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Emoção, Personalidade e Aspectos Culturais em Multidões:
rumo a uma Mente Geométrica

RESUMO

O estudo do comportamento humano é um tema de grande interesse cien-
tífico e, provavelmente, uma fonte inesgotável de pesquisa. A análise de pedestres
e grupos em multidões é objeto de interesse em diversas áreas de aplicação, tais
como segurança, entretenimento, planejamento de ambientes em espaços públi-
cos e ciências sociais. Aspectos culturais e de personalidade são atributos que
influenciam o comportamento pessoal e afetam o grupo ao qual o indivíduo per-
tence. Neste sentido, a presente tese discute diferentes maneiras de caracterizar
indivíduos e grupos em multidões, com o objetivo de propor um modelo computaci-
onal para extrair características de pedestres em sequências de vídeos. O modelo
proposto considera uma série de características dos pedestres e da multidão, tais
como quantidade e tamanho de grupos, distâncias, velocidades, entre outros e rea-
liza o mapeamento destas características em personalidades, emoções e aspectos
culturais, considerando as Dimensões Culturais de Hofstede (HCD), o modelo de
personalidades Big-Five (OCEAN) e o modelo de emoções OCC. A principal hi-
pótese é que existe relação entre variáveis ditas intrínsecas aos humanos (como
emoção) e a maneira pela qual as pessoas se comportam no espaço e no tempo.
Como uma das principais contribuições, foram propostas quatro grandes dimensões
de características geométricas (Big4GD): I - Física, II - Pessoal e Emocional, III -
Social e IV - Cultural, as quais buscam descrever o comportamento dos pedestres
e grupos na multidão. A ferramenta GeoMind foi desenvolvida com o propósito de
detectar as quatro dimensões geométricas, a partir de sequências de vídeos. Além
disso, diversas análises foram realizadas com o intuito de validar o modelo pro-
posto, desde confrontando resultados com a literatura, incluindo a comparação de
multidões espontâneas de diversos países e experimentos controlados envolvendo
Diagramas Fundamentais.

Palavras-Chave: Multidões, Aspectos Culturais, Personalidade e Emoções, Visão
Computacional.





Emotion, Personality and Cultural Aspects in Crowds: towards a
Geometrical Mind

ABSTRACT

The study of human behavior is a subject of great scientific interest and
probably an inexhaustible source of research. The analysis of pedestrians and
groups in crowds is an object of interest in several areas of application, such as se-
curity, entertainment, planning of environments in public spaces and social sciences.
Cultural and personality aspects are attributes that influence personal behavior and
affect the group to which the individual belongs. In this sense, the present the-
sis discusses different ways to characterize individuals and groups in crowds, with
the purpose of proposing a computational model to extract pedestrian characteris-
tics in video sequences. The proposed model considers a series of characteristics
of the pedestrians and the crowd, such as number and size of groups, distances,
speeds, among others, and performs the mapping of these characteristics in per-
sonalities, emotions and cultural aspects, considering the Cultural Dimensions of
Hofstede (HCD), the Big-Five Personality Model (OCEAN) and the OCC Emotional
Model. The main hypothesis is that there is a relationship between so-called intrin-
sic human variables (such as emotion) and the way people behave in space and
time. As one of the main contributions, four large dimensions of geometric char-
acteristics (Big4GD) were proposed: I - Physical, II - Personal and Emotional, III
- Social and IV - Cultural, which seek to describe the behavior of pedestrians and
groups in the crowd. The GeoMind tool was developed for the purpose of detecting
the four geometric dimensions from video sequences. In addition, several analyzes
were carried out with the purpose of validating the proposed model, from comparing
results with the literature, including the comparison of spontaneous multitudes from
several countries and controlled experiments involving Fundamental Diagrams.

Keywords: Crowds, Cultural Aspects, Personality and Emotion, Computer Vision.
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1. INTRODUCTION

The study of human behavior is a subject of great scientific interest and
probably an inexhaustible source of research (Jacques Junior et al., 2010). Due to
its importance in many applications, the automatic analysis of human behavior has
been a popular research topic in the last decades (Alameda-Pineda et al., 2018).
With the improvement of Computer Vision techniques, the detection and tracing of
people has become one of the most important areas of video processing. There are
many applications such as entertainment (games and movies), understanding of
human behavior, security and surveillance, urban planning, activity recognition and
planning mass crowd events like sports events or entertainment programs (Shahho-
seini and Sarvi, 2019; Zhao et al., 2018).

In particular, the analysis of groups and crowds of people is a phenomenon
of great interest in several areas of application (Murino et al., 2017). Without excep-
tion, humans in all societies join with other humans to form groups (Forsyth, 2018).
When a group of individuals shares the same physical space and has a common
goal, they have the characterization of a collective and highly dynamic or, more
broadly, a crowd (Li et al., 2012). The formation of a crowd can be observed in
various everyday situations, such as people strolling in a mall, the audience that cel-
ebrates an event, people attending an airport, among others. Today, with advances
in video processing and computing technology systems, it is possible to develop al-
gorithms to detect and identify groups and extract the characteristics of crowds from
video sequences (Krüchten and Schadschneider, 2017; Ibrahim et al., 2016; Feng
and Bhanu, 2015).

Several work in the literature deal with different applications involving group
of pedestrians and crowds, for example, people counting (Kocak and Sevgen, 2017;
Kuo et al., 2016; Wang et al., 2015; Chan and Vasconcelos, 2009; Cai et al., 2014),
detection of abnormal behaviors (Colque et al., 2015; Yuan et al., 2015; Mahadevan
et al., 2010; Zhang et al., 2016), training and movement of groups and crowds (Lu
et al., 2017; Solmaz et al., 2012; Zhou et al., 2014; Sethi, 2015; Ma et al., 2017; Jo
et al., 2013; Krüchten and Schadschneider, 2017) and detection of social groups in
crowds (Solera et al., 2013; Shao et al., 2014; Feng and Bhanu, 2015; Chandran
et al., 2015). Most of these approaches are based on people-tracking algorithms
or optical flow, and typically consider as characteristics: people’s speed, directions,
and distances over time.
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However, there is one important attribute that can influence the personal
behavior that affects the group in which the individual belongs. According to Forsyth
(2018), because each society is unique in its traditions and culture, the groups within
any given culture may display unique interpersonal processes. Chattaraj et al. (2009)
suggest that cultural and population differences can produce changes in the speed,
density, and flow of the crowd. In other work, the authors discuss the fundamental
diagrams to be used in planning directives (Weidmann, 1993; Predtechenskii and
Milinskii, 1978). According to Nazir et al. (2009), culture influences the way people
interact with each other and play a large role in the formation of an individual’s
behaviors and personality, where some aspects can be learned by individuals and
others inherited.

Cultural aspects are specific to a group of individuals or category and can
be learned by these individuals over time. Interested in these aspects, Geert Hofst-
ede created a model of culturality, which became known as the Cultural Dimensions
of Hofstede (HCD) (Hofstede, 2001). It is a model with six cultural dimensions that
seek to describe the effects of a society’s culture on the values of its members and
how these values relate to their behaviors (Hofstede et al., 2010; Hofstede, 2011).
Section 2.1.1 gives more details about Hofstede’s cultural aspects.

Another factor that can interfere in the cultural aspects of a group of indi-
viduals are the personality and emotion of each one. Personality is specific to each
individual and can be both learned over time and inherited from ancestors (Hofst-
ede, 2001). When reviewing personality tests, several authors came to the consen-
sus that five factors were sufficient to trace the personality of an individual. These
factors became known as the five dimensions of personality Big-Five (Costa and Mc-
Crae, 1992; Digman, 1990; John, 1990; Goldberg, 1990; Mccrae and John, 1992;
McCrae and Costa, 1996). It is a descriptive (taxonomic) psychological model of
five factors of personality traits. This model is presented in details in Section 2.1.2.
Regarding emotions, Ortony, Clore and Collins’s (Ortony et al., 1990) proposed an
emotion model called OCC, which is described in Section 2.1.3.

Hofstede and his collaborators (Hofstede, 2011), after a study carried out
in more than 30 countries, found that there is a significant link between their model of
cultural dimensions and the model of the dimensions of personalities Big-Five (Costa
and McCrae, 1992). Thus the culture of a group of individuals and the personality of
each are linked. There is a wide variety of individual personalities within the culture
of each nation.
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The analysis of cultural aspects has not been much explored in the behav-
ioral psychology literature (Berry et al., 2011; Goldstein, 2015), especially when this
analysis involves crowds or groups of people. The study of crowds in Computer
Science is mainly focused on entertainment and security. However, there are not
many papers addressing the cultural aspects of these crowds. Some studies com-
paring crowds from different countries can be observed in the work of Chattaraj et al.
(2009); Lala et al. (2011); Guy et al. (2011); Fridman et al. (2011) and they will be
described in Chapter 3.

Following this line of research, this thesis seeks to explore the cultural fac-
tors of multi-country crowds from video sequences. The idea is to find character-
istics of pedestrians and groups in crowds that are able to describe them and, in a
way, differentiate the population from a crowd to another. The goals (general and
specific) proposed in this thesis are presented next.

1.1 Goals of the Thesis

The main goal of this thesis is to develop a computational model for
detection and analysis of pedestrian and group features in crowds from video
sequences. The idea is to use characteristics of the crowd and their individuals,
such as: average distance between people, number and size of groups, speed,
density, directions, among other factors that may vary according to the type and
nationality of the population to detect and characterize personal, social, emotional
and cultural aspects. In particular, we want to propose new factors/dimensions that
can be used to characterize crowds, groups and their individuals relating intrinsic
features as cultural aspects, personalities and emotions to physical and geometrical
manifestations (distances, speeds and so on). Following are listed the specific goals.

1.1.1 Specific Goals

In order to meet the main goal, specific goals are proposed, as follows:

• To create a video database of crowds: It consists of creating a database of
videos of multi-country crowds, containing several types of crowds with differ-
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ent characteristics, such as density, angle of camera and scenarios in which
the video was recorded;

• To define the relevant characteristics for analysis: In this step, the most
relevant characteristics that will be extracted from each video will be defined
for further analysis. Some examples are: distances between people, velocities,
number and size of groups, densities (people p/m2), among others;

• To investigate models of culturality, emotion and personality in literature:
This phase was responsible for surveying the literature regarding models that
seek to describe the cultural, emotional and personality aspects of groups of
people and crowds;

• To propose factors (dimensions) to describe pedestrian behaviours: This
step is responsible for the definition of new factors to characterize cultural as-
pects of crowds, also considering the personality and emotions of the individ-
uals. The idea is to define a group of dimensions that are capable of enclose
the characteristics of pedestrians in crowds from video sequences relating in-
trinsic features as cultural aspects, personalities and emotions to physical and
geometrical manifestations (distances, speeds and so on); and

• To develop a software to detect and analyze videos: Based on the pro-
posed dimensions, a software to automatically detect and analyze pedestrians
from video sequences was proposed and developed.

1.2 Motivation and Contributions

In the literature, some work seek to simulate different types of crowds, e.g.
addressing aspects of gender and age (Kapadia et al., 2013; Pelechano et al., 2016).
Computational simulation models that consider, in addition to these factors, data
such as culture and habits are still rare (Moore et al., 2008) and require a thorough
state-of-art study of other areas of knowledge, such as psychology and anthropol-
ogy. Reproducing the real characteristics of a crowd in simulation is a challenging
task (Allain et al., 2014) and methods that explore cultural aspects in simulated and
real crowds are still uncommon.

The motivation for the research in this area starts from the need to have
computational tools and models that are capable of extracting characteristics from
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real pedestrians and crowds, benefiting several other areas of knowledge, e.g. the
computational simulation. The relevance of this research is justified due its diverse
applications, such as physical space planning, entertainment and security manage-
ment, among others. These areas seek to consider regional and cultural aspects,
but usually this is done with empirical knowledge, there is no computational method
or model to help in this task. In the area of physical space management and plan-
ning of environments, regional and cultural behaviors and habits should be consid-
ered (Hillier, 2002; Nas, 2011). For example, in Arabian cities, the provision of public
and private spaces is, for the most part, very different from the European cities, ac-
cording to an study performed by Hillier (2002).

When it comes to entertainment field, the production of movies and com-
puter games can benefit from the study of cultural aspects. The crowds in the
games could be more realistic and include cultural characteristics, typical of each
region or country. A crowd of people in a game in Florence in Italy could behave
differently from a crowd in a game that takes place in Rio de Janeiro in Brazil, for
example. The same goes for the film industry, where pedestrians from simulated
crowds could have characteristics and behaviors which are typical of the location of
the film’s narrative. With respect to the security area, detection of abnormal events
could consider cultural aspects, so a strange behavior performed by a pedestrian or
a group of pedestrians in France may be different from a strange behavior performed
by a pedestrian from Germany.

