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ABSTRACT

Parra Pozo, Albert M.S.E.C.E., Purdue University, December 2011. An Integrated
Mobile System for Gang Graffiti Image Acquisition and Recognition. Major Profes-
sors: Edward J. Delp and Mireille Boutin.

In this thesis we describe a system that allows first responders to collect and browse
images of gang graffiti for the purpose of identifying and tracking gang activity. This
system is implemented both as an application for Android hand-held devices and as
a web-based interface.

Our system includes the acquisition of gang graffiti images and associated meta-
data. The data obtained from the device is transferred to a database. We also de-
veloped methods to provide basic color feature interpretation of gang graffiti images.
We describe a color recognition method for hand-held devices based on touchscreen
tracing and a color image segmentation method based on Gaussian thresholding. The
segmentation creates a probability map that can be used for shape recognition and
analysis. A user can browse the image database by graffiti color, location, date and
time, with the use of interactive map projections. Additionally, a user can manually

add information to the database, such as gang names, symbols, or general comments.



1. INTRODUCTION

Gangs are a serious threat to public safety throughout the United States. Gang
members are continuously migrating from urban cities to suburban areas. They are
responsible for an increasing percentage of crime and violence in many communi-
ties. According to the National Gang Threat Assessment, approximately one million
gang members belonging to more than 20,000 gangs were criminally active within the
United States as of September 2008 [1]. Criminal gangs commit as much as 80 percent
of the crime in many communities according to law enforcement officials throughout
the nation. Street, gang graffiti is their most common way to communicate messages,
including challenges, warnings and intimidation to rival gangs. It is, however, an ex-
cellent way to track gang affiliation and growth or to obtain membership information.

Law enforcement first responders have the potential for finding and documenting
graffiti evidence in real time. However, the number of actions that can be taken
while on the streets are limited. If there is an incident, or law enforcement needs
to compare information, they have to communicate with the corresponding police
department. For example, if a new graffiti is spotted by a first responder in an area,
the information that can be obtained in situ is very limited. In the best case scenario,
the first responder has expertise in gang graffiti interpretation and carries a camera.
The only actions he/she can take are reduced to taking a picture and writing down
some basic contextual information.

Our long term goal is to develop a system, based on a mobile device such as mobile
telephone, capable of using location-based-services, combined with image analysis, to
automatically populate a database of graffiti images with information that can be
used by law enforcement to identify, track, and mitigate gang activity. We call this
system Gang Graffiti Automatic Recognition and Interpretation or GARI. Our first

step towards this goal is a system that includes the ability to acquire images in the field



using the camera in a mobile telephone and a networked backend database system
that uses the metadata available at the time the image is acquired (geoposition,
date and time) along with some basic image analysis functions (e.g. color features).
The image and metadata is transmitted from the mobile telephone to a server and
compared against the database of graffiti images. The matched results are sent back
to the user who can then review the results and provide extra inputs to refine the
information concerning this graffiti image.

Apart from being able to send and retrieve multimedia data to the database, the
first responder can take advantage of location-based-services. The information in the
database of gang graffiti can be queried to extract information based on parameters
such as date and time of capture, upload or modification of the graffiti image, or radius
from a given location. The data includes not only the images, but information related
to it, such as date and time, geoposition, gang, gang member, colors, or symbols.

We have implemented these features both as an application for Android hand-
held devices and as a web-based interface for any device capable of connecting to
the Internet (e.g., desktop/laptop computer, iPhone, Blackberry). By providing first
responders with this capability, the process of identifying and tracking gang activity

can be more efficient.

1.1 Proposed System

Figure 1.1 illustrates a block diagram of our proposed system. It illustrates the
various services available, both on the device (no network connection required) and
on the server (network connection required). These services include capturing images
of gang graffiti, performing automatic analysis and labeling (such as geoposition,
date/time, and other EXIF (Exchangeable Image File Format) [2] data obtained
from the image), uploading images to the database of gang graffiti, and querying the

database to filter and browse its contents.



Figure 1.2 illustrates the modules of our system. Note that the image analysis
module is dashed because it is not a required step. There are two basic operation
modes: analysis of a new graffiti image and database browsing. The first mode in-
cludes capturing or browsing for an existing image on the hand-held device, extracting
metadata information and performing color recognition (see Section 2). The second
mode includes contacting the database of gang graffiti and obtaining information
about graffiti that match a specific query (see Section 3). The two operation modes
can be combined. A user can capture an image, perform color recognition, upload it
to the database, and browse different fields in an interactive map from the hand-held

device. Note that the web-based interface does not include color recognition.

Offline automatic

analysis and labeling - - ﬂ - =
- Geoposition 3 — - a - ﬁ

- Date and time
- Extracted Features Original Database

2
—_— _
s T N
Filtered results -
Info + thumbnails Filtered Database
Offline manual
filtering 6
.
Manual labeling
- Additional Features

Labeled image

Fig. 1.1.: Block Diagram of the GARI System.

Figure 1.3 illustrates in more detail the submodules of the image analysis module
in the Android application. For the web-based interface, only the metadata extraction
submodule is used. The metadata extraction submodule includes extracting EXIF

data from the image, such as geoposition and date and time, in order to identify the
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Smartphone
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i Image: el Server Database
. Analysis
Internet
Browser

Fig. 1.2.: Modular Components of the GARI System.

image and its location (see Section 3.2). The manual input submodule allows the
user to manually identify graffiti components and their properties, such as color and
orientation (see Section 3.3.2). The color recognition submodule allows the user to
detect the color of a graffiti component by tracing a path using their finger on the
device’s touchscreen (see Section 2.2.2). The color recognition is done entirely on the
device, extra data is obtained for image segmentation from the server, based on color
Gaussian thresholding (see Section 2.3).

All the data from the three submodules can be sent to the server along with the

graffiti image, and added to the database to be browsed or analyzed in the future.

Image Analysis

! Metadata
Extraction

Graffiti <—

[€rmmmmm oo > Server

Manual Color
: Input Recognition |

Fig. 1.3.: Block Diagram of the Graffiti Analysis Implemented in the Android Appli-
cation.



