex and requires more robust
architectures [7]. The Object Detection Architecture uses the R-
CNN method (Regions with CNN (Convolutional Neural Networks)
features); however, Fast R-CNN and Faster R-CNN provide much
better results in accuracy and efficiency [6][21]. Specifically, the
Faster R-CNN model modifies the R-CNN architecture, proposing
regions through a "region proposal network" (RPN). It is part of the
2-step object detection networks because it divides the task into two
main parts; the first is an algorithm to propose some regions to be
analyzed, followed by a classifier. This type of architecture’s main
challenge lies in the algorithm for proposing regions, as it is usually
very computationally intensive and is considered a “bottleneck”. In
this way, a significant reduction in the predictions’ computational
intensity is achieved [21].

In the object detection task, it is important to measure that the
prediction class corresponds to the "true" class and measure that
the prediction bounding box coincides with the "true" bounding
box. It is calculated with the "Intersection over Union" (IoU). When
a prediction achieves an IoU above a defined criterion, and the
prediction class corresponds, it is considered a true positive. With
this information, it is possible to calculate accuracy and recall met-
rics to interpret the model’s effectiveness. Once the indicators per
image are calculated, the average precision (AP) is estimated to add
a single indicator of the model’s effectiveness [20].

3 PROPOSAL
We use ASUM-DMmethodology adapted by Angée et al. [1]. Figure
2 shows how the experimental process is achieved for our proposal.

Figure 2: ASUM methodology adaptation to support the ex-
perimental process.

3.1 Understand Data
We collected Google Street View (GSV) images from our focus area.
City images usually have much information in a single shot; for
example, different objects located on the streets, and in the presence
of graffiti, it can be located in different zones with different sizes,
shapes, and angles. These characteristics make that object detection

model a better approach. For our case, diverse datasets are used:
STORM, Extended dataset, Production dataset.

STORM is a dataset of graffiti structured for object detection
training; the West Attica University collected it in Greece [3]. It
comprises 1,022 images with their annotations, bounding boxes,
and Class. It is mainly composed of Tag type graffiti and will be
part of the training process dataset.

Extended dataset is created as part of our research process
during an experimental process. It contains 373 GSV images with
Mural and Blockbuster graffiti. These were selected, preprocessed,
and mixed with the STORM images to obtain an extended dataset
that would add up to 1,395 images from our focus area. It will be
part of the training process dataset too.

Production dataset is a collection of GSV images of our focus
area. This dataset was obtained using the "Street View download
360" tool. The collected images are called "panorama," a 360𝑜 view
of a specific point. To select them, we create a grid of geographical
coordinates, with a distance of 26 meters between each point; this
is done to reduce the number of images downloaded. We took
71.000 panoramas, each with geolocation information (latitude and
longitude). It will allow us to make the geolocalization analysis of
the graffiti found.

The collection of this number of images required a significant
effort since these images have an accumulated weight in the stor-
age of approximately 100 GB; this means that the primary data
engineering effort was invested in constructing this dataset and its
associated metadata.

3.2 Prepare Data
Wedefine three tasks to prepare data: Labeling, Size Standardization,
and Panoramas transformation.

Labeling. Due to the Faster R-CNN method is part of the super-
vised models, image labeling is required. It includes the bounding
boxes and class labels for the training images. This process is car-
ried out with the LabelerImg tool [5]. Thus, we obtained a file with
the Pascal VOC format labels for each image of both training and
evaluation datasets.

Size Standardization. In this task, the images are rescaled to
guarantee that all images have the same size in the training and
evaluation datasets. A dimension of 960x720 pixels is defined.

Panoramas transformation. A panorama image consists of a
360𝑜 view of a specific point; then, several images can be extracted
from the same panorama, each corresponding to the perspective
in one direction. For each panorama, we extracted six images that
correspond to the following angles from the north point: -120𝑜 ,
-60𝑜 , 0𝑜 , 60𝑜 , 120𝑜 , 180𝑜 (see Figure 3). These images are the input
to the prediction model (we decided not to store the images on disk
to optimize resources). This preprocessing activity is carried out in
conjunction with the inference process.