In order to address this problem, we proposed the development of a com-
putational model that allows the extraction of pedestrian and crowd characteristics
based on their behaviours manifestation in space/time, being able to identify cultural,
personality and emotional aspects and behaviors that differ from one country to an-
other. Figure 1.1 shows an overview of the features mapping from the proposed
approach. Directional arrows indicate which features are used as inputs to calculate
other, for example, distance is used as input to calculate socialization and to detect
groups.

As one of the main contributions of this thesis, we proposed four different
dimensions of features to characterize pedestrians organized in groups/crowds in
video sequences. These dimensions, named as Big-Four Geometrical Dimen-
sions or just Big4GD model, illustrated in Figure 1.1, are:
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Figure 1.1: Our Big-Four Geometrical Dimensions: features mapping from the
proposed approach divided into four dimensions: I–Physical, II–Social, III–Personal
and Emotional and finally, IV–Cultural. Directional arrows indicate which features
are used as inputs to calculate others.

• I – Physical, which keeps the physical features of pedestrians obtained directly
from the tracking, such as speeds, distances from a pedestrian from others,
angular variations, among others;

• II – Social, which derives from the Physical dimension and deals with social
interaction, characterizing groups of pedestrians and social features, as col-
lectivity, isolation and socialization levels of individuals;

• III – Personal and Emotional, which maintains the features related to person-
ality (Big-Five) and emotion (OCC) traits;

• IV – Cultural, which deals with features regarding cultural aspects, according
to Hofstede (HCD).

Naturally, we make no claims regarding the validity of this approach as a
scientific tool for assessing cultural, personality or emotional profiles of real peo-
ple because it is hard to know the intrinsic variables of human beings (personali-
ties/emotions/culture) and to relate that with humans physical/geometrical manifes-
tation. In addition, to get a full validity it should be tested with a a large scale of
data, which is very hard to obtain. This approach is a hypothetical model (tested
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in same examples) to detect our proposed dimensions and its validity in a set of
videos as well as some specific literature. Our main hypothesis is that it is plausible
to propose a computational model that based on pure geometrical input information
can be used to find out some intrinsic information, i.e. correlate geometric mani-
festations with emotion/personality/cultural aspects. All proposed dimensions and
other analysis and experiments, together with the background and related work, are
described in next chapters, according to the manuscript structure presented in next
section.

A final comment about the contribution of this thesis: we did not find any
model in literature that focus on find out and characterizing emotion, personalities
and cultural aspects of people in pedestrians from video sequences related to their
spacial/time behaviours.

1.3 Thesis Structure

The remainder of this thesis is structured as follows: Chapter 2 (Back-
ground) presents a brief theoretical foundation involving the main areas of knowl-
edge which aims to facilitate the understanding of the thesis. We explore concepts
related to crowds and cultural and personality aspects, how these aspects are char-
acterized psychologically, and how they can affect pedestrians in a crowd.

Chapter 3 (A State-of-the-art Review) presents the related work identified
with main goal to support our research. These work deals with concepts related
to crowds, detection of groups of individuals and extraction of information for the
mapping of personality, emotion and cultural aspects.

Chapter 4 (First and Second Dimensions: Data Extraction, Crowd Types
and Video Similarity) shows how pedestrian information and characteristics are ex-
tracted from the videos (individual tracking, planar projection, group detection, infor-
mation extraction) and how that information is used to detect the type of the crowd
and similar videos. This chapter basically deals with the features in the I - Physical
and II - Social dimensions, illustrated in Figure 1.1. In addition, this chapter presents
some focal results on these specific dimensions.

Chapter 5 (Third Dimension: Detection of Personality and Emotion Traits)
describes how we performed to detect personality (OCEAN) and emotion (OCC)
traits from pedestrians in the video. Chapter 6 (Fourth Dimension: Detection of
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cultural aspects in crowds) presents how we transformed or mapped pedestrian
and group features into Hofstede Cultural Dimensions. These two chapters deals,
respectively, with the III - Personal and Emotional and IV - Cultural dimensions
described in Figure 1.1. As before, these chapters also present some obtained
results regarding these two dimensions.

Chapter 7 (Fundamental Diagram Analysis) shows an analysis of cultural
aspects in a controlled experiment, involving Fundamental Diagrams. Considera-
tions about the work developed are made in Chapter 8 (Final Remarks). This chap-
ter summarizes the contributions of the research and presents a set of plausible
future work.

Finally, Appendix A (Video Analysis Dataset and Applications) presents
the Cultural Crowds dataset, a video database, the software GeoMind, developed to
detect a series of characteristics from pedestrians and also a viewer which allows to
visualize pedestrians features in crowds. Appendix B summarizes the publications
obtained during the research of this thesis.
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2. BACKGROUND

In this chapter we present several concepts and foundations that aim to
facilitate and help reading this thesis manuscript, as well as serve as a basis for
a better understanding of the next chapters. The content covers crowds and cul-
tural and personality aspects, how these aspects are culturally and psychologically
characterized, and how these factors affect pedestrians in a crowd.

Section 2.1 deals with cultural, emotional and personality aspects, present-
ing the main models in each area. Section 2.2 characterizes crowds and their types
and presents the concept of proxemics, which deals with interpersonal distances,
which may vary across cultures. Section 2.3 presents the Fundamental Diagrams,
describing the relationship between speed, density, and flow of pedestrians in a
crowd, which may also be influenced by cultural aspects.

2.1 Cultural Aspects

Culture, according to Hofstede (2011), is “the collective programming of
the mind that distinguishes members of one group of people from another”. This
mental programming can take place on three distinct levels: personality, culture and
human nature, where some are inherited from ancestors and others are learned by
individuals, as illustrated in Figure 2.1.

Figure 2.1: Mental programming levels: The three levels of uniqueness in mental
programming according to Hofstede et al. (2010).
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The level of mental programming “Human nature” is universal and, there-
fore, common to all individuals regardless of geographical location. Considering the
purpose of this work, which seeks to investigate cultural aspects in crowds, we stud-
ied models that describe, from a psychological point of view, the two levels of mental
programming that can be inherited or learned: “Cultural” and “Personality” levels.

At the cultural level, which is specific to a group of individuals or cate-
gory and can be learned, we studied the model of Cultural Dimensions proposed
by Hofstede (2001). At the level of personality, which is specific to each user
and can be both learned and inherited, we considered the personality model Big-
Five (Costa and McCrae, 1992). According to Revelle and Scherer (2009), person-
ality traits are correlated to emotions of people. Regarding this subject, we studied
the OCC (Ortony et al., 1990) emotion model. All this models are described in de-
tails in the next sections.

2.1.1 Hofstede Cultural Dimensions

Geert Hofstede is an Irish psychologist who, inspired by the anthropologist
Clyde Kluckhohn (Kluckhohn, 1962), conducted a large study in the 1970s to inves-
tigate the cultural differences between the employees of a multinational company
with subsidiaries in several countries (Hofstede, 2001): he analyzed the responses
of 117,000 IBM (International Business Machines) employees to understand why
their subsidiaries (in Brazil and Japan, for example) were managed differently, de-
spite the efforts of corporate headquarters to implement standardized standards and
procedures for all branches.

Hofstede and his collaborators proposed a model of six cultural dimen-
sions, which describe the effects of a society’s culture on the values of its members
and how these values relate to their behavior, they are: (i) Power Distance Index, (ii)
Individualism versus Collectivism, (iii) Uncertainty Avoidance Index, (iv ) Masculinity
versus Femininity, (v ) Long Term Orientation versus Short Term Orientation and (vi)
Indulgence versus Restraint Hofstede et al. (1991); Hofstede (2001); Hofstede et al.
(2010); Hofstede (2011). Each one of them is described next1.

1Further information on the Cultural Dimensions of Hofstede as well as the indices of various
countries can be found at https://www.geert-hofstede.com

https://www.geert-hofstede.com
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Power Distance Index

Power Distance Index (PDI) is directly related to the organizational hier-
archy and represents the degree to which the less powerful members of a society
accept and expect power to be distributed unevenly. This index is measured from the
point of view of the subordinate, how he deals with inequalities and how he accepts
them. A high score at PDI dimension indicates that a society accepts an unequal,
hierarchical distribution of power. A low score in this dimension means that power is
shared and is widely decentralized and dispersed, also that society members do not
accept situations where power is distributed unequally. Table 2.1 shows a summary
of the characteristics of PDI dimension at high and low scores.

Table 2.1: Power Distance Index: low and high PDI scores characteristics.

Characteristics

High PDI score

Strongly centralized organizations
Large wage and status differences

More complex hierarchies
Large gaps in compensation, authority and respect

Low PDI score
Flatter organizations

More horizontal organizations
Supervisors and employees are considered almost as equals

Individualism vs. Collectivism

Individualism versus Collectivism (IDV), as the name implies, concerns the
degree to which people in society are integrated into groups. Societies with a low
degree of individualism tend to privilege the collective, with strong group cohesion,
while a high degree of individualism represents societies in which privacy is highly
respected, with few interpersonal connections, and very personalized responsibili-
ties. A high IDV score (called Individualism) indicates weak interpersonal connection
among those who are not part of a group. People take less responsibility for others’
actions and outcomes. A low score in this dimension (called Collectivism) people
are supposed to be loyal to the group to which they belong, and, in exchange, the
group will defend their interests. Table 2.2 shows a summary of the characteristics
of IDV dimension at high and low scores.
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Table 2.2: Individualism vs. Collectivism: low and high IDV scores characteristics.

Characteristics

High IDV score

Value placed on people’s time and need for freedom
Promotion is based on rules and competences
Expectation of individual rewards for hard work

People value the privacy

Low IDV score

Emphasis on building skills
People work for intrinsic rewards

Search for harmony overrides moral issues
Working for the collective good

The promotion considers the context of the individual

Uncertainty Avoidance Index

Uncertainty Avoidance Index (UAI) expresses the degree to which the mem-
bers of a society feel uncomfortable with uncertainty and ambiguity. The fundamen-
tal question is how a society handles the fact that the future can never be known.
Countries with high UAI maintain strict codes of beliefs and behaviors and are intol-
erant of heterodox behaviors and ideas. Societies with low UAI maintain a quieter
attitude, where practice counts more than principles. In societies that score highly
for Uncertainty Avoidance, people attempt to make life as predictable and control-
lable as possible. People in low UAI scoring countries are more relaxed, open or
inclusive. Table 2.3 shows a summary of the characteristics of UAI dimension at
high and low scores.

Masculinity vs. Femininity

Masculinity versus Femininity (MAS) reflects, to a certain extent, adher-
ence to the separation of values defined by sex: predominantly masculine and fem-
inine functions. The Masculinity side of this dimension represents a preference in
society for achievement, heroism, assertiveness, and material rewards for success.
Society in general is more competitive. Its opposite, femininity, means a preference
for cooperation, modesty, caring for the weak and quality of life. Society in general
is more consensual.

In masculine societies, the roles of men and women overlap less, and men
are expected to behave assertively, demonstrating your success, and being strong
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Table 2.3: Uncertainty Avoidance Index: low and high UAI scores characteristics.

Characteristics

High UAI score

Many societal conventions
Emotional need for over-effort

A high energy society
Few risks assumed

Very formal conduct in business

Low UAI score

Extra effort only when needed
Informality in business

Acceptance of risks
Less sense of urgency

Openness to changes and innovation

and fast, are seen as positive characteristics. In feminine societies, however, there
is a great deal of overlap between male and female roles, and modesty is perceived
as a virtue. Greater importance is placed on good relationships with your direct
supervisors, or working with people who cooperate well with one another. Table 2.4
shows a summary of the characteristics of MAS dimension at high and low scores.

Table 2.4: Masculinity vs. Femininity: low and high MAS scores characteristics.

Characteristics

High MAS score

Competitiveness and material rewards
Distinction between activities of each gender

Feelings of pride and importance are attributed to status
Money and achievement are important

Low MAS score
Cooperation and quality of life

Power and success equally distributed
Relationship oriented/consensual

Long vs. Short Term Orientation

Long Term Orientation versus Short Term Orientation (LTO) is related to
the bonds that a society maintains with its own past in dealing with the challenges of
the present and the future. Societies prioritize these two existential goals differently.
Low LTO societies, for example, prefer to keep traditions and norms at the same
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time as they see social change with suspicion. High LTO index cultures, on the
other hand, take a more pragmatic approach: they encourage the economy and
efforts in modern education as a way of preparing for the future.

Countries with a long-term orientation tend to be pragmatic, modest, and
more thrifty. In short-term oriented countries, people tend to place more emphasis
on principles, consistency and truth, and are typically religious and nationalistic.
Table 2.5 shows a summary of the characteristics of LTO dimension at high and low
scores.

Table 2.5: Long vs. Short Term Orientation: low and high LTO scores character-
istics.