1.2 The Interpretation of Gang Graffiti

Gangs have used street graffiti to communicate with each other for a long time |[3,
4]. It is their most common way to communicate messages, including challenges,
warnings or intimidation to rival gangs. If graffiti are correctly interpreted, they are
a great source of information that can be used to track gang affiliation and growth,
or to obtain membership information.

It is worth noting the differences between “graffiti” terms that we use throughout

this thesis.

e Gang: We use the word gang to refer to a street gang, defined by [5] as a
“self-formed association of peers, united by mutual interests, with identifiable
leadership and internal organization, who act collectively or as individuals to
achieve specific purposes, including the conduct of illegal activity and control

of a particular territory, facility, or enterprise”.

e Gang member: To be distinguished from a tagger. Gang members paint
graffiti to mark territory, threaten other gangs or honor other gang members.
In contrast, taggers paint graffiti to defy authority, or to obtain recognition or

notoriety.

e Gang graffiti: To be distinguished from tagging. Gang graffiti are simple and

usually monochromatic. In contrast, tags are artistic and colorful.

e Component: Any of the separable elements in a graffiti, such as symbols,

acronyms, or numbers.

e Blob: Area of the graffiti containing only one component. Useful to identify

relative positions of components to each other in the same graffiti.

e Clique: Subset of a larger gang with their own name, which may have con-

nection to the gang’s neighborhood (e.g., street name, geographic location).



Cliques are local, while gangs extend nationally or internationally. Also known

as factions or crews.

e Turf: Slang for territory, or area of influence, specific in this thesis to gangs.
Term used when talking about a fight between gangs for territory or power, also
known as a turf war, usually with the objective to gain control over the drug

market in a specific area.

In the following subsections we describe how to interpret gang graffiti from its
contents, including colors, shapes and structure. We also describe how gangs and
gang members can be tracked from the graffiti contents and their location. Finally,
we illustrate some examples on how a first responder can perform the interpretation
and tracking easier and faster. Note we are not claiming in this thesis to be an expert
in the interpretation of gang graffiti. Our knowledge is limited. We are relying on

law enforcement experts for the GARI project. !

1.2.1 Some Examples of Interpretation

Gang graffiti can be considered a low-level language used by gangs to communicate
with each other. The alphabet of this “language” consists not only of letters (Aa-
Zz) and numbers (0-9) but also of symbols (e.g., stars, crowns, arrows) and colors.
The contents of gang graffiti are simple and straightforward. Gangs usually paint
handwritten graffiti using a single color (perhaps two at most). Gang graffiti do not
contain complete sentences, but words, short phrases, abbreviations and acronyms
(e.g., gang and gang member names, street names and numbers). As is the syntax in a
regular language, the relative position and alignment of each component is important
in the general structure of the graffiti. The syntax in gang graffiti is two-dimensional.

For example, the meaning of a symbol is different if it is painted at the top right of a

IThe images shown in this thesis were obtained in cooperation with the Indianapolis Metropolitan
Police Department (IMPD). We gratefully acknowledge their cooperation in GARI.



graffiti or if the symbol appears upright or upside down. Figures 1.4 and 1.5 illustrate

some examples of gang graffiti alphabet, syntax, and color.

(a) Shape (b) Numbers

(e) Letters (f) Position and Alignment

Fig. 1.4.: Examples of Graffiti Elements.



) Mexicanos Malditos Surefios 13

(b) 18th Street Gang (black) VS Surenos 13 (red)

Fig. 1.5.: Examples of Graffiti Color Recognition.

We will use Figure 1.4 as examples for interpreting gang graffiti. Figure 1.4a is
a black gang graffiti. This particular color does not eliminate any gang from being
the author of the painting. The 6-point star refers to the Folk Nation, one of the two
“nations” to which most gangs belong. Each point means: love, life, loyalty, wisdom,
knowledge, understanding. The numbers on both the left and the right of the star, 7
and 4, refer the 7th and 4th letters of the alphabet, G and D, respectively. That is,
the Gangster Disciples gang. The three-pointed pitchfork is another sign of the Folk
Nation. In this particular case, two upright three-pointed pitchforks make a total of
six points, making reference to the 6-pointed star. Moreover, the inscription below
the star makes reference to the clique with the street name, 2-8th st or 28th street,
and the nickname of the gang member who painted the graffiti, Ruthless.

Figure 1.4b is a black gang graffiti containing the name of a clique, as usual taking

its name is taken from the street where they operate. In this case, it refers to the 42nd



Street Gang from Indianapolis. The color itself does not indicate anything concerning
which gang this clique may belong to.

Figure 1.4c is a blue gang graffiti with a 6-point star similar to the one in Figure
1.4a. The blue color is used by the Gangster Disciples (and others). The numbers on
the sides of the star, along with the additional letters at its bottom make it clear that
this graffiti makes reference to the Gangster Disciples. The number 6 in the center
of the star is also an extra remainder of the Folk Nation.

Figure 1.4d is a red and black gang graffiti containing the name of a gang/clique in
red, Goon Squad (also spelled Goon Sqaud or Goun Sqoud). This gang/clique name
is very common, since it originally refers to a group of thugs or mercenaries associated
with violent acts. With the little information from this graffiti it is not possible to
determine which gang they belong to or if they are a gang themselves. However, the
use of the red color seems to be related to the People Nation, although there are
gangs from the Folk Nation that also use the same color. Below the gang name we
find the name of the neighborhood where the gang operates (i.e., Brightwood 2-5st or
Brightwood 25th Street, Indianapolis) in black. The two down arrows at each side
of the gang name express turf dominance. The inscription at the very bottom, also
in black, appears to be the nickname of the gang member who painted the graffiti,
TMOB, also known as “Brightwood 7 M.O.B. Bitch.” There is an additional down
arrow, again expressing turf dominance of this particular gang member.

