Color based soft biometry for hooligans detection
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Abstract—Biometric systems based on human traits like fin- are, in fact, not expensive to compute, they do not require
gerprinting, face, iris, etc., even widely explored in literaure, the cooperation of the subjects and they can be sensed at a
cannot be used in scenarios like video surveillance of crowded distance in a crowded envinroment. These characteristies a

envinroments. A different class of biometry, usually referred as o .
soft biometry, including individual’s height, weight, skin color, usually referred in literature aft biometry [3], because they

clothes color, trajectory, etc., can be more easily extracted @m  d0 not have the distinctiveness and permanence to uniquely
cameras in a large network to provide some useful information identify an individual over a period of time and they are not

about the users. In this work we focus our attention on the “legally” accepted identification signatures like fingeénpror
color of human clothes. We apply color based soft biometric to A

a specific scenario, i.e. to prevent hooligans fights, based on the A ft bi tric sianat in thi K f
color of the clothes they wear. A video surveillance system able mong Soit biometric signatures, in this Work we Tocus our

to quickly identify the presence of rival teams fans in a specific attention on color, specifically on the color of human clsthe
location would be helpful in avoiding vandalism and destructive The goal is to develop a color detection framework that ig abl
behaviour. to robustly identify colors in video sensors in real illuration
conditions. A so defined tool could be useful for several
security applications. It can be used to track a suspicious

In the last years, biometrics has been rapidly gainingerson, based on his/her clothing colors, across the fadtds-
acceptance as the technology that can meet the ever inwgeasiew (FOV) of multiple cameras. Another application coukd b
need for security in critical applications. It is an authesiion to search a person in a crowded enviroment, such as to lecaliz
mechanism that relies on the automated identification mtissing children in a amusement park. In this paper we apply
verification of an individual based on unique physiologioal the proposed color detection framework to a specific scenari
behavioral characteristics. The fundamental requirerosmy i.e. to prevent hooligans fights. Soccer hooliganism is lynru
biometric recognition system is the use of human traitsrigaviand destructive behaviour by association football clubsfan
several desirable properties like universality, distiratess, Hooligans fights, or, more generally, fights between sugpert
permanence, acceptability, and resistance to circumosentiof rival teams, may take place before or after football mesch
A wide variety of biometric systems have been developed pre-arranged locations away from stadiums or they capt eru
for automatic recognition of individuals that make use of spontaneously at the stadium or in the surrounding stréets.
single or a combination of traits like fingerprint [1], fac®],] video surveillance system able to quickly identify the prese
hand-geometry, iris, retina, gait, voice, signature, &ltese of rival teams fans in a specific location would be helpful in
systems have been widely deployed in forensic, governmesboiding vandalism and destructive behaviour. Based on the
and commercial applications. idea that sport fans usually wear clothes of the same color of

A biometric system has to face with several problemtsie team they support, in this paper we provide a video aisalys
affecting the overall perfomance and the applicability loé t framework for hooligans detection. The proposed framework
system itself, such as noisy sensor data, non-universatity can be also useful to draw statistical considerations athmut
lack of distinctiveness of the chosen biometric trait. Mm&r, number of fans at the stadium or their distribution in the
existing automatic recognition systems based on thesedbtionstadium.
ric identifiers are not able to deal with poor quality images
and hence they do not satisfy the high accuracy requirements
of critical applications. Classical biometric traits areona As explained in the introduction, the goal of this work is to
applicable in a controlled envinroment with a slow speed amgsign a color detection framework to identify the presesfce
to a relatively small number of cooperative subjects. rival teams fans in a specific location by looking for the ¢slo

A different class of biometry, including height, weightjsk of the corresponding teams. The proposed framework could
color, hair color, clothes color, motion trajectory, ettan be, be integrated, for example, in the video surveillance sgste
instead, more easily extracted from video cameras in a lamgkethe stadium. If during football matches the system reveal
network to provide some information about the users. Thélye presence of rival fans in a specific area of the stadium,

I. INTRODUCTION

II. COLOR DETECTION ALGORITHM



the number of policemen or guards in that area should bach color should be as much as possible visually distihguis
increased to prevent fights. able from the others.