Characteristics

High LTO score

The family is the basis of society
Respect for traditions

Older people have more power and recognition
Virtues and obligations are emphasized

Low LTO score

Criativity and innovation
People open to change

Equality in treatment
Values and rights are emphasized

Indulgence vs. Restraint

Indulgence versus Restraint (IND) measures the degree to which each
member of society tries to control his/her desires and impulses. Members of more in-
dulgent societies allow themselves to have relatively free and immediate satisfaction
of basic and natural human desires, enjoying life and having fun. On the other hand,
members of moderate societies are convinced that this bonus must be controlled
and regulated by strict rules. Table 2.6 shows a summary of the characteristics of
IND dimension at high and low scores.

We did not find any other model which aims to describe cultural aspects
regarding different populations. This is why we present only Hofstede Cultural Di-
mensions model. In the next section we briefly presented the Big-Five personality
model.
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Table 2.6: Indulgence vs. Restraint: low and high IND scores characteristics.

Characteristics

High IND score

Search for happiness and pleasure
Less anxiety with deadlines and commitments

Importance of freedom of speech
Optimism

Low IND score

Emotions contained
Seriousness in meeting deadlines and commitments

More controlled and rigid behavior
Pessimism

2.1.2 Big-Five Personalty Traits

The model of the five major personality factors, referenced as Big-Five or
Five-Factor Model (FFM), is a descriptive (taxonomic) psychological model of five
personality traits factors, which were discovered empirically in the early 1980s, ac-
cordingly with Goldberg (1982). Researchers Lewis Goldberg, Naomi Takemoto-
Chock, Andrew Comrey, and John M. Digman, reviewing the personality tests avail-
able at the time, found that most sought to evaluate a subset of five common fac-
tors (Goldberg, 1993), which, are known as the five dimensions of Big-Five per-
sonality model, also referenced by the acronym OCEAN (Costa and McCrae, 1992;
Digman, 1990; John, 1990; Goldberg, 1990; Mccrae and John, 1992; McCrae and
Costa, 1996): (i) Openness to experience, (ii) Conscientiousness, (iii) Extraversion,
(iv ) Agreeableness, and (v ) Neuroticism. Each one of the dimensions is described
below:

• Openness to experience: represents the degree to which an individual can
accept new and unconventional ideas. People who score high on this trait tend
to have a wide range of interests. They are curious about the world and other
people and eager to learn new things and enjoy new experiences. People with
a high score on this feature also tend to be more adventurous and creative. A
low score in this trait indicate that people are much more traditional and may
have difficulties with abstract thinking;

• Conscientiousness: is defined by the self-discipline and obedience which an
individual possesses in the performance of a task. People with a high score



50

on this trait tend to be organized and aware in the details. They plan ahead,
think about how their behavior affects others and are on time. A low score
indicates that people dislikes structure and schedules and they do not take
care of things;

• Extraversion: represents how much an individual is being energetic and out-
going, experiencing positive emotions and seeking the company of other peo-
ple. People who are high in extraversion are outgoing and like to be present
in social situations. Being close to other people helps them feel energized and
excited. People who have a low score in this trait tend to be more reserved
and need to spend energy in social settings. Social events may seem tire-
some, and introverts often require a period of solitude and silence to regain
their energy;

• Agreeableness: determines how compassionate, altruistic and co-operative
the individual can be. People who are high in agreeableness tend to be more
cooperative while those low in this trait tend to be more competitive and some-
times even manipulative. A high score in this trait indicate that the individuals
care about others, feels empathy and concern for other people and enjoy help-
ing and contributing to the happiness of others. Individuals with low score in
this trait tend to manipulate others to get what they want, take little interest in
others and do not care about how others feel;

• Neuroticism: refers to how vulnerable an individual can be by experiencing
negative emotional states. Individuals who are high in this trait tend to experi-
ence mood swings, anxiety, irritability, and sadness. Gets upset easily, worries
about many different things and experiences a lot of stress. Those low in this
trait tend to be more stable and emotionally resilient, deal well with stress,
rarely feel sad or depressed and do not worry too much.

An instrument widely used to evaluate the personality traits of an individual
is the Personality Inventory NEO PI-R (Costa and McCrae, 1992). This test has two
versions, one complete and one reduced. In its complete version, it consists of a
questionnaire with 240 items that seek to evaluate individuals in the five domains
presented through a self-report. Its reduced version (NEO-FFI – NEO-Five Factor
Inventory (Costa and McCrae, 1989)) has only 60 items that provide a shorter mea-
sure of the five personality domains. In the next section are presented the Big-Five
domains and its facets. Each domain has several sub-domains or related cate-
gories, which are called facets. For example, one of the 240 items in the NEO PI-R
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is the statement “I really enjoy talking to other people”, this item is related to the E1 -
Warmth, which belongs to the Extraversion domain. Each of the five major domains
has six related facets, totaling 30. Table 2.7 lists each of the six facets related to
each personality domain.

Table 2.7: Big-Five Personality Traits: domains and their respective facets – NEO
PI-R (Costa and McCrae, 1992).

Domains Facets

O: Openness to experience

O1: Fantasy
O2: Aesthetics
O3: Feelings
O4: Actions
O5: Ideas
O6: Values

C: Conscientiousness

C1: Competence
C2: Order
C3: Dutifulness
C4: Achievement Striving
C5: Self-Discipline
C6: Deliberation

E: Extraversion

E1: Warmth
E2: Gregariousness
E3: Assertiveness
E4: Activity
E5: Excitement-Seeking
E6: Positive Emotions

A: Agreeableness

A1: Trust
A2: Straightforwardness
A3: Altruism
A4: Compliance
A5: Modesty
A6: Tender-Mindedness

N: Neuroticism

N1: Anxiety
N2: Angry/Hostility
N3: Depression
N4: Self-Consciousness
N5: Impulsiveness
N6: Vulnerability

There are some other models regarding personality traits, such as 16PF (Cat-
tell and Krug, 1986) and Big-Two (Abele and Wojciszke, 2007), but we adopted Big-
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Five due to the fact that it is the most known and widely used personality model. In
the next section we describe the OCC emotion model.

2.1.3 OCC Emotion Model

As mentioned by Revelle and Scherer (2009), “A helpful analogy is to con-
sider that personality is to emotion as climate is to weather. That is, what one ex-
pects is personality, what one observes at any particular moment is emotion”. That
is the reason why, in our work, we correlated emotion traits with visual behaviors
that can be perceived in pedestrian motion.

Ortony, Clore and Collins’s (Ortony et al., 1990) proposed the emotion
model called OCC. The OCC emotion model is a widely used model of emotion
that states that the strength of a given emotion primarily depends on the events,
agents, or objects in the environment of the agent exhibiting the emotion.

The model proposed by Ortony et al. (1990) specifies a set of 22 emotion
categories and consists of five processes that define the complete system that indi-
viduals follow from the initial categorization of an event to the resulting behavior of
the character: a) classifying the event, action or object encountered, b) quantifying
the intensity of affected emotions, c) interaction of the newly generated emotion with
existing emotions, d) mapping the emotional state to an emotional expression and e)
expressing the emotional state. Table 2.8 shows the 22 emotions from OCC model.

There are some other models of emotions in psychological literature, such
as Circumplex Model (Russell, 1980) and Lövheims Cube of Emotion (Lövheim,
2012). We use OCC emotion model due to the fact that this model is already used
in Computer Vision area. Next section deals with crowds and groups of pedestrians.

2.2 Crowds and Groups of People

Considered a very interesting subject, the crowds have been studied by
professionals from various fields, such as psychologists, physicists and computer
scientists (Kapadia et al., 2013). According to Jacques Junior et al. (2010), the
analysis of crowds and groups of people is a phenomenon of great interest in sev-
eral areas of application (e.g., video surveillance, human behavior understanding
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Table 2.8: Emotion specifications: emotion type specifications of the OCC model,
extract from Ortony et al. (1990).

Emotion Specification

Joy (pleased about) a desirable event

Distress (displeased about) an undesirable event

Happy-for (pleased about) an event presumed to be desirable for someone else

Pity (displeased about) an event presumed to be undesirable for someone else

Gloating (pleased about) an event presumed to be undesirable for someone else

Resentment (displeased about) an event presumed to be desirable for someone else

Hope (pleased about) the prospect of a desirable event

Fear (displeased about) the prospect of an undesirable event

Satisfaction (pleased about) the confirmation of the prospect of a desirable event

Fears-confirmed (displeased about) the confirmation of the prospect of an undesirable event

Relief (pleased about) the disconfirmation of the prospect of an undesirable event

Disappointment (displeased about) the disconfirmation of the prospect of a desirable event

Pride (approving of) one’s own praiseworthy action

Shame (disapproving of) one’s own blameworthy action

Admiration (approving of) someone else’s praiseworthy action

Reproach (disapproving of) someone else’s blameworthy action

Gratification
(approving of) one’s own praiseworthy action and (being pleased about) the
related desirable event

Remorse
(disapproving of) one’s own blameworthy action and (being displeased about)
the related undesirable event

Gratitude
(approving of) someone else’s praiseworthy action and (being pleased about)
the related desirable event

Anger
(disapproving of) someone else’s blameworthy action and (being displeased
about) the related undesirable event

Love (liking) an appealing object

Hate (disliking) an unappealing object

or measurements of athletic performance). When a group of individuals shares the
same physical space and has a common goal, they have the characterization of a
collective and highly dynamic social group or, more broadly, a crowd (Li et al., 2012).
A crowd can be characterized as a group of individuals who share the same physi-
cal space and can have common goals, or even a collective, highly dynamic social
group (Li et al., 2012).
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In a crowd, people think they are acting as individuals, but like in other
forms of group behaviour, they are being shaped by the collective action of others.
People in crowds seem to take on a collective identity, and it may even be difficult to
distinguish individual and group behavior. Crowds seem to act as one, even though
there may be great diversity within them (Andersen and Taylor, 2007).

A crowd is said to be collective and dynamic (Li et al., 2012), because it
can not be treated as a set of individuals with their isolated behaviors, since, in a
crowd, individual behavior is influenced by the behavior of his crowd, according to
proposed by Pan et al. (2007). From the psychological point of view, the concept
of crowd is the concentration of individuals who present behavioral characteristics
distinct from those they would present if they were isolated (Bon, 1986).

The formation of a crowd can be observed in various everyday situations,
such as people strolling in a mall, the public that celebrates an event, people attend-
ing an airport, among others. The study of crowds is not recent, records of research
in this area have been found since the early 1970s, as can be seen in Hender-
son (1971) and Fruin (1971). Regarding computational models we can mention the
work proposed by Helbing (1991); Thalmann and Musse (2013); Musse and Thal-
mann (1997); Still (2000); Helbing et al. (2007); Albeverio et al. (2007); Moussaid
et al. (2009); Padgham (2012); Davidich and Koster (2013).

The studies performed by Fruin (1971) shows that the actions taken by
a certain crowd are related to the perception of the territory exercised by each of
the individuals in this crowd, that is, the way individuals move in the environment
and how they position themselves in relation to others is affected by how territorial
space is detected and evaluated by each of them. Individuals in a crowd can also be
organized as small groups, that is, pedestrians interacting each other (Turner, 1981;
Tafjel and Turner, 1986).

According to Forsyth (2010), a group is a social unit whose members stand
in status and relationships with one another. Another definition, proposed by Turner
(1981), says that a group is composed by two or more people interacting to reach a
common goal and perceiving a shared membership, based on both physical (spatial
proximity) and social identities.

In this work, groups of individuals are defined based on the distance be-
tween people, the speeds in which they move and the direction or goal of each
one. In this sense, in order to two or more individuals be part of the same group,
they must be near, going to the same direction and moving at similar speeds (or
standing). Groups and individuals make up crowds in different configurations, al-
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though each individual has its own objectives and behaviour patterns, the behaviour
of crowds is widely understood to have collective characteristics, configuring differ-
ent types of crowds (Davies et al., 1995). In the next section we discuss some types
of crowds.

2.2.1 Types of Crowds

The behavior of crowds is a widely subject of study and consists of a se-
ries of collective characteristics that can be described in general terms. For exam-
ple, subjective descriptions such as an “angry crowd” or a “peaceful crowd” can be
used (Davies et al., 1995). Not distinguish between the crowds can disrupt its con-
trol or decision-making, which can result in a series of losses, or even cost lives (in
disasters, for example) (Berlonghi, 1995; Kendall, 2016).

A crowd, at a special event, is not just a number of people participating
or observing a particular activity (Berlonghi, 1995). A crowd ends up assuming a
personality of its own, acting in different ways according to its type. The variability of
a crowd’s behavior is a consequence of the diversity of the people within it (e.g. age,
sex, and social and psychological attributes), as well as the spatial configuration of
obstacles and paths (Allain et al., 2014).