3.3 Modeling and Evaluation
The Detecto [2] library was used for the training; this is a special-
ized library in Computer Vision and object detection; it is based on
Pytorch, which is one of the leading Deep Learning frameworks.
A Faster R-CNN network is trained over a pre-trained ResNet-50
classifier on ImageNet. During the training process, the network
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Figure 3: Panorama image extraction.

parameters are adjusted to minimize the loss function; it is calcu-
lated with the model’s prediction and the test data. Two training
are carried out, one with the STORM dataset and one with the
extended dataset. Then, we built the Validation/Evaluation dataset,
which was composed of data (images and metadata) with the same
distribution of the Production dataset. This dataset comprises 164
GSV images located in our focus area, i.e., graffiti type Tag, Block,
Mural. This dataset is used to measure the performance’s model;
in other words, the prediction results on the Validation/Evaluation
dataset.

In the object detection task, many possible bounding boxes
should not be detected within an image; this means that using
a metric that contains a True Negative rate may lead to biased
results. Therefore, we use the Average Precision (AP) metric since
a regular Accuracy might not be the best metric to evaluate the per-
formance due to the misdirection caused by the True Negative rate
[20]. Thus, from the Validation/Evaluation dataset, we generated
four sub-datasets to analyze where the model presented better and
worse results (i.e., minimum learning guarantee).

Easy Tag. It comprises 33 images with medium-sized Tag type
graffiti, with few tags per image, without other types of graffiti.

Hard Tag. It comprises 31 images; unlike the previous dataset,
it includes tagged images of different sizes, including small tags,
additionally images of facades with lots of graffiti (many predictions
on the same image).

Block. This 36-image dataset contains block-type graffiti, some
medium-sized, and another full wall size.

Mural. It containts 25 wall images, most of which are full size.
Some are partially hidden by other objects such as trees or vehicles.
The model results are the prediction over the class "Graffiti", the
probability of belonging, and the vector with the bounding boxes
information.

3.3.1 STORM dataset training evaluation. Once the first iteration
with the STORM dataset’s data is done, the Average Precision (AP)
obtained is 58,3%. When we evaluate the prediction on the four
subsets of images, the best results are obtained on images with Tag
(easy Tag AP 73%; hard Tag AP 66%); the results on other graffiti
types are significantly lower (Block AP 59%, Mural 37%).

3.3.2 Training evaluation with the Extended dataset. When ana-
lyzing the validation results of the trained model in STORM vs.
the model trained with the Extended dataset, it is observed that
the results improve significantly: STORM AP 58.3% vs. Extended
dataset AP 69,14% (see Figure 4).

Figure 4: STORM AP vs. Extended dataset AP.

Figure 5) shows the extended dataset results model, which is
better in all subsets. Particularly the Tag’s type results (Easy Tag
89.23%; Hard Tag 72.4%). Also, Block type graffiti’s results improved
significantly (Block STORM 59%; Block extended 75%), even when
the results on Murals improved (37.4% to 59.13%) still are the lowest
of the different datasets. The Extended dataset results model is
better in all subsets, particularly the Tag’s type results (Easy Tag
89.23%; Hard Tag 72.4%). Also, the results on Block type graffiti
improved significantly (Block STORM 59%; Block extended 75%),
even when the results on Murals improved (37.4% to 59.13%) still
are the lowest of the different datasets (see Figure 5). Specifically,
this presents a significant challenge since the concept of Mural or
artistic graffiti is ambiguous, so it is difficult to define its latent
characteristics that allow the classification with a model like the
one proposed. With these results, the model is considered good
enough to be deployed.

Figure 5: Extended dataset Recall Precision curves.

3.4 Deploy
At this stage, we propose a way to guide and transfers knowledge
through image inference. Given the results obtained in the previous
section, the model trained with the Extended dataset is chosen to
deploy with the Production dataset. In this process, we create a
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dictionary with the geolocation information and the number of ge-
ographical position detections. Seventy-one thousand one hundred
geographical positions were evaluated, each with six images, which
means that the inference was made on 426,600 images. As a result,
we identified 2,869 positions with a concentration of graffiti (i.e.,
4.03% of the total positions analyzed) and 19,696 graffiti. With this
information, we presented the results related to zone concentration
using heat map visualization. To achieve that, We propose two
categories of graffiti concentration zones High and Low.

High. It means the zone could have high graffiti concentration,
which is shown using a large proportion of red, orange, or yellow
colors. It could be viewed from two perspectives: 1) where images
are concentrated in almost the whole zone; 2) where the images
are scattered in different zone points.

Low. It means the zone could have low graffiti concentration,
which is shown using a large proportion of blue color or absence
of color.

Figure 6 shows Medellín’s downtown (Z1), which is identified
as a zone with high graffiti concentration. It gathers vast commer-
cial areas that could provoke social and security concerns. On the
other hand, the west side of the city (Z2) presents a low concentra-
tion graffiti zone because it comprises middle-income residential
neighborhoods, except for these zones’ main access roads.