From a more technical point of view, the goal is to design a In this context, many works dealing with color recognition
robust color detection framework to search for a specifiorcolare based on the use of the HS plane of the HSV color space
in a large camera network. Identifying or matching the stefathanks to its robustness towards changes in illuminatiath an
color of a moving object in a video surveillance systenshadows. Other works exploit the way the Human Visual Sys-
however, is very critical. Traditional color models progidnly tem (HSV) perceives colors by adopting perceptually umifor
little help, since the surface of an object is usually not, flatolor space like the CIE 1976 (Lab) color space. These and
the object motion can alter the surface’s orientation, dred tmany other color spaces have been widely used in the satentifi
lighting conditions can vary when the object moves. Maniterature [6]. However, quite surprisingly, most of theppas
papers in different research fields can be found in literaud@es not provide strict justification of their color spaceick
dealing with this problem, but most of them only try toneither a comparison of the existing color spaces. Evenisf it
find a solution for a specific color or application, like skirgenerally agreed that there is no single color system whsich i
color identification, or they aim at capture the salient colauitable for all color images, an analysis of the perforneamic
characteristics like mean color or dominant color, as faxdgen the most popular color spaces in identifying colors in motio
retrieval [4]. in video sensors would be an invaluable help for our color

To partially overcome the problem of changes in illumiidentification task.
nation conditions, we performed an extensive analysis en th We proposed a new approach aiming at providing a com-
selection of the more suitable color space and in the meantigarison of the most widely used color spaces in order to
we exploited the advantages of color constancy algorithmsderstand which one is the more suitable to identify colors
leading to the general framework described in Fig.1. In the video sensors. We employed a statistical approach by
following a description of the proposed system is providedonducting extensive data mining on video clips collected
For sake of brevity, only a high level description is intredd. under various lighting conditions and distances from saver

The main blocks of the algorithm areolor constancy, video-cameras. The goal was to learn how individual colors
colorspace transformation; color matching. can drift in different illumination conditions and with tkfrent

color spaces.
A. Color constancy In order to provide a very general approach, we need to

Color constancy is the ability of a vision system to accleollect pixels describing different colors. Thus we quzedi
rately describe the color of an object in spite of variatiams the entire color space into eleven bins: black, white, red,
illumination condition. Color constancy algorithms [5]vea yellow, green, blue, brown, purple, pink, orange, and grey.
been developed to reduce color variation from fluctuation imese colors are usually referred to as culture colors, whic
source illumination. The main limitation of these algomth have been used in literature of different cultures in thet pas
is that they usually assume scene illumination to be uniforfgars to refer to colors [7]. The second step consisted in
in the region of interest or changing gradually. Such agbllecting pixels based on the above described color cganti
assumption almost always fails in a surveillance scenarigen, under various lighting conditions, from differentceras
Moreover, most color-constancy algorithms depend onbiglia and from several distances from the cameras. Our idea to
estimates of parameters such as angles between light souttain a so diversified dataset of colors was to collect from
and the object, reflection angles, and surface materialsséhthe web video clips of eleven teams with the color of the
parameters can be unknown or difficult to estimate in reaéti yniforms corresponding to the eleven culture colors, and to
when the object being observed is in motion. obtain the sample colors from them. The video clips of the

Even if these algorithms are not robust to reliably identifgelected sport teams were chosen randomly from the web. This
colors in motion, they are useful to normalize the illumioat procedure allowed us to obtain a great number of samples in
in the scene and thus to facilitate the following steps. Weal illumination conditions and, with very high probatyiji
analyzed some of the most popular color constancy algosith@aken from different cameras.

(Grey-World, Max-RGB, general Grey-World, Shades-of¥Gra \ve collected about200 samples for the training and about
and Grey-Edge algorithm) as described in [5] and, based 9850 samples for the testing and we analyzed five of the
the experimental results, we decided to use the Grey-WoHghst popular and widely used color spaces (RGB, normalize
algorithm for our color detection framework. RGB, HSV, Lab, YUV) using a fuzzy k-nearest neighbor
classification algorithm [8]. The obtained results showeat t
the Lab color space is the one that provided the best correct

Once the illumination in the scene has been normalizefhssification rate 9.1%%) among the analyzed ones and
through the use of a Grey-World algorithm, it is necessary {qys it has been adopted for the proposed color detection

design the transformation T by which the new color space g&mework. Even if the Lab color space is already widely
reached from the RGB color space. This is the most important

step in the overall system and the main ContribUtif)n of thiSine other detection rates are: R&B1.3%, normalize RGB= 89.9%,
work. In fact, in order to facilitate the color matching stepHsv= 86.8%, YUV= 91.4%

B. Color transformation
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Fig. 1. General scheme of the proposed color detection #hgori

adopted in image processing since it is a perceptually tmifo
color space, the performed analysis assures us the robastne
of the system for a generic color and in generic illumination
conditions.