These factors have a direct relationship with the characteristics that define
the type of a crowd. As proposed by Berlonghi (1995) and Kendall (2016), according
to its characteristics, a crowd can be: i) Casual, ii) Conventional or iii) Demonstra-
tive, among other types. Each of these types is presented next.

Casual Crowds

Casual crowds, according to Kendall (2016), are relatively large gatherings
of people who are in the same place at the same time. If there is interaction, it
happens only briefly. People in a mall or a bus or subway station are examples of
casual crowds. In addition to sharing a momentary interest, such as the presentation
of a clown or artist on the street, or even the fall of a small child, a casual crowd has
nothing in common.

Another example is the crowd formed by the group of people waiting to
cross the street at a busy intersection. In this case, the crowd has a common goal
that is only momentary, where the crowd disperses once this goal is achieved, with-
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out there being interaction between people. Figure 2.2 shows an example of a
casual crowd crossing a street.

Figure 2.2: Casual crowd: people crossing the street at Paulista Av. (SP, Brazil),
who happen to be in the same place at the same time. Public domain picture ex-
tracted from Pexels (https://www.pexels.com).

Conventional Crowds

A Conventional crowd is a crowd where a collection of people gather to-
gether for a specific purpose (Kendall, 2016). They might be attending a movie, a
play, a concert, a party or a lecture. Other examples include religious services and
graduation ceremonies. Each of these events have pre-established schedules and
standards. Because these events occur regularly, the interaction between partici-
pants is much more likely than in casual crowds. Crowds leaving social events or
environments can also be characterized as conventional crowds.

Goode (1992) thinks that conventional crowds do not really act out collec-
tive behavior; as their name implies, their behavior is very conventional and thus
relatively structured. Figure 2.3 shows an example of a conventional crowd, a group
of people in a party.

https://www.pexels.com
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Figure 2.3: Conventional crowd: a group of people who gather together in a party.
Public domain picture extracted from Pexels (https://www.pexels.com).

Demonstrative Crowds

Demonstrative crowd, according to Berlonghi (1995) is a crowd organized
by some leadership, whose actions may include pickets, marches, songs, or demon-
strations at specific locations for a specific purpose. Examples are the crowds of
people who come together to protest against political, social, cultural, or economic
issues. Figure 2.4 shows an example of a demonstrative crowd, a group of people
protesting in front a building.

Next section shows an analysis of the space that an individual maintains
during interactions with others in a crowd, called Proxemics.

2.2.2 Interpersonal Spaces

In 1966, the American anthropologist Edward Twitchell Hall (Hall, 1966)
proposed the proxemics term to describe the use of personal space, area around
the individual during interactions and communications with the other individuals of
the crowd. An example of proxemics is the fact that an individual who finds a seat in

https://www.pexels.com
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Figure 2.4: Demonstrative crowd: a group of people protesting in front of a build-
ing. Public domain picture extracted from Pexels (https://www.pexels.com).

a square already occupied by another person at one end tends to sit at the opposite
end, preserving a space between the two individuals.

Hall demonstrated that the social distance between individuals may be re-
lated to physical distance. In this sense, Hall mentions four distinct zones of inter-
personal distances among individuals in a crowd:

• Intimate distance: occurs at distances ranging from 15 to 45 centimeters.
This level of physical distance often indicates a closer relationship or greater
comfort between individuals. It often occurs during intimate contact such as
hugging, whispering, or touching. Physical contact is hardly avoided in this
area;

• Personal distance: occurs at distances ranging from 45 centimeters to 1.2
meters. Physical distance at this level usually occurs between people who are
family members or close friends. The closer the people can comfortably stand
while interacting can be an indicator of the intimacy of the relationship. At this
distance, physical contact occurs with certain ease, being possible to detect
facial details and odors;

• Social distance: occurs at distances ranging from 1.2 to 3.6 meters. This
level of physical distance is often used with individuals who are acquaintances.
With someone you know fairly well, such as a co-worker you see several times

https://www.pexels.com
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a week, you might feel more comfortable interacting at a closer distance. In
cases where you do not know the other person well, such as a postal delivery
driver you only see eventually, a bigger distance may feel more comfortable.
Depending on the distance, the physical contact may occur, it is possible to
detect some facial details, but it is not possible to detect odors;

• Public distance: occurs at distances of at least 3.6 meters. Physical dis-
tance at this level is often used in public speaking situations. Talking in front
of a class full of students or giving a presentation at work are good examples
of such situations. Impersonal and relatively anonymous interactions are per-
ceived, where there is limited sensory involvement. Non-verbal communication
is emphasized, including body position, gestures, and movements.

Figure 2.5 illustrates the interpersonal distances proposed by Edward T.
Hall. The distance surrounding a person forms a space. The space within intimate
distance and personal distance is called personal space (highlighted in orange in
the figure). The space within social distance and out of personal distance is called
social space (the area highlighted in yellow in the figure). And the space within
public distance is called public space (blue area highlighted in the figure).

Intimate space
(15cm to 45cm)

Personal space
(45cm to 1.2m)

Social space
(1.2m to 3.6m)

Public space
(at least 3.6m)

Figure 2.5: Proxemics: interpersonal distances proposed by Hall (1966).

Entering somebody’s personal space is normally an indication of familiar-
ity and sometimes intimacy (Hall, 1966). However, in modern society, especially in
crowded urban communities, it can be difficult to maintain personal space, for ex-
ample when in a crowded train, elevator or street. Many people find such physical
proximity to be psychologically disturbing and uncomfortable, though it is accepted
as a fact of modern life. In an impersonal, crowded situation, eye contact tends to
be avoided (Hall, 1966).
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A person’s personal space is carried with him/her everywhere the individual
goes. Hall (1966) indicated that different cultures maintain different patterns of per-
sonal space. According to him, people from different cultures perceive space (and
place) differently. In Latin cultures, for example, relative distances are smaller and
people do not feel uncomfortable when they are close to each other. In the Nordic
cultures, in contrast, the opposite occurs.

Some attributes can vary from a crowd to another, such as the personal
spaces an individual keeps from others, as observed by Hall (1966), and the relation
between the speed that individuals move and the density of the crowd (number of
people in a certainly area). Next section shows an important instrument used to
analysis crowds, the Fundamental Diagram.

2.3 Fundamental Diagram in Crowds

Just as cultural aspects can alter people’s patterns of interpersonal spaces
in a crowd (Hall, 1966), Chattaraj and his co-workers (Chattaraj et al., 2009) suggest
that cultural and population differences can also change speed, density, and flow of
people in the crowd.

In the work proposed by Chattaraj et al. (2009), the influence of culture on
pedestrian trajectory is investigated through fundamental diagrams. The Fundamen-
tal Diagrams (FD), originally proposed for use in the traffic planning guidelines (Jelić
et al., 2012), are diagrams describing the relationship between three parameters:
density, speed and flow (Wu, 2002).

Zhang (2012) also studied Fundamental Diagrams. In his work, FD dia-
grams have been adapted to describe the relationship between flow and pedestrian
density, and are associated with various phenomena of self-organization in crowds
such as the formation of pathways (lanes) and jam2 or overcrowding.

One of the widely used plot is the one who describes the relationship be-
tween pedestrian speed and crowd density: as the density increases, the speed
decreases (Zhang et al., 2012). Figure 2.6(a), extracted from Zhang et al. (2012),
illustrates this idea, comparing several experiments present in the literature involving
pedestrian flows, their densities and speeds. Note that the data given by Weidmann

2Jam effect occurs when the density of people is so high that the crowd stops moving.
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(1993), who performed a meta-study, is an idealized fundamental diagram obtained
by collecting and fitting 25 other experiments.

(a) Speed vs. Density (b) Flow vs. Density

Figure 2.6: Fundamental Diagram: comparison of fundamental diagrams of bidi-
rectional pedestrian flow from various studies (Zhang et al., 2012).

In terms of the relation between flow and density (Figure 2.6(b)), we can
observe the following: as the number of people increases, the density as well as
the flow increases. However, as the density increases, it will reach a situation where
people will no longer be able to move (jam effect), causing the flow to be zero. There
is a density, between zero density and jam density, where the flow will be maximum.

2.4 Chapter Remarks

In this chapter we presented a series of concepts involving cultural, person-
ality and emotion aspects, as well as their main classification models that are used in
this work. While personality and emotion occur at the individual level, culture is tied
to a group or category of individuals. Both personality and culture can be learned by
individuals, which entails different cultures and personalities when considering geo-
graphically distributed individuals and groups of people, since culture plays a large
role in shaping the behaviors and personality of an individual, according to Nazir
et al. (2009).
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In the sequence, several concepts involving crowds were presented. Among
them is the proxemics, which treats the interpersonal spaces around the individuals
when they are interacting with others in a crowd. These interpersonal spaces are
strongly influenced by the cultural and personality aspects of individuals (Hall, 1966).
Just as proxemics suffer cultural influences, the density, velocity, and flow of individ-
uals in a crowd are also affected (Chattaraj et al., 2009). To analyze the relationship
between these three factors, the fundamental diagrams (Wu, 2002) are used.

Next chapter presents several work related to the presented concepts, in-
volving crowds, detection of groups of individuals and extraction of information for
the mapping of emotion, personality and cultural aspects.
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3. A STATE-OF-THE-ART REVIEW

In this chapter we present the related work identified with the main goal
of this thesis. In crowds, cultural and personality influence can be considered in
attributes such as interpersonal spaces, speeds of pedestrians, collision avoidance,
formation of groups of people in the crowd, among others. Several researches (Zhan
et al., 2008; Weina et al., 2012; Solmaz et al., 2012; Chandran et al., 2015) focus on
group identification through computational vision for information extraction. Some
group detection and behavior work is presented in Section 3.1.

In addition to information about individuals and their groups, fundamen-
tal diagrams can also be used to infer culture. The Fundamental Diagrams describe
the relationship between velocity, density and flow of individuals in multitudes, as de-
scribed in Section 2.3. Section 3.2 presents some work that use FDs in crowds (Cao
et al., 2018; Helbing et al., 2007; Seyfried et al., 2010; Wolinski et al., 2014; Narang
et al., 2015; Best et al., 2014).

Section 3.3 shows some research about personality (Goldberg, 1982) and
emotion traits (Ortony et al., 1990). Finally, Section 3.4 addresses some work that
seek to extract or simulate cultural aspects (Hofstede et al., 1991) in crowds (Chat-
taraj et al., 2009; Guy et al., 2011; Lala et al., 2011; Fridman et al., 2011). Also
the work performed by Sorokowska et al. (2017), which investigate the preferred
distance that a pedestrian keeps from others in several countries.

3.1 Group Detection

An important feature of crowds is their density, and it is natural to think that
crowds with different density levels should receive different levels of attention (Zhan
et al., 2008). In low and medium-density1 crowds, some papers address the detec-
tion of groups based on trajectories obtained by a tracker or background subtraction
techniques. When the crowd presents a high density, an approach for the detection
of trajectories based on optical flow is usually applied, since, the identification of
groups in this case is not trivial.

1In this thesis, it was considered that the density 〈Φ〉 (amount of people p/m2) can be: low, when
〈Φ〉 ≤ 1.5, medium, when 1.5 < 〈Φ〉 ≤ 4 and high, when 〈Φ〉 > 4. These values were empirically
defined
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Weina et al. (2012) proposed an approach to detect groups of individuals
who are walking together. The groups are obtained by hierarchical grouping, using
the Hausdorff distance (Hausdorff, 1962), considering the proximity and speed of
the agents. The distance of Hausdorff, also called Pompeiu-Hausdorff distance,
measures how far apart two subsets are from each other. Group identification is
based on the bottom-up hierarchical clustering approach, starting with individuals
as separate groups and gradually creating larger groups, merging two clusters with
the closest proximity to each other (that is, with the shortest distance of Hausdorff).

In the work proposed by Chandran et al. (2015), a non-recursive algorithm
of motion similarity clustering (NMSC) is proposed to identify moving pedestrians
together in social groups. People are tracked using the background subtraction
technique using the Gaussian mixing approach. The clustering algorithm is un-
supervised and can automatically identify social groups within a region of interest in
a video.

Solera and his collaborators (Solera et al., 2013) propose a new algorithm
for the detection of groups, through the clustering of trajectories, solving by means
of a parametric group of correlation trained by a support vector machine (SVM).
These approachs are mainly aimed at detecting social groups from videos of crowds.
Figure 3.1 shows some results obtained in group detection researches in crowds
with low and medium densities.

(a) Solera et al. (2013) (b) Weina et al. (2012)

Figure 3.1: Group detection in low and medium densities: (a) Solera et al. (2013)
and (b) Weina et al. (2012).