Figure 1.4d is a simple black gang graffiti containing the acronym ESG, referring
to the East Street Gang in Indianapolis.

Figure 1.4f is a multicolor gang graffiti. It seems the blue graffiti was painted
over the black graffiti. The black graffiti is very similar to the one in Figure 1.4c,
belonging to the Gangster Disciples. The 28th Street clique name, along with the
nickname Ruthless, are also painted next to the 6-point star. The blue graffiti contains
the name of a different clique, the 25th Hillside, from Hillside Avenue in Indianapolis.
The inscription at the very bottom, in blue, could make reference to an insult to the

gang or gang member who painted the black graffiti originally, however the upside-
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down 5-point star indicates disrespect for the People Nation. Therefore, both the
black and the blue graffiti have been painted by gang members of Folk Nation’s
gangs, and the blue inscription to the left of the upside-down 5-point star is the
nickname of a gang member of the 25th Hillside clique, from the Folk Nation.

1.2.2 The Use of First Responder Input

Automatic image analysis of gang graffiti has some disadvantages. First, depend-
ing on the complexity of the analysis, the computational time can be inconvenient
especially if the first responder is in the field and would like to know something about
a graffiti image they are observing. For example, a first responder may want to de-
tect symbols in the graffiti and browse the graffiti in the database that matches the
symbols. This process may involve color and shape segmentation, shape analysis,
and finally database querying. Second, the results given by an automated process
may not be accurate enough. There are recognition tasks, such as the identification
of arbitrary objects, that humans can resolve without effort, but automatic methods
are not satisfactory [6]. Color recognition in a scene depends on well-defined illumi-
nation and background; shape recognition depends on the position and skewness of
the object relative to the camera.

One of the goals of this project is to aid first responders with the process of
identification and analysis of gang graffiti. Therefore, our proposed system includes
the feature of the user participating in the analysis by manually identifying graffiti
content. This allows us to exploit the expertise of the first responder and then use this
information in the future to help our methods “learn.” It is also a way of providing
“groundtruth” information for the automatic analysis.

Figure 1.6 illustrates an example of elements that could be manually filtered from
the graffiti. The analysis of the graffiti in each of the subfigures can be improved if
the first responder provides some or all the contents of the graffiti. The graffiti in

Figure 1.6a can be quickly analyzed if the first responder knows that painting makes
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reference to the 18th Street Gang. Second, the graffiti in Figure 1.6b contains the
nickname of the gang member who painted the graffiti, Ruthless. This can be easily
identified by just looking at the painting. Third, the graffiti in Figure 1.6¢ is a more
complicated case where the first responder can recognize a font type used by a specific
gang or gang member. Finally, the graffiti in Figure 1.6d, already analyzed in Section
1.2.1, contains down arrows, which can be recognized by the first responder. This
could then be entered in our database system to improve the types of analysis that

can be provided.

(a) Known Gang (b) Clear Tokens

(c) Special Font Type (d) Known Symbols

Fig. 1.6.: Examples of Manual Recognition of Graffiti Elements.

Figure 1.7 illustrates an example of graffiti content filtering. The first responder
has taken an image of a gang graffiti containing a crown. The user selects the region
where the symbol is painted and tags it as having a crown. The system can then
obtain a detailed interpretation through simple questions. First, knowing the symbol
contains a crown, the first responder is asked what option is more similar to what is
seen (Figure 1.7b). Note that the options include three, five and six point crowns.
In this case it is a five-point crown. Second, the first responder is asked about the

alignment of the crown (Figure 1.7¢). The options in this case are three: upright,
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crossed upside-down, and upside-down. In this case it is an upside-down crown.
Third, the first responder is asked about the color of the crown (Figure 1.7d). In this
case it is a blue crown. Lastly, the first responder is asked for additional content that
has not been noted along the questions. In this case there are the letters L and K
inside the crown. The manual recognition process is complete, and given the answers
to the questions a detailed interpretation can be made. First, five-point crowns make
reference to the People Nation. However, no conclusions can be drawn from this
fact, since given the color, position and alignment of the symbol the meaning can
be completely different. Second, upside-down symbols indicate disrespect for the
targeted gang by its rivals. It is then a threat to a gang from the People Nation.
Third, the L and K letters make reference to the Latin Kings gang. Therefore, this
graffiti has been painted by a gang member from any of the Latin Kings rival gangs.
The most common Latin King rival gangs are the Spanish Cobras, Maniac Latin
Disciples, and any of the Disciples cliques and the gangs from the Folk Nation [7].
However, given that the disrespect is shown through the five-pointed crown, it is more
likely to be a graffiti painted by a gang from the Folk Nation. Lastly, the color of the
graffiti indicates that the gang member who painted the graffiti is likely to pertain
to either the Maniac Latin Disciples or the Gangster Disciples. More details with
respect to the other elements of the graffiti (e.g., gang member nickname, gang or
clique name, other symbols) are required in order to obtain a more detailed analysis.

Note that a unique result may not be obtainable, because the interpretation de-
pends not only on the symbol itself, but the combination of the contents in the graffiti
along with the location and date. The results obtained from the manual recognition
are accurate enough so the first responder can browse the matching graffiti and make

informed decisions.
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a) Original image

) Browse by crown type

) Browse by position and alignment

) Browse by crown color

Fig. 1.7.: Example of manual recognition when a crown has been found in a graffiti.
The filtering suggests the meaning of this particular element is “a threat against Latin
Kings.”

1.3 Review of Current Methods

There are several methods that have been developed to identify gang graffiti using
feature matching as well as tracking gang graffiti using large databases. This section
overviews two of the current methods describing their advantages and disadvantages.

We also compare both methods with GARI.

1.3.1 Graffiti-ID

Graffiti-ID is an ongoing project (since 2009) at Michigan State University [8].