Figure 6: Downtown Medellín (Z1). Residential neighbor-
hoods at the west of Medellín (Z2).

Figure 7 shows upper-middle-income residential zones located
at the southeast of Medellín, such as El Poblado. Specifically, that
zone has suffered substantial transformation to commercial and en-
tertainment places in the last ten years, leading to cultural changes
from vandalism graffiti to Block and Mural graffiti. Besides, the
north of Envigado municipality is a residential zone; however, it is
possible to see a yellow point where there are Tag or Block graffiti
outside the private residential complex wall.

Figure 8 highlight two zones. Z3 has a dense concentration of
industrial and commercial areas and one of the main Medellín
avenues. Precisely, it is occupied by homeless people at not-working
hours, provoking Tag and Block graffiti as part of either vandalic
or cultural expressions. Big places characterize Z4 as the city Zoo
and a recreational sports center, which have fomented the Mural
graffiti.

Likewise, in the municipalities in the south of the focus area, we
identified zones with high graffiti concentration surrounding the
town squares.

Figure 7: Residential zones on the east side of the focus area.

Figure 8: Industrial/Commercial zone (Z3). Cultural zone
(Z4).

Guidelines to create or improve Public Policies from the proposal.
Once a high graffiti concentration zone has been identified, we
suggest the concerned authorities take into account the following
guidelines: 1) Analyze the graffiti from their content and impacts on
the community. Some suggested parameters are the purpose (van-
dalic, cultural, political, etc.), geolocalization, concentration level,
urban zone characteristics, etc. 2) Analyze the current regulations
related to security, culture, touristic, or other proposals applied
to the zone. 3) Identify possible zone transformation, creating or
improving public policies.

For instance, areas with a high Tag type concentration or van-
dalic graffiti located in industrial/commercial zones could generate
negative impacts such as property deterioration and safety risks;
then, restoration interventions should be promoted. Otherwise,
in areas with a high concentration of graffiti and where content
analysis identifies an artistic vocation, then, tourist activities must
be promoted. To this end, communities and companies dedicated
to guiding tourists and public administration should coordinate
promotional activities to guarantee safety conditions. Commercial
areas must coordinate with companies or government joint calls
where artists can intervene in the walls with promotional activities.
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4 CONCLUSION AND FUTUREWORK
The proposal presented in this article identified graffiti and con-
centration zones through Computer Vision and object detection
and localization techniques to support public policy management
in smart cities. Thus, the implementation guidelines were defined
from the resulting models to formulate governance concerning the
graffiti treatment. Specifically, this article presented the Medellín
and some border municipalities case study. A visualization demo
can be seen at https://github.com/BaoxiticDC/GraffitiData.

In the particular case of Medellín and border municipalities,
it was identified that there is no formal policy beyond what is
regulated in the Police Code regarding graffiti. Still, there is evidence
of interest in promoting and integrating Street Art into the city’s
aesthetic, such as calls for painting in specific areas defined for this
purpose.

Regarding the Deep Learning models application, we found evi-
dence that our proposal of using object detection and localization
technique for graffiti classification was suitable, as shown in the re-
sults in section 3. Furthermore, object detection architecture Faster
R-CNN instead of simple convolutional networks significantly im-
proved the results. On the other hand, the methodology used to
estimate the proposed model’s generalization error supported the
model’s predictive capacity.

As part of the exercise’s implementation, a dataset of 426,600
images of Medellín and some border municipalities was formed.
The prediction results allowed for analyses that could enrich public
policies’ definition with the images’ metadata. Besides, the visual-
ization tool is built, identifying graffiti concentration zones through
heat maps. That allowed the definition of guidelines to create or
improve sectorized policies, classify these zones to carry out preser-
vation activities in artistic graffiti or restore in cases where the
graffiti has a negative connotation or deteriorates public or private
property.

From the identification of graffiti concentration zones proposal,
we will work in extending the possibilities of images analysis
through amore in-depth classification to achieve new graffiti classes
based on its shape (e.g., Tag, Block, Mural, among others) or by its
purpose (e.g., artistic, politic, educational, among others).

To complement the current approach, we will enhance the anal-
ysis of concentration zones with additional information, such as
economic level, lighting, criminality level, etc. It could lead to find-
ing correlations or causal effects that enable a better understanding
of the phenomenon of graffiti.
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