Other work, in addition to detecting groups, analyze their behavior (Feng
and Bhanu, 2015). Palanisamy and Manikandan (2017) developed a framework for
automatic behavior profiling and anomaly detection based on the clustering based
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group analysis. Some more recent work uses Deep learning to analyze crowds
(Shao et al., 2015). In some of them, the authors work with detection and recognition
of activities in groups of people (Ibrahim et al., 2016; Deng et al., 2016).

However, the detection of groups in high-density crowds is not trivial (Sol-
maz et al., 2012; Zhou et al., 2014), in which case the focus of the work is the
behavior of the crowd as a whole, regardless of group level. Zhou and his collabo-
rators (Zhou et al., 2014) have proposed a collective descriptor for crowds and for
the individuals who constitute them. The algorithm Collective Merging (Zhou et al.,
2014) detects and distinguishes collective motions from random motions.

According to Solmaz and his colleagues (Solmaz et al., 2012), videos of
high density crowds make recognition and tracking of individuals and their groups
impractical. These authors propose a method where the scene is superimposed
by a grid of particles, initializing a dynamic system defined by optical flow. The
trajectories of the particles represent the movement in the scene and, through this
movement, the behaviors of the crowd are identified. Figure 3.2 illustrates some
behavioral detection results in high-density crowds.

(a) Zhou et al. (2014) (b) Solmaz et al. (2012)

Figure 3.2: Detection of behaviors in high density crowds: (a) Zhou et al. (2014)
and (b) Solmaz et al. (2012).

In the next section we present some approaches regarding the use of Fun-
damental Diagrams in crowds.
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3.2 Fundamental Diagrams

The understanding of the individual trajectories can arise from studies on
the pedestrian dynamics, allowing to analyze the relation between the density of the
crowd and the movement of the people. In this sense, the Fundamental Diagrams
can serve as an analysis tool (Seyfried and Schadschneider, 2008; Seyfried et al.,
2010). FDs can also be used in crowd simulations (Narang et al., 2015; Best et al.,
2014).

Helbing et al. (2007) used the FDs to analyze disasters in crowds. In their
work, they developed an algorithm to extract pedestrian positions and speeds as a
function of time to determine critical conditions in the crowd, which is important for
organizing events involving large numbers of people with greater safety.

In the approach proposed by Best et al. (2014), the relationship between
flow, speed and density of a real crowd is compared with simulations using the Dens-
eSense algorithm in two versions, each combined with a different local navigation
algorithm: (i) Social Forces (SF) (Helbing et al., 2000) and (ii) Optimal Reciprocal
Collision Avoidance (ORCA) (Berg et al., 2009). The two versions of the Dens-
eSense algorithm came to be called DSF and DORCA. Figure 3.3 illustrates one of
the experiments carried out in Best et al. (2014).

(a) People leaving a stadium (b) FD from the experiment

Figure 3.3: Experiment of the approach proposed by Best et al. (2014): (a) frame
of a video of a real world crowd coming out of a football stadium through a tunnel
and (b) FD (speed vs. density) from that experiment.

Concerning generation of pedestrian trajectories in crowd simulation, in the
work proposed by Narang et al. (2015), movements and behaviors often observed
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in human crowds were used. The authors proposed the use of FDs to express
the relation between speed and density of human individuals in the generation of
trajectories in the simulations.

Wolinski et al. (2014) applied FD as a macroscopic data metric for evaluat-
ing crowd simulations. The work proposed by Flötteröd and Lämmel (2015) presents
a two-way steady pedestrian flow model. Starting from microscopic principles in the
simulation, an FD is calculated that defines the specific flow rates of each direction
as a function of the specific densities of each direction. Figure 3.4 shows some
experiments involving the use of FDs in crowd simulations.

(a) People in a mall (Narang et al., 2015) (b) Trajectory simulation (Wolinski et al., 2014)

Figure 3.4: Experiments involving FD and crowd simulations: (a) Pedestrian
simulation in a mall and (b) generation of pedestrian trajectories based on real tra-
jectories (in red the real trajectories and in blue trajectories simulated).

In the next section are presented some work concerning personality and
emotion in crowds and pedestrians.

3.3 Personality and emotions

The work developed by Guy et al. (2011) presents a new technique for
generating heterogeneous behavior in crowds using traits of personalities theory. In
that work, the Eysenck 3-Factor personality model was used to establish the range
of personality variation. It is a biologically based model based on three indepen-
dent personality factors: Psychoticism, Extraversion and Neuroticism, also known
as PEN, which later inspired the OCEAN model (Big-Five) (Goldberg, 1990).
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Figure 3.5 shows some results of the approach proposed by Guy et al.
(2011). This figure shows a simulation in a hallway scenario performed by four
agents, where the path of each one of them is colored uniquely. This simulation
shows a comparison between agents with high levels of (a) “Psychoticism”, (b) “Ex-
traversion” and (c) “Neuroticism”. The high P-factor agents repeatedly cut close to
others taking the most direct paths. The high E-factor agents take faster and occa-
sionally “daring” paths, the high N-factor agents take more indirect paths and keep
their distance from others.

(a) High Psychoticism (P) (b) High Extraversion (E) (c) High Neuroticism (N)

Figure 3.5: Hallway Scenario simulations performed by Guy et al. (2011): a
comparison between (a) agents with high levels of Psychoticism, (b) Extraversion
and (c) Neuroticism.

Figure 3.6 shows the same time-step from two different simulations. In
the left simulation (Figure 3.6(a)), the light red agents are assigned a personality of
Aggressive (adjective of Psychoticism). In the right simulation (Figure 3.6(b)), the
light red agents are Shy (adjective of Neuroticism). At this point, a few seconds into
the simulation, many more Aggressive agents have moved through the exit than the
Shy agents. Furthermore, several of the Shy agents can be seen to be holding back
away from the exit, causing less congestion.

Saifi et al. (2016) proposed an approach to provide critical emotions in
crowd simulators.The simulator uses fuzzy logic for the emotional modeling of critical
emotions of members of the crowd at the announcement or the presence of unusual
events, in order to quantify emotions. They combine OCEAN (Goldberg, 1990) and
OCC (Ortony et al., 1990) emotion model in their approach. Davis and Panksepp
(2011) also proposed a similar approach to unifying basic emotions with personality.
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(a) Aggressive (b) Shy

Figure 3.6: Narrowing passage scenario performed by Guy et al. (2011): a com-
parison, at the same time-step, between dark-blue default agents and light-red ag-
gressive agents (a) and light-red Shy agents (b). The aggressive agents exited more
quickly, while several Shy agents stay back from the exit causing less congestion.

3.4 Cultural Aspects

As explained earlier, the main idea of this work is to find groups in crowds
and extract their characteristics, with the purpose of measuring cultural aspects and
personalities in videos of crowds from different countries. Some similar work are
proposed in the literature, such as those proposed by Lala et al. (2011), Chattaraj
et al. (2009) and Guy et al. (2011).

The work of Lala et al. (2011) is quite similar to the one proposed in this
thesis, however it uses simulation and not computer vision. The authors introduced
a virtual environment that allows the creation of different types of cultural crowds
which the users can interact. The parameterization of crowds is based on the cul-
tural dimensions proposed by Hofstede (Hofstede et al., 1991) (presented in Sec-
tion 2.1.1).

Using one or more cultural dimensions of Hofstede (Lala et al., 2011), the
authors proposed an approach to generate crowds with different characteristics and
behaviors, proving that the change in crowd type resulted in varied responses by
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individuals according to the culture. Table 3.1 presents the characteristics and be-
haviors of the individuals of the simulation attached to each of the dimensions.

Table 3.1: Hofstede cultural dimensions mapping: summary mapping of the Hof-
stede cultural dimensions in behavior and characteristics of the agents in the simu-
lation proposed by Lala et al. (2011).

Cultural Dimension Related Features

IDV
Interpersonal spaces

Walking speeds

UAI
Agent navigation

Colision avoidance

PDI Personal space given to other agents

MAS Method of treatment of collisions

LTO Steps in collision avoidance algorithm

As a result of the work proposed by Lala et al. (2011), one of the cultural
dimensions, IDV (individualism vs. collectivism) was mapped to agent characteris-
tics and it was found that two distinct types of crowds could be generated. A crowd
with a relatively high level of individualism and another crowd representing a more
collectivist society.

The agents of the individualistic crowd were characterized with a faster
walk and with a greater personal space. Personal space was set at an average of
0.50m for the collectivist crowd and 1m for the individualistic crowd. The average
speed of the individualistic crowd was about 50% faster than the collectivist crowd.
These values seem to adequately represent the extreme points of the Hofstede IDV
dimension (Hofstede et al., 1991).

Another work which analysis cultural aspects, involves fundamental dia-
grams. In the work of detecting cultural differences proposed by Chattaraj et al.
(2009), a study was carried out to verify the cultural influences in trajectories of in-
dividuals, using the FD computed with populations from Germany and India. More
specifically, they studied FD in controlled experiments using populations of the same
size. Figure 3.7 shows the configuration of the experiment performed.
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Figure 3.7: Experiment sketch performed with India and Germany (Chattaraj
et al., 2009): the length (17.3m) and the form of the corridor are identical in both
countries.

Figure 3.8 illustrates the FD of each country. The authors observed dif-
ferences in the minimum personal space estimated for the groups (0.22m for India
and 0.36m for Germany), indicating the influence of the cultural differences of each
country. In Germany, speeds are lower than in India, considering the same density
of people.

The work proposed by Fridman et al. (2011) presents data that aim to dif-
ferentiate populations regarding their behavior of movement in crowds. The study
is conducted with populations from five countries: France, Iraq, Israel, Canada and
England. In this study, cultural parameters are proposed and analyzed in videos
from different countries, for later comparison. Some of the parameters analyzed
are: speed, personal space, number of collision and population flow. Figure 3.9
shows the average velocities obtained in each analyzed population.

The results presented in Figure 3.9 show that pedestrians in Canada had
the highest average speed values. The lowest average speeds were found in Iraq.
Based on a visual inspection obtained in the work proposed by Fridman et al. (2011),
individuals in Canada move individually, with speeds higher than other cultures. In
this same analysis, it was observed that the pedestrians of Iraq are more grouped
and with speeds lower than in other cultures.
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(a) India (b) Germany

Figure 3.8: Relationship between speed and density: speed vs. density of differ-
ent cultures (Chattaraj et al., 2009): (a) India and (b) Germany. N is the amount of
participants and free speed is the speed of only one pedestrian walking freely in the
corridor. In Germany, speeds are lower than in India, considering the same density
of people.

Figure 3.9: Speed differences: average speed differences among cultures accord-
ing to Fridman et al. (2011). Canada had the highest average speed values. The
lowest average speeds were found in Iraq.

Another result presented by Fridman et al. (2011) was the difference in
pedestrian flow between cultures, as shown in Figure 3.10. The results show that
Canada has the highest flow rates, while Iraq, Israel and France have lower flows.
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Figure 3.10: Flow differences: differences in pedestrian flows between cultures
according to Fridman et al. (2011).

Regarding flow of pedestrians, Seyfried et al. (2005) discussed the empir-
ical relationship between the density and velocity of pedestrian movement in a uni-
directional flow. Other work (Flötteröd and Lämmel, 2015; Cao et al., 2017, 2018)
have addressed bi-directional and multi-directional flows observed at corridors and
crossings.

The work proposed by Cao et al. (2018) aimed to investigate differences in
pedestrian flows in two cultures: Germany and China. They analyzed the fundamen-
tal diagrams of four-directional crossing flow from German and China experiment
(See Figure 3.11) and, even though the same measurement method was adopted
to analyze the experiments, the difference of the fundamental diagrams from the two
countries was very large.

Figure 3.12 shows the FDs from the experiments performed in China and
Germany. In the plots presented in Figure 3.12, the red stars indicate the data
obtained from Germany (BaSiGo_Cross) and the green crosses indicate the data
obtained from China (referenced as China_Cross). As is showed in Figure 3.12, the
specific flow is much larger in Chinese experiment than that in German experiment
at the same density, and this is due to higher speed obtained in the crossing area in
Chinese experiment.

The authors from Cao et al. (2018) explained this differences saying that in
Chinese experiment the participants who are all males are competitive and aggres-
sive, and they move fast to the opposite side when entering into the crossing area.
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(a) China (b) Germany

Figure 3.11: Four-directional cross flow snapshots (Cao et al., 2018): snapshots
from the experiment performed in (a) China and (b) Germany.

(a) Density–speed (b) Density–flow

Figure 3.12: Four-directional cross flow snapshots (Cao et al., 2018): snap-
shots from the experiment performed in China (China_Cross) and Germany
(BaSiGo_Cross).