The project is focused on matching and retrieval of graffiti images. There is non-



14

published work which extends the project to gang and moniker identification [9]. The
goal of Graffiti-ID is to identify gang/moniker names related to a graffiti image, based
on visual and content similarities of graffiti images in a database. Figure 1.8 shows a
block diagram of the system. There are two modules, one for populating the database
(offline) and another for querying and obtaining results from the database (online).
The offline module includes two processes. First, automatic feature extraction using
the Scale Invariant Feature Transform (SIFT) [10]. Second, manual annotation of
graffiti images by letters and numbers. This is done on images taken from an external
gallery of images with the information stored in a database. The online modules
includes manual annotation of input images to filter the database and SIFT feature

extraction to obtain keypoint matching.

Text Annotation
Gallery SIFT Database

‘ Filtered Results ‘

Input Text Annotation

Image SIFT C)

—

Matching
Images

Fig. 1.8.: Block Diagram of the Graffiti-ID System.

The image database used is based on the Tracking Automated and Graffiti Re-
porting System (TAGRS) from the Orange County Sheriff Department in California.
The database consists of 64,000 graffiti images the main sources of the images are
the Orange County Transportation Authority and crime reports. A subset of 9,367
images were used for evaluation. Each of these images contains up to four information

parameters: moniker, gang, date and time, and address.
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The Graffiti-ID system was tested using graffiti images from the original database
subset. The retrieval accuracy was evaluated using Cumulative Match Scores [11].
The graffiti images were used as query for the manual annotation matching step, which
returns candidate images from the database that match the text description (presence
of letters and numbers). SIFT features from the input image and compared against
SIFT features from each of the candidate images. The candidates that best match
the SIFT features of the query, given the Cumulative Match Scores, are returned to
the user. Table 1.1 shows performance results of the output of the second step. The
rank-£ accuracy refers to the percentage of queries for which the correctly matched

images are found within the k£ candidate images.

Table 1.1: Accuracy and execution time for various numbers of candidate images from
the manual annotation matching step.

Candidate Images 300 500 1,000 | 9,367
Rank-30 accuracy 63.8 % | 65.4 % | 66.5 % | 64.3 %
Retrieval Time (seconds/query) | 12.4s | 20.1s | 39.8s | 415.7 s

1.3.2 Graffiti Tracker

Graffiti Tracker is a web-based system that began in 2002 [12]. It was designed
to help first responders identify, track, prosecute and seek restitution from graffiti
vandals. It is primarily used by law enforcement and public works agencies. The
database contains more than 2 million manually analyzed graffiti images from 75
cities in two countries and nine states, mainly from the state of California.

The web-based services include graffiti analysis, interactive map browsing, graffiti
storing and organization, and graffiti report. Graffiti Tracker provides clients with
GPS-enabled digital cameras to generate reports of graffiti activity. The images
can then be uploaded through the web interface to the database, they are manually

analyzed by trained analysts within 24 hours of submission.
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The GPS coordinates of each image are used to build an interactive map where
the user can view activity from individual vandals or monikers to specific crews or
gangs. Gang trends or migration can be identified if the volume of graffiti for the same
gang or vandal is large. A part from the interactive map, the user can browse the
stored graffiti by moniker, gang, type of incident, graffiti surface, or removal method.
The information can be used to generate reports based on gang or moniker activity,
such as total square feet of damage, locations of the incidents, or frequency of graffiti

vandalism over a specific period of time.

1.3.3 Comparison to GARI

Although our proposed system, GARI, shares some goals with both of the above
systems, our methodology is different. Table 1.2 summarizes a comparison between
the features of Graffiti-ID, Graffiti Tracker and GARI.

Both Graffiti-ID and GARI have goals of identifying gangs and gang members
based on the graffiti content. Graffiti-ID uses SIFT features between an input image
and images from the database. GARI currently uses color recognition techniques,
along with metadata information from an image to query the database. Future goals
of GARI include the use of SIFT features to detect if an image of a same graffiti was
already acquired at a specific location, and also the use of shape techniques to detect
graffiti components.

Both Graffiti Tracker and GARI keep track of gang activity based on GPS tags
from the images and the graffiti content. However, Graffiti Tracker graffiti analysis
is done manually, while GARI’s goal is to do most of the analysis automatically.

Graffiti-ID does not exploit the first responders action in the field, such as capture
and upload images to a server or browse the database from a mobile device; the
analyzed images are on the server. Graffiti Tracker allows users to acquire images
only with GPS-enabled cameras they provide and the images have to be transferred

to a computer and sent to the server. GARI allows the users to take images with any
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camera. The GPS coordinates are automatically extracted from the EXIF data of
the image or inserted manually when uploaded to the server (i.e., by GPS coordinates
or by address - reverse geocoding). Moreover, GARI has a mobile application that
allows the user to take an image with a smartphone and send it to the server in situ.
GARI also allows the first responder to browse the database of graffiti. GARI allows
the user to upload images to the server through a web-based interface from any device
capable of connecting to the Internet.

In Graffiti Tracker, image analysis is performed manually by trained analysts with
the results obtained within 24 hours of submission. The goal of GARI is to perform
the analysis in the field, automatically and in real-time, either on the device or on the
server. Graffiti-ID uses SIFT features to match images on the server automatically,
but the analysis of the content of the graffiti is done manually, by labeling the image.
Moreover, it just allows labels to be numbers (0-9) or letters (a-z), not symbols or
other features such as color.

Graffiti-ID does not provide any type of gang activity tracking, while both Graffiti
Tracker and GARI provide interactive maps that allows first responders to browse the
database and keep track of specific gangs or individuals. The advantage of GARI is
that it also provides additional methods for tracking gang activity, including browsing
the database by radius from specific locations, or by graffiti color/s. One advantage
of Graffiti Tracker is that its database is currently dramatically larger than the GARI
database. Therefore, the results retrieved from the Graffiti Tracker database can
indicate more accurate gang activity.

In summary, our system combines features from both Graffiti-ID and Graffiti
Tracker, and adds more services and functionality. The advantages our system has
over Graffiti-ID and Graffiti Tracker are the following. We provide a mobile applica-
tion that lets first responders act in the field, where the graffiti is located, and upload
and browse the database of graffiti in situ. The image acquisition in our system is

device independent; any image from any type of camera can be uploaded using ei-



18

ther of our supported platforms: an Android-based mobile telephone or through our

web-based interface.