C. Color matching

After the color transformation, guadtree decomposition
is applied. Each video frame is divided into four equal-dize
square blocks, and then each block is tested to see if it meets
some criterion of homogeneity. If a block meets the criterio
it is not divided any further. If it does not meet the criterjo
it is subdivided again into four blocks, and the test crieri
is applied to those blocks. This process is repeated itetgti
until each block meets the criterion. The used criteriorhes t
local variance of the block. In this way each smooth region of
the image will be approximated with an unique block whose
value is the mean color of the area. This step speeds up the
overall process and in the same time reduces the possibility
of false detection due to isolated pixels.
In order to find the similarity between colors we need to use (b)
a distance metric, that is, for each block of the decomposed ) ) o
image, we have to evaluate the difference between the cqﬁlfmigﬁ;‘?t'c pattern generation: (a) original pattéo blur; (c) change
of the block and the color we are looking for in the video.
Many distance metrics have been proposed based on the
existing color models taking into account the way the HV&ith all the colors of the football teams of the national Falen
perceives colors. The Euclidean distance is frequentld irse Ligue 1. For those teams who have two colors as official
perceptually uniform color spaces, thus we decided to use tbolors, we saved the corresponding bicolor patterns. We the
metric where the threshold of the volume bounding the colgeneratedl00 random patterns consisting @f x 16 blocks
is set experimentally. each describing a team of the French Ligue. In order to
In football (as well as in other sports), it is common to findimulate the distortions that affect videos recorded in rea
teams with two or more official colors. The proposed system¢snditions we then apply to each of the generated patterns
designed to deal with the problem of multiple colors patterdifferent kinds of distortions: addition of Gaussian noiskir,
In this case, the described framework is firstly applied fgpeg compression, changes in illumination. The parameters
each color present in the pattern, after that only areastih the distortions (i.e: the strength noise, the blur factbe t
official colors close to each other are considered as detecjgeg quality factor) are each time randomly selected in a
regions. predefined range in order to have different levels of diginst
ranging from high quality to very annoying distortions. $hi
mechanism allows us to introduce randomness in the system
A statistical analysis of the performances of the describeshd thus to obtain artefacts simulating as much as possible
system may be difficult due to the lack of videos recordingeal conditions. An example of a generated pattern and two
football fans of different teams. Thus we chose to use syigthecorresponding distorted versions are shown in Fig.2.
images to test the proposed approach. We created a databa¥ée tested the proposed approach by applying the color

Ill. EXPERIMENTAL RESULTS



TPR FPR | Accuracy
original 0.7395| 0.0150 | 0.9721
blur 0.3448 | 0.0152 | 0.9512
noise 0.6836 | 0.0151 | 0.9691
illumination || 0.3733 | 0.0207 | 0.9474
jpeg 0.5750 | 0.0179 | 0.9607
TABLE |

PERFORMANCES OF THE PROPOSED APPROACH
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detection algorithm to all the generated images for all the
teams. The overall performances are obtained by averaging
the results we obtained for all the teams. Table | shows the
values of the true positive rate, the false positive rate thed
accuracy of the system. We can observe that the accuracy of e —
the proposed framework is high even in case of very annoying -
distorions. As expected, the distortions, and in particthe
blurring of the images, drastically decrease the valuehef t
true positive rate while maintaining a low false positivéera

It should be pointed out that the generate images are much
more complex than in reality. All the colors of the teams \ " /
are in fact mixed together and the closeness of the colored

patterns may create new colors leading to errors in thesyste

A decreasing of the performances is also due to the use of

the same official colors for different teams (such as Boutogn

and Nlcef)' While it is not pOS'SIb|e to dIS'[m.QUI'Sh bEtwee_n twﬂg. 3. Color detection algorithm applied to reveal the preg of the
teams with the same colors, in a real application for whi&h thvarseille fans (a) and the Nice fans (b).

proposed system is intended for, maximum two teams at time

are compared reducing the probability of mismatches.

An example of a real application is shown in Fig.3. Than efficient tool for hooligans detection and, more gengrall
figure shows a frame of a video clip realized during a footbafan be seen as a step for the development of a robust video
match Nice versus Marseille and recording the supporters sfrveillance system for security applications.
the Olympique de Marseille. In the screenshot on the top
(Fig-3(a)) we apply the proposed color detection algoritom . i ) )
look for the color of the Marseille shirt (as appears in thende ~ 1he research described in this paper has been partially
realized with a Graphical User Interface of Matlab). The refynded by the FR OSEO BIORAFALE project.
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