Even though congestion occurs at high densities, some people still want to move
forward and push other pedestrians in the front. However, in Germany experiment
pedestrians prefer to keep a comfortable space with other people and no strong
pushing or other competitive and varying behaviors are observed at high densities.
In other word, the motivation and competitiveness of participants in two experiments
are very different, which plays an important role on the large difference between the
fundamental diagrams.
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Preferred distances that an individual keeps from the others also vary ac-
cording to the culture (Sorokowska et al., 2017). Interpersonal distance has been
categorized (Hall, 1966) in relation to public distance maintained daily between un-
known individuals on a street; social distance maintained during formal interactions;
personal distance maintained during interactions between friends; and intimate dis-
tance maintained in close relationships (Sorokowska et al., 2017).

The study performed by Sorokowska et al. (2017), related to personal dis-
tance, was conducted in 42 countries. Participants were asked to complete a visual
survey on the amount of distance that they would need to maintain to feel comfort-
able when interacting with: a) a stranger, b) an acquaintance, and c) a close relation.
The authors in turn evaluated projected metric distances for a) social, b) personal
and c) intimate distance. In the study, they use a simple graphic task, because it
was mostly language independent, anchored by two human-like figures, labeled A
for the left one and B for the right one, as described in Figure 3.13.

Figure 3.13: Graphic of distance shown to participants: distance analysis per-
formed by Sorokowska et al. (2017). Answers were given on a 0 − 220cm scale
anchored by the two human-like figures. Participants were asked to imagine that he
or she is Person A and asked to rate how close a Person B could approach, so that
he or she would feel comfortable in a conversation with Person B.

Participants were asked to imagine that he or she is Person A. The partic-
ipant was asked to rate how close a Person B could approach, so that he or she
would feel comfortable in a conversation with Person B. The participants marked
the distance at which Person B should stop on the scale below the figures. Answers
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were given on a 0−220cm scale anchored by the two human-like figures. Significant
variability in personal distance across countries was found from the three different
interaction conditions. This work is revisited in the evaluation of our method. We
perform an analysis in Chapter 7 (Fundamental Diagram Analysis) where we use
the approach proposed by Sorokowska et al. (2017). In that analysis, we compared
the personal distances measured in our experiments with the distances observed in
the Sorokowska’s work.

3.5 Chapter Remarks

This chapter presented several related work to what is being proposed in
this thesis. We sought a literature review that focused on group detection, funda-
mental diagrams and aspects involving cultural aspects, personalities and emotion
traits involving pedestrians or crowds.

Some of the main differentials of the work being presented in this thesis
and the related work listed in this chapter are as follows:

• The work presented in this thesis uses, in addition to controlled experiments
like those used in the experiments involving the fundamental diagrams, Com-
puter Vision techniques in spontaneous videos of crowds from different coun-
tries;

• The work presented in this thesis aims to detect cultural aspects and person-
ality traits of pedestrians based solely on geometric characteristics, such as
velocities, distances and angular variation, instead of creating crowds and be-
haviors in simulated environments using cultural aspects and personalities as
inputs.

In the next chapter, we start to present the model proposed in this thesis.
Chapter 4 (First and Second Dimensions: Data Extraction, Crowd Types and Video
Similarity) is responsible for present how the features from the first two dimensions
(I–Physical and II–Social) are defined and computed using physical/geometrical in-
formation from the pedestrians tracking.

For that, firstly we present the proposed approach to track the pedestrians
in the videos and some initial analysis regarding crowd types and video similarities.
It shows how the information and characteristics of the crowds are extracted from



77

the videos (individual tracking, planar projection, group detection, information extrac-
tion), how the information is used to carry out the mapping of information extracted
to identify types of crowds and videos that look similar to each other.
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4. FIRST AND SECOND DIMENSIONS: DATA EXTRACTION,
CROWD TYPES AND VIDEO SIMILARITY

In this chapter we describe the initial steps of the Big-Four Geometrical Di-
mensions model proposed in this thesis: tracking process, data extraction, crowds
classification and video similarity analysis. In this steps, the features from the first
two geometrical dimensions (I–Physical and II–Social) are obtained. Initially, Sec-
tion 4.1 shows how video information extraction is performed.

The first step in extracting the characteristics of a pedestrian or a crowd
in the video is the detection of people and, based on this, the achievement of their
trajectories. After that, homogeneous planar projection is performed in order to
obtain the parameters in world coordinates (once the trajectories obtained in the
tracking process are in image coordinates). Section 4.2 describes the detection of
groups and the extraction of their information.

Section 4.3 shows how the similarity analysis of the videos is done. The
idea is to find videos with similar characteristics (similar number of people, densi-
ties and quantities and sizes of groups) in order to compare and analyze videos
containing similar characteristics, in different countries.

In addition, Section 4.4 presents an approach to detect the type of the
crowd in the video, according to the classification described in Section 2.2.1 of this
manuscript. Finally, Section 4.5 presents the results obtained with this analysis.

4.1 Initial Detection and Tracking

The initial detection of people in the video is performed through the real-
time object detector proposed by Viola and Jones (2001). This detector, which uses
attributes haar-like1 type, had the initial motivation to treat the face detection prob-
lem, but it can be used to detect a series of objects.

In this work, to detect the pedestrians, the classifier was trained with 4,500
images of people’s heads as positive examples and 1,000 as negative examples.
Images for the training were obtained from the images datasets CoffeBreak and
Caviar Head (Tosato et al., 2013). Thus, this detector performs the detection of the

1Haar-like attributes: also known as Haar-like features, are features or fragments of digital images
used in object recognition.
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initial position of pedestrians in the video based on their heads, as can be seen in
Figure 4.1. The head of each pedestrian is detected and marked with a red square,
its position is used as an input to the tracking.

Figure 4.1: Heads detection: head detection of pedestrians in the video using a
classifier proposed by Viola and Jones (2001).

The Figure 4.2 shows the trajectories (yellow dots indicating the positions of
the people in each frame) that each person in the video travels. The trajectories are
obtained through the method proposed by Bins et al. (2013). The approach to object
tracking is based on several disjoint fragments obtained from the target, which make
up a template. The fragments are represented parametrically by a mean vector and
by a covariance matrix, calculated from a set of characteristic vectors representing
each pixel of the target to be traced.

Each of the fragments is independently traced using the distance from
Bhattacharyya (Fukunaga, 1990) and the displacement of the template is obtained
using the Weighted Vector Median Filter (WVMF). To smooth the trajectory and treat
short-term occlusions, a displacement vector calculated on the basis of the move-
ment of the target in the previous frames is also used. The appearance changes of
the target are handled by a template update scheme.

As mentioned earlier, the tracking input parameters are the initial positions
of people’s heads. After the tracking step, a set of trajectories, in image coordinates,
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Figure 4.2: Pedestrian tracking: detection of people based on their heads and
tracking of their trajectories.

is obtained (Figure 4.2). This step can be replaced by any tracker, since the tracking
process is not the main contribution of this thesis. The next step is to correct the
perspective of the image and obtain the parameters in world coordinates, for this a
homographic planar projection is performed, as described in next section.

4.1.1 Planar Homography

In Computer Vison, planar homography is defined as the mapping of the
projection of an object from one plane to another. In this work, the homography
is used to correct a perspective image (generated by the angle of the camera that
captured the video), generating a planar view of pedestrians’ trajectories. Figure 4.3
gives an example of this process: in (a), the trajectories (yellow dots) are in the
perspective of the image, which are mapped to an orthogonal plane (b).

In the image coordinate system, it was assumed that the position of peo-
ple’s heads is on the ground (with z = 0 in a three-dimensional plane). Since the
videos were recorded with the camera positioned in high places and the view of the
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(a) Perspective trajectories

(b) Planar projection

Figure 4.3: planar homography: trajectories from the perspective of the video cam-
era (a) and after the homography planar projection (b).

people in the crowd is from top to bottom, this assumption does not produce high
error in projection.

To obtain the desired parameters in the real world coordinate system, at
the time the planar projection is performed, the lateral distance of a person from that
video, i.e. the distance between one shoulder and the other, is manually recorded.
The average value of this distance in adults is 52cm, accordingly to Dreyfuss and
Tilley (2002). With this annotation, it is possible to know how many pixels corre-
spond to a meter in that video and thus estimate a series of information, such as the
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distances between people and the areas occupied by them, necessary in the next
steps of the model.

Once the trajectories in world coordinates are obtained, the following infor-
mation is computed for each pedestrian i , tracked at each frame f of the video:

• (i) position 2D
#»

X f
i = (xi , yi) (in meters);

• (ii) speed sf
i (meters/second): estimated by the distance between the position

of the person in the current frame and the position in the previous frame and
the elapsed time based on the video’s framerate; and

• (iii) angular variation αf
i (degrees): obtained through the angle formed by the

relation between the position of the person in the current frame and the vector
#»r = (1, 0).

Based on these three basic information, the following parameters are cal-
culated for each pair of people i and j : (a) speed difference s(si , sj), (b) orientation
difference α(αi ,αj) (c) Euclidean distance d(

#»

X i ,
#»

X j) between the two persons. These
parameters are used for the detection of groups of people in the crowd, which is de-
scribed next.

4.2 Group Detection

In this work, groups of individuals are defined based on the distance be-
tween pedestrians, the speeds in which they move and the direction or purpose of
each one. In this sense, in order to two or more pedestrians to be part of the same
group, they must be near, walking in the same direction and at similar speeds (or
standing). To define that two pedestrians i and j belong to the same group, they
have to attend to three conditions:

• Condition 1: if d(
#»

X i ,
#»

X j) ≤ 1.2 meters. This distance was defined based on
the interpersonal space of the proxemics distances proposed by Hall (1966),
described in Section 2.2.2 of this volume;

• Condition 2: if α(αi ,αj) ≤ 15◦. It was empirically defined that the difference in
orientation between the two pedestrians could not be greater than 15◦; and

• Condition 3: if s(si , sj) ≤ βmax{si , sj}. The speed difference between the two
pedestrians can not be greater than β, where β = 5% empirically defined.
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Based on these conditions, pedestrians are grouped in pairs and, in a next
step, a check is performed to check if two pairs have one pedestrian in common. If
they do, they are united into a larger group. This process is performed until the group
formations do not share any person, that is, they become disconnected groups.

At first, as soon as a group is detected, it is identified as a group temporary,
that is, a group that is still unstable. This group becomes a permanent group if it
maintains its formation (without the input or output of people) for at least 10% of
the amount of frames of the video. After this step, a series of information about the
permanent groups are noted, in order to be used in the next steps to infer cultural
aspects, as listed below:

• Number Gf of groups g at frame f ;

• Number ng of members from each group g in the video v ;

• Number νv of pedestrians who belong to some group in the video v ;

• Number ξv of pedestrians who not belong to any group (pedestrians alone in
the video v );

• Number tg of frames in which the group members of g stays together and
visible in the video;

• Mean distance d̄g = 2

ng−1∑
i=0

ng−1∑
j=0

d(xi ,xj )

ng (ng−1) (in meters) among all the members of the
group g;

• Mean speed s̄g = 2

ng−1∑
i=0

ng−1∑
j=0

s(si ,sj )

ng (ng−1) (em meters/second) among all the members
of g;

• Mean angular variation ᾱg = 2

ng−1∑
i=0

ng−1∑
j=0

o(αi ,αj )

ng (ng−1) (in degrees) among all the mem-
bers of g;

• Group area Ag. This calculation is detailed in the next section; and

• Group cohesion Cg, which is detailed in the Section 4.2.2.
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4.2.1 Group Area

The area of the group Ag is calculated based on the number of members:
if the group has at least three members, the area of the polygon formed by the
pedestrians in the ground is calculated, where each of its vertices is formed by the
position of each member. If the group has only two members, the area is calculated
based on the rectangle formed between them. The width of this rectangle is the
average circumference of an adult person (80 centimeters, accordingly to Dreyfuss
and Tilley (2002)) and the length is the distance between the members. Figure 4.4
illustrates this idea.

(a) Two members (b) Three or more members

Figure 4.4: Different cases to obtain the group area: group with only two mem-
bers (a) and a group with three or more members (b).

4.2.2 Group Cohesion

The Cg cohesion arises with the strong connection between members of a
social group. Members of strongly cohesive groups are more inclined to remain in
the group (Dyaram and Kamalanabhan, 2005). Our method for group cohesion is
inspired by the work of Bassi (2006), who propose that how much a person wants to
remain in their group can be quantified through the stability of the relationships within
that group. The cohesion Cg of a group is calculated as described in Equation 4.1:

Cg =
1
ng

n∑
i=1

Ci , (4.1)
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where Ci represents the cohesion of the individual i in a given group g and ng is the
number of members of the group G. The cohesion Ci of a determined pedestrian is
given by Ci = COi + CVi + CPi , where COi is the cohesion related to the orientation
of the individual, CVi is the cohesion related to the speed of this individual and CPi

is the population cohesion, related to the size of the group. These three factors of
cohesion are calculated through the following empirically defined equations:

COi =
w − |ᾱg − αi |

w
, (4.2)

CVi =
γ − |s̄g − vi |

γ
, (4.3)

CPi = log ng. (4.4)

In the orientation cohesion COi (Equation 4.2), the constant w = 180◦ in-
dicates the angle for minimum orientation cohesion. In the velocity cohesion CVi

(Equation 4.3), the constant γ = 1.4m/s is equivalent to the maximum speed vari-
ation related to the minimum velocity cohesion. In population cohesion CPi (Equa-
tion 4.4), ng corresponds to the amount of group members of g. Cohesion Cg (Equa-
tion 4.1) is calculated for each frame for each group present in the video. This infor-
mation, along with the others presented in this chapter, are used in the next steps to
determine similarity in videos and infer cultural aspects.