Table 1.2: Comparison of features between Graffiti-ID, Graffiti Tracker, and GARI.

Feature Graffiti-ID Graffiti Tracker GARI
Used in field NO YES YES
Graffiti location | Orange County (CA) | 9 states (mainly CA) Indiana
Images in database 64,000 over 2 million 1,418
Analysis (time) - Within 24h minutes (goal)
Analysis (method) Automatic Trained analysts Automatic
Analysis (offline) Manual labeling NO Automatic (goal)
Analysis (online) Automatic (SIFT) Manual Automatic (goal)
Web version NO YES YES
Mobile version NO NO YES
Device NO GPS camera Camera/Smartphone
Interactive Map NO YES YES

1.4 Contributions of This Thesis

In this thesis an integrated mobile system for gang graffiti image acquisition and
recognition is described. Our proposed methods include color recognition based on
touchscreen tracing and color image segmentation based on Gaussian thresholding.
We have also investigated the design and deployment of an integrated image-based
database system.

The main contributions in the area of image analysis are as follows:

e We describe a color recognition method based on touchscreen tracing.

e We present a color image segmentation method based on Gaussian thresholding.

The main contributions in the design and deployment of the integrated image-

based database system are as follows:



19

e We developed an integrated image-based database system where data from users

and images is connected to gang graffiti information for analysis and tracking.

e We created a web-based interface for first responders and researchers, to upload
images and browse gang related information by location, date and time, using
interactive maps for better visualization. It is accessible from any device capable

of connecting to the Internet, including iPhone and Blackberry.

e We created an Android application for first responders on the field, to upload
images to the server, browse gang related information by location using inter-

active maps, and perform color recognition.

1.4.1 Publications Resulting From This Work

Conference Papers

1. Albert Parra, Mireille Boutin, Edward J. Delp, “Location-Aware Gang Graf-
fiti Acquisition and Browsing on a Mobile Device,” accepted for presentation at
the Multimedia on Mobile Devices Conference, IS&IT/SPIE Electronic Imaging,
San Francisco, CA, January 2012.
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2. COLOR RECOGNITION AND IMAGE
SEGMENTATION

One of the goals of our system is to identify the color of graffiti components from an
image captured by a first responder. For this purpose, we can exploit some restric-
tions based on general features of gang graffiti. First, gang graffiti content is mostly
monochromatic. That is, the graffiti are painted a single color using spray paint, but
depending on the distance and the spray pressure one can obtain different tints, tones,
and shades of the same color. Second, gang graffiti are always hand-written. Since
each graffiti can be written by a different gang member, this excludes the possibility
of deciphering writing patterns or styles in most cases. This fact eliminates the use
of Optical Character Recognition methods to analyze graffiti contents. Third, gang
graffiti are almost always painted on non uniform surfaces with different textures, such
as walls, garage doors, or trees. This makes the segmentation of the graffiti contents
more challenging. Given these conditions, we decided to acquire gang graffiti images
in a systematic way with the cooperation of the Indianapolis Metropolitan Police
Department (IMPD). This allows us to work with images so that we can calibrate
them with known dimensions in the future.

In our system we developed a method for identifying the color of a graffiti compo-
nent. We call this approach color recognition based on touchscreen tracing. It runs
on a hand-held device without the need of an network connection. We also propose
a method for segmenting an image based on the recognized color. We call this color
image segmentation based on Gaussian thresholding and for our system it runs on
our server. We should note that, due to time constraints, the work reported in this
thesis does not use calibrated color images for the color image analysis. We recognize

that this does limit the usefulness of our results. We are in the process of further
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investigation of the use of calibrated color information for the methods we discuss in

this chapter.

2.1 Acquisition of Test Images

We need test graffiti images for color and resolution calibration. The image acqui-
sition protocol we followed to properly acquire graffiti images is described in Appendix
A. In this protocol we mention the use of a fiducial mark. This mark consists of two
elements. The first, shown in Figure 2.1, is a 24x20 inch color checkerboard used to
estimate the dimensions and the area of the graffiti and to calibrate the color of the
image. The second, shown in Figure 2.2, is a 11x8.5 inch U.S. Air Force (USAF)
1951 Resolving Power Test Target defined by Military Standard 150-A [13]. Tt is
used to estimate the resolving power of the camera used to capture the images. Note
that for each graffiti we captured multiple images, using three different cameras and
alternating the use of tripods, the color checkerboard and the USAF resolution chart.
The methods described in this thesis, including the experimental results, are based
on images captured with a tripod and without the use of the color checkerboard or
the USAF resolution chart.

We have acquired a large set of these test graffiti images for further work. As
we have indicated above we have not used any of the color or resolution calibration

information in the studies described in this thesis.



Fig. 2.1.: Scaled Color Checkerboard Fiducial Mark.
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Fig. 2.2.: Scaled USAF 1951 Resolving Power Test Target.
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2.2 Color Recognition Based on Touchscreen Tracing

We propose a color recognition method based on user interaction through the
Android application of our system. In this method the user traces a color region on

the touchscreen display of a graffiti image and then we recognize the color. For this

method we use an RGB to Y’CH color space conversion.

22
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2.2.1 Overview of Methods for Color Recognition

Since the first capacitive touchscreen was introduced in 1965 [14] (more detailed
description in 1967 [15]) multiple applications have been developed for the use of
this device. Some examples include interactive surfaces such as sensitive walls [16],
cooperative sharing and exchange of media [17], and frechand manipulation [18].

Most modern mobile devices use touchscreens with tactile feedback to interact
with the user. This is used to control the device behavior with gestures [19]. The most
common application is the virtual keyboard, which is known to be able to improve the
performance of text entry with respect to physical keyboards [20]. However, tactile
feedback can also be used to detect a path drawn with the finger on the screen in
order to perform image analysis. This technique has been previously used to aid the
acquisition of morphometric data from pulmonary tissues [21].

Color recognition techniques are sometimes implemented by using thresholds based
on perceptual attributes of specific color spaces. The perceptual thresholds (also
known as discrimination thresholds) have been widely studied for human observers [22,
23]. However, some methods do not set the thresholds based on human perceptibility,
but based on the application scenario. For example, some skin detection methods use
an adaptive skin color filter to detect color regions, by setting thresholds in both RGB
and HSV color spaces [24-26].

2.2.2 Color Recognition Using Touchscreen Tracing

Figure 2.3 shows an overview of our color recognition method. Again note that
this technique is performed on the hand-held device. First, the user captures an imsge
or browses the internal gallery for an image on the device, and draws a path with
their finger on the touchscreen. The path is drawn along a component of the graffiti
image assumed to have uniform color. Second, the RGB color components of each
pixel on the path are converted to a new luma/chroma/hue color space that we call

the Y’CH color space. The Y’CH color space is used to intuitively represent color
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changes in luma or hue in order to obtain the median and the variance of the color
along the touch path. Note that we use luma (Y’) as opposed to luminance (Y) [27].
Third, we compute three medians on the pixel array that forms the path, namely the
luma median (Y), the chroma median (C') and the hue median (H).

We then define three disjoint regions in our Y’CH color space (numbered 3a, 3b
and 3c in Figure 2.3), delimited by manually set thresholds based on luma (Ty,,
Ty,) and chroma (7). Depending on which region the medians are located, we do
color recognition based on luma (3a) or hue (3b), or no color recognition at all (3c).

Finally, we compute a variance around the median based on luma (02 ) or hue (0% ), if

o),
we have decided to perform color recognition based on luma or chroma, respectively.
This variance is to be used as an input of the color image segmentation based on

Gaussian thresholding (Section 2.3).
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Fig. 2.3.: Color Recognition Using Touch Screen Tracing.



25

RGB to Y’CH Color Space Conversion

An image captured using our Android application is saved as 32-bit RGB JPEG
file, where each pixel is a packed 32-bit integer containing the alpha, R, G and B
color components from most to least significant bits respectively. Note that a JPEG
image does not have an alpha channel and it is automatically set to zero by the
Android bitmap Application Programming Interface (API). From these packed RGB
bits we create a three-dimensional array to store the R, G and B components in their
unpacked bit representations.

The RGB color space is psychologically non-intuitive because humans have prob-
lems with the visualization of a color defined in RGB [28]. The attributes of hue and
saturation are the most natural way for humans to perceive colors [29]. The sepa-
ration of the luma component from the chrominance information is advantageous in
image processing. Therefore, we chose to transform the pixels in the image from the
RGB color space to our new HSL-based color space, which we call the Y'’CH color
space, where we carefully define the three dimensions as luma, chroma and hue. We
choose chroma over saturation because it better represents human perception of the
variation in color purity with respect to luma. In the literature, saturation is defined
as relative chroma [30,31], and the difference must be taken into consideration. For
example, the HSL color space is symmetrical with respect to luma, taking the shape
of a cylinder. When using chroma the cylinder gets narrower as we move from the
center of the neutral axis, forming a shape similar to a bicone [30]. Note that Figures
2.3 and 2.14 illustrate the Y’CH color space solid representation as a bicone for sim-
plicity. However, its true shape is shown in Figure 2.6, where not all the primaries lie
in the same plane.

We can convert from RGB to our Y’CH in many ways. In this section we describe
two approaches. The first one uses just arithmetic operations, while the second also

uses trigonometric operations. We conclude in Section 4 that the first approach is
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asymptotically faster and hence it is the method that we implemented in our Android
application described in Section 3.3.

Our first approach for transforming from RGB to Y’CH, which we call the arith-
metic approach, is illustrated in Figure 2.4. First, we interpret the RGB cube as being
tilted so that the black and white vertices are positioned at the top and the bottom
of the neutral axis (vertical axis), respectively. Second, we project the tilted cube
onto a plane perpendicular to the neutral axis, thus forming a hexagon. The chroma
(C) and hue (H) components in our model are defined with respect to this hexagonal
projection (Figure 2.5). Chroma is the distance from the origin of the hexagon to its
edge. We can define it as the difference between the largest and the smallest values
of an RGB triplet [32] as shown in Equation 2.1. Hue is the angle that represents
the angular distance from the red edge of the projection (i.e., set to zero radians)
to a particular RGB projection [33,34], as shown in Equation 2.2. Note that this
theoretical hue, which we define as H’, is undefined for projections onto the neutral
axis (i.e., C'=0). Also note that these definitions of chroma and hue correspond to

a geometric warping of the hexagon into a circumference.

RGB

Fig. 2.4.: Steps For Transforming from RGB to Y'CH Using The Arithmetic Ap-
proach.

H' is then converted to degrees, which we define as H, by multiplying by 60. This

multiplication accounts for %, which can be interpreted as the hexagonal analogue

of the unit circumference conversion from radians to degrees. That is, since 27 is

360
2

the perimeter of the unit circumference, we define the conversion as rad = x deg.

360

Since 6 is the perimeter of the unit hexagon, we can define rad = == x deg = 60 x deg.
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Fig. 2.5.: Warping of the Hexagon Projection Into A Circumference in Our Y’CH
Color Space.

Note that we define H = 0 when C' = 0 in order to deal with the undefined hue angle
for vector of magnitude zero.

Finally, our luma (Y”) is the weighted average of gamma-corrected RGB color
components. We define it using the Rec. 601 NTSC primaries [35], as shown in

Equation 2.3.