Group detection analysis

Figure 4.5 shows a frame of a video from China with some groups detected
using our approach: the group highlighted in blue is the temporary group. This group
was detected some frames ago when that three pedestrians entered in the video. If
that pedestrians remain in the formation for at least 10% of the frames of the video,
they will become a permanent group (as the other five groups highlighted in red in
Figure 4.5).

In the next section is presented a video similarity analysis, an approach to
detect videos with the same characteristics, in order to make a proper comparison
between them.
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Figure 4.5: Group detection example: six groups detected, being five permanent,
in red, and one temporary, in blue.

4.3 Similarity Analysis

We propose a way to find similar videos. With the goal of making a proper
comparison between different videos (for example, it would not be appropriate to
compare a video with some carefree people strolling in the mall with a video where
there are many people at a train station, hasty, and preoccupied with the time, since
the context is different). For each video v , is calculated, from all the frames of v ,
the following information: (i) number of groups Gv , (ii) number of pedestrians who
belong to any group νv and (iii) number of pedestrians who are ungrouped ξv . Also,
the percentage τv of frames in the video v which contains at least one group is
noted.

For the detection of similarity in videos, an extension of the Fundamental
Diagrams, presented in Section 2.3, is used. In this work, instead of the data com-
monly used in FD (density × flow), information about crowds (density, velocity and
collectivity) obtained in each measurement area (ms) is used, which is a part of the
image empirically defined as a region of 6m2 (∆x = 3m e ∆y = 2m), as illustrated by
Figure 4.6. As the crowds used in the experiments are of low and medium densities,
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we have chosen to use areas ms greater than 1m2, thus avoiding that many regions
have zero density.
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Figure 4.6: Measurement areas: sub-regions ms of the image where density, ve-
locity, and collective information are obtained.

Consequently, in each region ms of the image, three types of informa-
tion are calculated: density 〈Φ〉, speed 〈Θ〉 and collectivity 〈Ψ〉. The density 〈Φ〉
(people/m2) is obtained by dividing the number of people by the ms area gives at
each frame, as defined by Zhang et al. (2011):

〈Φ〉ms =
Na

∆x .∆y
, (4.5)

where Na is the number of people in ms and ∆x and ∆y are, respectively, the length
and width of ms. The average density Avg〈Φ〉f , at each frame f , is then calculated
as follows:

Avg〈Φ〉f =
1

Nms

Nms∑
o=1

〈Φ〉fmso
, (4.6)

where Nms is the number of measurement areas ms in which the image was divided.

The speed 〈Θ〉 (m/s), also inspired by Zhang et al. (2011), is the average
of the instantaneous velocities si from all the pedestrians i in the measurement area
ms, given by:

〈Θ〉ms =
1

Na

Na∑
i=1

si , (4.7)

where Na is the number of pedestrians in the measurement area ms and si is the
instantaneous velocity of pedestrian i , computed as follow: si = δd

δt , where δd =
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√
(x2 − x1)2 + (y2 − y1)2, (x1, y1) e (x2, y2) are the 2D initial and final positions of a

pedestrian at period δt = 1s. At each frame f , the average speed Avg〈Θ〉f is defined
by the Equation 4.8:

Avg〈Θ〉f =
1

Nms

Nms∑
o=1

〈Θ〉fmso
, (4.8)

where Nms is the number of measurement areas ms at frame f .

The collectivity 〈Ψ〉, computed every two pedestrians i and j , was inspired
by Zhou et al. (2014). However, as in this work the goal is to measure the collec-
tivity at each frame, without considering the future path of the pedestrians, it is not
considered the similarity factor proposed in the work of Zhou et al. (2014). Thus,
the collectivity between two pedestrians i and j is calculated as a decay function as
$(i , j) = s(si , sj).w1 + α(αi ,αj).w2, considering s and α, respectively, the speed and
orientation differences between the two pedestrians i and j , and the parameters w1

(in meters) and w2 (in radians) are constants that must regulate the equation. The
values defined in this work are w1 = 1 and w2 = 1. Thus, the values of $(i , j) belong
to the range 0 ≤ $(i , j) ≤ 4, 34. The collectivity in a measuring area ms is defined
by:

〈Ψ〉ms =
1

N2
a

Na∑
i=1

Na∑
j=1

γe(−β$(i ,j)2), (4.9)

where, again, Na is the number of pedestrians in that ms, γ = 1 is the maximum
value of collectivity when $(i , j) = 0, and β = 0.3 is empirically defined as the decay
value. Consequently, 〈Ψ〉ms is a value in the interval [0; 1]. The average collectivity
Avg〈Ψ〉, computed at each frame f is given by:

Avg〈Ψ〉f =
1

Nms

Nms∑
o=1

〈Ψ〉fmso
. (4.10)

At this point, for each video v it is obtained a vector
# »

Vv of computed data,
where

# »

Vv = [Gv , νv , ξv , τv , Avg〈Φ〉v , Avg〈Θ〉v , Avg〈Ψ〉v ] represent, respectively, num-
ber of groups, number of grouped pedestrians, number of ungrouped pedestrians,
percentage of frames in the video which contains groups, average density of the
video, average speed and average collectivity of pedestrians. Each element of

# »

Vv is
quantified in one of three values: low, medium and high, in order to provide ratings
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for the crowds in the videos. The quantification is performed through the clustering
process.

In order to quantify each element in
# »

Vv , the clustering algorithm K-means,
proposed by MacQueen (1967), is used. More precisely, the value of k = 3 is
defined to generate exactly three clusters, and the K-means algorithm is applied
to each individual element of ∪v

~Vv , this is the set of vectors corresponding to all
videos analyzed. The centroids of each class of the K-means algorithm are then
used to classify each element of

# »

Vv into low, medium or high, respectively called
S0, S1, and S2. For example, a particular video v may have a small number of
groups (Gv ∈ S0), a high number of individuals grouped (νv ∈ S2) and an medium
value of individuals which do not belong to any group (ξv ∈ S1). In addition to the
information used in the quantization process, the standard deviation for all average
values (Std〈Φ〉, Std〈Θ〉, Std〈Ψ〉) is also calculated.

In order to carry out the characterizations of the crowds and the analysis
of similarity, besides the information extracted from the videos, the types of crowds
presented in Section 2.2.1 of this manuscript were considered. Thus, the information
considered in this analysis is:

• Crowd type (Casual, Conventional and Demonstrative);

• Presence of groups (G > 0);

• Size of groups (no groups, medium and large), based on νg;

• Crowd density (low, medium and high), based on Avg〈Φ〉v ; and

• Interaction level in the crowd (low, medium and high), based on Avg〈Ψ〉v .

The listed parameters are mapped directly to specific elements of
# »

Vv , ex-
cept for the type of crowd. In the next section is presented the proposed approach
to automatically detect the crowd type (Casual, Conventional and Demonstrative).

4.4 Crowd Types Classification

To obtain the type of crowd, three hypotheses, one for each type (casual,
conventional and demonstrative), empirically defined were proposed. Each one of
them is presented below:
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• Casual (H1): (i) low or medium density of pedestrians Avg〈Φ〉v ∈ S0 or S1, (ii)
pedestrians walking at low or medium speeds Avg〈Θ〉v ∈ S0 or S1, (iii) small
or medium amount of groups Gv ∈ S0 or S1, (iv ) low collectivity Avg〈Ψ〉v ∈ S0

and (v ) low frequency of groups τv ∈ S0;

• Conventional (H2): (i) medium or high density of pedestrians Avg〈Φ〉v ∈ S1

or S2, (ii) pedestrians walking with high speed and low variation Std〈Θ〉v ∈ S0,
(iii) small groups Gv ∈ S0, (iv ) most of pedestrians walking alone ξv ∈ S2 and
(v ) medium or high collectivity Avg〈Ψ〉v ∈ S1 or S2;

• Demonstrative (H3): (i) high density of pedestrians Avg〈Φ〉v ∈ S2, (ii) pedes-
trians walking at low speed Avg〈Θ〉v ∈ S0, (iii) high collectivity Avg〈Ψ〉v ∈ S2,
(iv ) most of pedestrians walking alone ξv ∈ S2 and (v ) high frequency of groups
τv ∈ S2.

High-level crowd characterization through these hypotheses provides the
expected values for the elements of

#»

V v for each type (casual, conventional and
demonstrative). To use these values in a practical system, we calculate the weighted
sum of the elements in

#»

V v , in which the weights (punctuation) are based on the three
assumptions given (H1, H2 and H3).

Thus, each of the v videos has a final score for each hypothesis, where
the type of crowd is assigned based on the hypothesis with the highest score. The
weights for each element of

#»

V v have been defined and are presented in Table 4.1.
The symbol – means that the feature does not interfere in that crowd type.

Once the crowd type is defined, all elements of
# »

Vv are ready to be used
in the calculation of similarity. Each video v is represented by the values H1,v , H2,v

and H3,v , as detailed in Table 4.1. The calculation of similarity consists in calculating
the distance between two videos of a set of v videos, for that, the distance of Ma-
halanobis is used. In statistics, the distance of Mahalanobis is a distance measure
introduced by Mahalanobis (1936). It is based on correlations between variables
with different patterns.

Then, by considering
#»

Hv as a vector composed by (H1,v , H2,v , H3,v ) for a
video v and the same for a video m

#»

Hm, the measure of similarity between them is
given by:

D(
#»

Hv ,
#»

Hm) =
√

(
#»

Hv −
#»

Hm)T S−1
v (

#»

Hv −
#»

Hm), (4.11)

where Sv is the co-variance matrix of the set v and D is the Mahalanobis distance.
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Table 4.1: Crowd type hypotheses: calculation for the score of each hypothesis
according to each element from the features vector of certain video v .

Feature Cluster H1 (Casual) H2 (Conventional) H3 (Demonstrative)

Mean density Avg〈Φ〉
S0 0,2 0 0

S1 0,1 0,1 0,1

S2 0 0,2 0,2

Mean speed Avg〈Θ〉
S0 0 – 0

S1 0,1 – 0,1

S2 0,2 – 0,2

Speed variation Std〈Θ〉
S0 – 0,2 –

S1 – 0,1 –

S2 – 0 –

Mean colletivity Avg〈Ψ〉
S0 0,2 0 0

S1 0,1 0,1 0,1

S2 0 0,2 0,2

Grouped pedestrians ν
S0 0 – 0

S1 0,1 – 0,1

S2 0,2 – 0,2

Pedestrians alone ξ
S0 – 0 –

S1 – 0,1 –

S2 – 0,2 –

Frequency of groups τ
S0 0,2 0 0

S1 0,1 0,1 0,1

S2 0 0,2 0,2

4.5 Experimental results

We evaluated our technique running some experiments. Initially, we per-
formed a survey to assess the people understanding as a function of visual video
information i.e. data of

#»

Hv . We want to find out if numerical measured data, e.g.
size of groups of people, can be perceived in short sequences.

The survey was composed by 16 videos and the subjects were invited to
answer five questions about each video. The videos illustrated people walking or
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standing in several situations. We used videos from different countries obtained
from various public databases available on internet (Zhou et al., 2014; Shaikh et al.,
2016; Rodriguez et al., 2011). Some representative frames of the dataset used in
this analysis are showed in Figure 4.7.

(a) Video 1 (b) Video 2 (c) Video 3 (d) Video 4

(e) Video 5 (f) Video 6 (g) Video 7 (h) Video 8

(i) Video 9 (j) Video 10 (k) Video 11 (l) Video 12

(m) Video 13 (n) Video 14 (o) Video 15 (p) Video 16

Figure 4.7: Video dataset: representative frames from all videos used in our analy-
sis about crowd types and video similarity.

In the next sections we show some results obtained in such analysis.

4.5.1 Crowd Type Analysis

In order to evaluate the results obtained with the method of classification of
the crowds (casual, conventional and demonstrative) an opinion survey was carried
out, with the goal of comparing the results of the proposed method with the people’s
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understanding (visual inspection) about the video information. The idea is to find
out whether data measured numerically, such as group size, can be perceived by
people in short video sequences.