C =maz(R,G, B) — min(R,G, B)

=M —m. (2.1)
G-B if M=R
B—R :
BE 42 if M=G

H =S ¢ (2.2)

BG4  ifM=B
undefined if C=0

Y = 0.299R + 0.587G + 0.114B. (2.3)
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Using these equations, our Y’CH color space is defined in 0 < H < 360 (or
0 < H < 27 in radians), 0 < C < 1 and 0 < Y < 1. The resulting representa-
tion is illustrated in step 3 of Figure 2.4, where each colored dot represents a fully
chromatic primary. Given our definitions of luma, chroma and hue, the color space
representation does not have a symmetric shape. Figure 2.6 illustrates a 3D view of
the Y’CH solid. Figures 2.7 to 2.9 illustrate different cross-sections of constant hue,
where the far left and far right corners represent fully chromatic colors. Note that
the primaries do not lie in a common luma plane. Also note in Figure 2.8 the effect
of setting H = 0 where C' = 0, instead of being undefined. The neutral axis (C' = 0)
does not contain luma values, since the cross-section is not located at H = 0. Figure
2.7, however, since it is located at H = 0, we do not see any discontinuity.

Figure 2.10 illustrates the bottom view of our Y'CH color space representation,

where the hue of different primaries can be identified.

Fig. 2.6.: 3D view of Our Y'CH Color Space (Using the Arithmetic Approach).

Our second approach for transforming from RGB to Y’CH, which we call the
trigonometric approach, consists of defining the Y'CH color space using cylindrical
coordinates, thus skipping the hexagon warping. First, we convert from RGB to Y'IQ
using a linear transformation of the RGB cube [36], as shown in Equation 2.4. With
this conversion we directly obtain the Y’CH luma, which is defined again using the

Rec. 601 NTSC primaries. Then, we can derive the hue and the chroma from a
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Fig. 2.7.: Cross-Section of Constant Hue H = 0 rad in Our Y'CH Color Space.
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Fig. 2.8.: Cross-Section of Constant Hue H = % rad in Our Y’CH Color Space.

cylindrical transformation of I and Q [32] as shown in Equation 2.6. Note that the

function atan? in Equation 2.6 is the two-argument arctangent, defined in Equation

2.7.

Y 0.299 0.587 0.114 R
I|=10595716 —0.274453 —0.321263| |G| . (2.4)
Q 0.211456 —0.522591 0.311135 | |B
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Fig. 2.10.: Bottom View of Our Y’CH Color Space (Using the Arithmetic Approach).

H = atan2(Q, 1) (2.5)

C=VI+Q, (2.6)
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arctan(%) I>0
T+ arctan(%) Q>0 1<0
atan?(I.Q) = -7+ arctan(%) Q<0,1<0 @7
5 Q>0 1I=0
-5 Q<0,1=0
\ undefined Q=0 1=0

Figure 2.11 illustrates the bottom view of our Y’CH color space representation

where the hue of different primaries can be identified. Note the hexagon shape.
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Fig. 2.11.: Bottom View of Our Y'CH Color Space (Using the Trigonometric Ap-
proach).

Note that a HSL-based color space, such as Y’CH, has the disadvantage that it
does not account for the complexity of the human color perception. However, since

we are doing color recognition this is not a problem for us.
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Color Median and Variance

Once we have the pixels of the traced path in the Y’CH color space, we want to
find which color it represents, and what is the color variance in the Y’CH color space
along the path. Note that color is subject to human perception, but in this section
it refers to either luma or hue. We can assume that the path has been traced along
a surface with approximately uniform color, although we can have some outliers.
This will produce a path that has pixels where the color is not from the graffiti
component, but from the background. Since the luma or hue of these outliers can
be radically different from the rest of the pixels, we find the color median is a better
representation than the color mean for this purpose. We compute the median using
a selection algorithm known as Randomized-Select [37], which executes in linear time
(i.e., with respect to the length of the input pixel array).

We want to distinguish between different colors, including red, blue, black, gold,
green, purple and white. The number of colors are empirically chosen based on the
contents of 360 graffiti images in our database of gang graffiti. For black and white
we focus on the median of the luma component, since they have low chroma and do
not have a particular hue.

For red, blue, gold, green and purple, we manually analyzed the hue component
of the graffiti in the Y’CH color space from a set of 100 images from our gang graffiti
database using the arithmetic approach for the color space conversion. Some of the
test images are shown in Figures 2.15 through 2.23. Table 2.1 summarizes the average
hues for each color and Figure 2.12 shows the location of these averages on the bottom
view of our Y’CH Color Space using the trigonometric approach.

We formed thresholds for luma and chroma to accurately detect the color in the
traced path. The thresholds are empirically chosen based on the results of luma and
chroma from the test set described above. First, the chroma threshold, defined as T
in Figure 2.3, is set to 0.05. This threshold accounts for the lowest chroma median

among all the traced graffiti components considered to be red, blue, gold, green or
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Table 2.1: Hue Averages for 100 Test Images (each with graffiti components of dif-
ferent colors).

Color | Average Hue

Red 6.10 rad
Blue 4.00 rad
Green 2.20 rad
Gold 0.69 rad

Purple 5.15 rad

g0

60

H, gold

H 120
green

150 4

180

H red

300

270 Hpurple

Fig. 2.12.: Locations of the Average Hue on a bottom view of our Y’CH Color Space
(using the trigonometric approach).

purple. Second, two luma thresholds are set to 0.12 and 0.85, which we call the black
threshold, defined as Ty, in Figure 2.3, and the white threshold, defined as Ty, in
Figure 2.3, respectively. These thresholds are for the lowest and highest luma medians
among all the traced graffiti components considered to be black or white.

Once we have the pixels of the traced path in the Y’CH color space we use the
thresholds. We first compute three medians of the path, based on (1) luma (Y),
(2) chroma (C) and (3) hue (H). Depending on the region of the Y’CH color space

where the medians are located, we do color recognition of the traced path based on

the luma or hue medians. Equation 2.8 defines the different regions, illustrated in
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Figure 2.13, and the medians associated with the regions. Note that X represents a

generic median.

undefined C<Teand Ty, <Y < Ty
X = }7 Y/ < Ty or Y/ > Ty, (28)

=

else,

(a) Undefined median (b) Luma median (V) (¢) Hue median (H)

Fig. 2.13.: Y’CH Color Space Regions Defined by Equation 2.8.

Once we have the median, either based on luma or hue, we need to decide which
color is associated with it. If the median is based on luma, the color detected is either

black or white:

i black X < T
color(X) = . v (2.9)
white X > Tyy.
If the median is based on hue, we compute the distance between the median and

the hues from Table 2.1. We then choose the color associated with the minimum

distance. That is, if we define a vector containing the hue averages

Hy = {Hred7 Hblue7 ngeen; Hgolda Hpurple}y (210)
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the detected color is the minimum distance, H;, defined as shown in Equation
2.11, where 0 is the angular distance between the hue median and an element from

the hue average vector.

color(X) = Hy = miin(G(H, Hy,)) (2.11)

Finally, we compute the variance, ‘7§27 around the median, X. This variance is
used as an input to the color image segmentation method described next where we

use a Gaussian threshold to construct a probability map.

2.3 Color Image Segmentation Based on Gaussian Thresholding

We propose a color image segmentation method based on the results of the color
recognition method described in Section 2.2.2. For segmentation we use a Gaussian
threshold near a specific luma or hue value in the Y’CH color space, in order to
produce a segmented image where each pixel is given a weight depending on its

distance from the median.

2.3.1 Overview of Methods For Color Image Segmentation

Since the advent of color imaging most of the image segmentation techniques were
proposed for gray-level images [38—41], due to the fact that working with the color
components substantially increases the computational complexity of the method [42].
More precisely, for each pixel in a 24-bit quantized image we have 224 = 16, 777,216
distinct colors. There has been a remarkable growth of color image segmentation
approaches [43—45]. Tmage color segmentation techniques can be divided into three

categories [45].

e Physics based techniques: uses models of physical interaction between the ob-

jects to be segmented and their behavior under different lightning conditions.
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These models include the dichromatic reflection model [46] and the unichro-
matic reflection model [47] for single illumination sources, and a more general

model of image formation [48] for multiple illuminations.

Feature-space based techniques: uses feature spaces where the spatial relation-
ship between colors is ignored. These techniques are of three types. (1) Clus-
tering of regions given patterns with specific properties, including methods such
as k-means clustering [49] or Iterative Self-Organizing Data Analysis Technique
(ISODATA) [50]. These methods are based on classification of color patterns.
(2) Adaptive k-means clustering, including methods based on mazimum a pos-
teriori (MAP) estimation [51] or split-and-merge strategies [52]. These methods
are based on the combination of k-means clustering, but some adaptive spatial
constrains are used. (3) Histogram thresholding, including methods based on
RGB thresholding [53], hue information [54], specific skin color domains [55],
or entropy thresholding [56]. These methods are based on the identification of
objects in the image by analyzing the maximums and minimums of the color

histograms using different color spaces and perceptual attributes.

Image-domain based techniques: uses both feature-space homogeneity and spa-
tial compactness. That is, feature spaces where the spatial relationship between
colors is exploited. These techniques can be subcategorized into four groups.
(1) Split-and-merge, including methods such as region smoothing by Markov
Random Fields (MRF) [57) or Gaussian Markov Random Fields (GMRF) [58];
classification by k-means [59]; or splitting by either watershed transform [60]
or quad-tree image representation for segmentation of skin cancers [61], among
others. These methods are based on an initial segmentation followed by one
or more merging phases in order to connect common structures. (2) Region
growing, including methods such as RGB color distribution growing [62], HSV
morphological open-close growing [63], or color quantization growing [64]. These

methods are based on gradually accumulating pixels from the image satisfying
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specific criteria forming segmented regions. (3) Neural-network based classi-
fication, including methods such as minimization of Hopfield networks [65], or
background extraction using two three-layered neural network [66]. These meth-
ods are based on classification of neural networks, that is, interconnected groups
of artificial neurons, each of one performs simple operations. (4) Edge based
techniques, including methods such as combination of HSI gradients [67], active
contours [68], or the Mumford-Shah variation model [69]. These methods are

based on region edge detection using color gradient functions.

Our approach falls under the second category, feature-space based techniques.
However, it differs from the methods mentioned above. Although there are some
techniques in the literature that also work with only hue or luma information, either
circular histogram thresholding [54] or one-dimensional histogram thresholding [70],
we do not obtain the descriptors of the probability distribution from the color his-
togram of the image. Instead, the median and the variance obtained during the color
recognition process are used for segmentation. Our segmentation approach does not
produce binarized images, but gradient images weighed by a Gaussian distribution
around the median, thus creating a probability map for a specific luma or hue. These
types of probability maps are used for increased accuracy and robustness in some

clustering techniques [71,72].

2.3.2 Color Segmentation Using Gaussian Thresholding

Figure 2.14 shows an overview of our color segmentation method divided in 5
steps. Note that we currently use this method on the server in our system and do not
use it on the hand-held device. We assume that, given a graffiti image, we have the
median, X, and the variance, 0?(, of a traced path obtained from the color recognition
process we described in Section 2.2.2 (step la). We then transform the entire RGB

image to the new Y’CH color space (step 2). We segment the image using Gaussian
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thresholding (steps 3 to 5). This method is based on the luma or hue depending on

our manually set thresholds.

Fig. 2.14.: Diagram of Color Image Segmentation Using Gaussian Thresholding.

The image segmentation process (steps 3 to 5) is as follows. We assume we have
already done color recognition on a graffiti component of the input image, so we have
the median, X and the variance, a?(, where X corresponds to hue or luma, depending
on the results of Equation 2.8 in Section 2.2.2. We scan the Y’CH input image and
set to zero all pixels that fall outside the thresholds given in Equation 2.12, where the
output X;(i, j) refers to either the luma (step 4a) or the hue (step 4b) component of
an image pixel at a particular location, X (i, 5), and Y (¢, j) and C(i, j) correspond to
its luma and chroma components, respectively. Note that the thresholds 7¢, Ty, and

Ty, are the same as the ones used for color recognition in Section 2.2.2. For the rest of




































































































































































































