This research was carried out with 16 videos from different countries in
different situations. Participants were asked to answer five questions about each
video. Before asking the subjects, the concepts about the types of crowds (pre-
sented in Section 2.2.1) were presented to assist them in the responses, as briefly
presented as follows:

• Casual crowds (Kendall, 2016): are relatively large gatherings of people who
happen to be in the same place at the same time; if they interact at all, it
is only briefly. People in a shopping mall or a subway car are examples of
casual crowds. Other than sharing a momentary interest, such as a clown’s
performance or a small child’s fall, a casual crowd has nothing in common;

• Conventional crowds (Kendall, 2016): are made up of people who come
together for a scheduled event and thus share a common focus. Examples
include religious services, graduation ceremonies, concerts, and college lec-
tures. Each of these events has pre-established schedules and norms. Be-
cause these events occur regularly, interaction among participants is much
more likely; People leaving events or environments can also be examples;

• Demonstrator crowds (Berlonghi, 1995): are crowds who often have a recog-
nized leader, organized for a specific reason or event, to picket, demonstrate,
march, or chant.

The (multiple choice) questions with the possible answers used in this sur-
vey are described in Table 4.2.

The survey was answered by 10 people resulting in 800 responses (80 an-
swers from each subject). The results were used to validate our approach of group
definition and group features. Since each data in our method was clustered in 3 lev-
els, we mapped the answers to the possible levels. We considered correct when the
major part of subjects answer in accordance with the higher hypothesis. Figure 4.8
shows the correctness of the method in comparison with the people answers in the
survey.

Regarding Q1, although the correctness rate is not bad (88%), some videos
were misclassified, in our opinion, by the subjects. Indeed, the classification is not
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Table 4.2: Survey on crowds classification: questions and possible answers used
in the research.

Question Possible answers

Q1: In your opinion, which of the following best describes the crowd
type in the video?

a) Casual crowd;
b) Conventional crowd;
c) Demonstrative crowd;
d) None of them;
e) I don’t know.

Q2: About groups (people walking together, to the same direction,
with similar velocities), do you think the major part of people are
grouped or alone in this video?

a) Grouped;
b) Alone;
c) I don’t know.

Q3: About the size of the groups (quantity of people by group), which
of the following you might noticed?

a) Small groups (G < 3 people);
b) Big groups (G ≥ 3 people);
c) There are no groups;
d) I don’t know.

Q4: About the crowd density (amount of people by square meter),
which of the following you might noticed?

a) Low density;
b) Medium density;
c) High density;
d) I don’t know.

Q5: In this video, might you noticed any interaction between people?

a) No, there are no interactions;
b) Yes, few interactions;
c) Yes, many interactions;
d) I don’t know.

Figure 4.8: Method correctness: correctness of our method when compared to the
subject answers.

obvious, mainly because the difference between the crowd types (casual vs. con-
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ventional) and (conventional vs. Demonstrator) is not very clear in the video se-
quences.

Concerning Q2 (76%), related to the presence of groups, the question
seems difficult to really measure the reality. For example, 70% of answers chosen
option <Alone> for Video 5 (see Figure 4.9), and numerically it is corrected (Total
number of people in the videos: 21, Number of Groups: 4, Mean people by group:
2.25 and Number of non-grouped people: 12.). Our method selects <Medium>
for this metric, which is also correct, but not correspond to the performed question
(Grouped or alone?). Although the number of people alone is slightly higher than
that of people grouped (12 and 9, respectively), the two figures are quite close,
suggesting that there are not many groups, nor many people alone.

Figure 4.9: Groups in Video 5: group detection in Video 5, which had the number
of groups (four groups, being two permanent, in red, and two temporary, in blue)
considered as Medium by the proposed method.

Concerning Q3 (67%), related to the size of the groups, our method pre-
sented some errors in groups detection. For instance, in the upper part of the Video
11 (see Figure 4.10(a)), although people are not grouped, they spend a little time
near each other due to the probable characteristics of the environment (a pedes-
trian crossing, with an agglomeration of people when the signal opens). In this



97

case, the method detected groups, but the subjects perceive that people are not
actually grouped.

(a) Groups detected in Video 11

(b) Different frames from Video 11

Figure 4.10: Groups and density from Video 11: groups detected in Video 11,
which had a group mistakenly detected in the upper part due to the nature of the
video (a) and several frames of this video, each one of them suggesting a different
value for the density (b).

We expected that Q4 (65%) was easily to visually assess the information
about crowd density, however it seems to be a problem of concepts of low and
medium densities, mainly when the crowd is medium density in comparison with low
and high. For example, considering the Video 11 (where some frames are illustrated
in Figure 4.10(c)), it is possible to observe different levels of densities throughout the
video, which may have confused subjects to answer this question. The proposed
method considers the <Medium> density throughout the video, while the subjects
are faced with different densities along the frames.

Finally, the proposed method presented the highest correction rates in Q5
(94%) question, which analyzes the interactions in the crowd, indicating that partici-
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pants were able to visually assess the interaction between pedestrians in the video.
The results obtained in the video similarity analysis are presented below.

4.5.2 Video Similarity Analysis

Similarity analysis among crowds was performed with 33 videos2 (16 of
them are illustrated in Figure 4.7). Using Equation 4.11 (distance of Mahalanobis,
discussed in Section 2.2.1), all possible combinations (n2) of similarity were calcu-
lated, where n is the number of v videos analyzed. Figure 4.11 shows the similarity
among each video.

Figure 4.11: Similarity among videos: blue ellipse on the left define the most
similar crowd with video 16, i.e. video 20. In a reciprocal way, the blue ellipse on
the right presents the most similar crowd with video 20, i.e. video 16. Similarly, the
most similar crowds in videos 4, 6, 21 and 28 are highlighted with orange ellipses.

Firstly, we present in Figure 4.11 one of pairs which present the smallest
distance D (some of them present the same Malahanobis distance D). Indeed,
this graphic is a matrix where rows and columns represent the video index. The
plot highlights videos which distances D, between the hypothesis values (

# »

Hv ), are
smaller.

2In addition to the 16 video sequences selected showed in Figure 4.7, other videos from different
countries and three others of unknown nationalities were used. Since the goal was to compare
crowds and, with no concerns about cultures, knowing the country of origin of each crowd was not a
prerequisite.
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For example, the videos v = 16 and v = 20 (highlighted with blue ellipses
in Figure 4.11) are reciprocally the most similar to each other, according to the pro-
posed metric. Indeed, the left blue ellipse on Figure 4.11 represents the most similar
crowd with video v = 16, i.e. video v = 20. In a reciprocal way, the blue ellipse on
the right presents the most similar crowd with video v = 20 i.e. video v = 16. To
provide a qualitative evaluation of this result, Figure 4.12 illustrates the frames of
both videos, which appear to be similar.

(a) Video v = 16 (b) Video v = 20

Figure 4.12: Videos v = 16 and 20: red circles represent permanent groups and
blue circles represent temporary groups. Yellow dots indicate ungrouped pedestri-
ans.

In addition to this qualitative analysis, the similarity between these two
videos is repeated in numerical data, as described in Table 4.3.

Table 4.3: Videos v = 16 and 20: information about similarity.

Video v = 16 Video v = 20

Total number of pedestrians 26 28

Number of Groups 6 6

Mean pedestrians by group 2.33 2.55

Number of non-grouped pedestrians 12 13

Similarly, the crowds of videos v = 4, v = 6, v = 21 and v = 28 also
have presented short distances D (Malahanobis) among them or, in other words,
crowds are similar according to the proposed method (these videos are highlighted
with orange ellipses in Figure 4.11). Figure 4.13 illustrates the most representative
frames of these videos, where it is possible to observe the visual similarity between
them and the Table 4.4 shows the numerical data.
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(a) Video v = 4 (b) Video v = 6

(c) Video v = 21 (d) Video v = 28

Figure 4.13: Videos v = 4, 6, 21 and 28: red circles represent permanent groups
and blue circles represent temporary groups. Yellow dots indicate ungrouped pedes-
trians.

4.6 Chapter Remarks

This chapter presented and discussed the results obtained in the initial
steps of the geometrical dimensions model proposed in this thesis. Basically, after
a tracking and planar homography process, some features are extracted from each
pedestrian. These features characterizes the I - Physical and II - Social dimensions,
illustrated in Figure 1.1 (displayed in the Introduction chapter). These features are:
angular variation, cohesion, collectivity, density, distance, speed, groups, ungrouped
pedestrians and number of pedestrians (number of pedestrians is a crowd feature,
while the others are related to each pedestrian). Socialization and Isolation features
from II - Social dimension are described in the next chapter. Table 4.5 shows the
information about the occurrence of these features as a function of the group and
pedestrian.
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Table 4.4: Videos v = 4, 6, 21 and 28: information about similarity.

v = 4 v = 6 v = 21 v = 28

Total number of pedestrians 9 10 13 6

Number of Groups 2 2 2 1

Mean pedestrians by group 2.5 2.5 2 2

Number of non-grouped pedestrians 4 5 9 4

Table 4.5: Features occurrence: information about each feature occurrence: (•)
indicate the feature is calculated in that level.

Feature At each frame By pedestrian By group

I - Physical

Angular Variation • • •
Density •
Distance • •
Speed • • •

II - Social

Area • •
Cohesion • •
Collectivity • •
Isolation • •
Socialization • •

The purpose of Table 4.5 is to show whether each of the characteristics
is calculated for each pedestrian, for each group or both (pedestrians and groups).
For example, cohesion (meaning how much pedestrians want to stay in the group)
is a specific feature of a group of pedestrians, while isolation is a specific feature of
pedestrians.

The features that belong to pedestrians and groups at the same time (such
as speed and angular variation), in the case of the group level, have values obtained
through the arithmetic mean of the values of these features for the pedestrians who
are part of the group.

In addition, we also presented a metric to find out similarity between crowds
in videos and the detection of the crowd type. It is important because when compar-
ing two crowds of different countries to find cultural differences, it is necessary that
they have similar characteristics, for example, it would not be correct to compare a
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crowd with many hurried people at a train station in China with a crowd of people
strolling leisurely in a park in Italy, there would probably be differences masked by
the features of the places where the videos were recorded. This results are pub-
lished in (Favaretto et al., 2016b). In our dataset, presented in details in Appendix A
(Video Analysis Dataset and Applications), we included this similarity analysis.

In the next chapter (Third Dimension: Detection of Personality and Emotion
Traits), we described how we use the features presented is this chapter to map it into
features from the III - Personal and Emotional dimension.
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5. THIRD DIMENSION: DETECTION OF PERSONALITY AND
EMOTION TRAITS

This chapter presents the proposed methodology to detect personality and
basic emotion characteristics of crowds in video sequences, features from the III
- Personal and Emotional dimension. Firstly, individuals are detected and tracked,
then such information is mapped to OCEAN dimensions, used to find out personality
and emotion in videos, based on OCC emotion model.

Section 5.1 presents the proposed approach to extract data from pedes-
trians in the video. Section 5.2 describe how the extracted data is mapped into
personality (OCEAN) and emotion (OCC) traits. Section 5.3 discuss some results
and analysis performed in spontaneous videos, comparing the results with the psy-
chology literature in this area. Finally, Section 5.4 shows an analysis about the
perception of personality and emotion features by the users in videos of pedestri-
ans.

5.1 Proposed Approach for data Extraction

In this chapter, we propose to detect personality traits based on the Big-
five personality model (presented in details in Section 2.1.2 of this manuscript), also
referred as (OCEAN), using individuals behaviors automatically detected in video
sequences. For this, we used the NEO PI-R (Costa and McCrae, 2007) which is the
standard questionnaire measure of the Five Factor Model.

In addition, we use such psychological traits to identify some primordial
emotions in the crowd. Using a similar mapping as proposed by Saifi et al. (2016),
we were able to identify the level of some emotions for each individual, like happi-
ness or fear, according to its OCEAN level. Figure 5.1 shows an overview of the
proposed method.

Our model presents three main steps as following: video data extraction,
personality and emotion analysis. These steps are illustrated in the overview of
the method in Figure 5.1. The first step aims to obtain the individual trajectories
from observed pedestrians in real videos, as described in Section 4.1, in the previ-
ous chapter. Using these trajectories, we detect groups and extract data which are
useful for second step, that is responsible for personality mapping of pedestrians,
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Figure 5.1: Main steps of personality and emotion detection: (1st ) individual
tracking and data extraction, (2nd ) individual data is mapped to individual and group
personality (OCEAN) traits and (3rd ) personality traits are mapped to individual and
group basic emotions. These steps are detailed in Figure 5.2.

as described in Section 5.2. Once we have concluded the second step, we have
enough information to follow with the third step, which consists of emotion detection
of individuals and groups according to OCEAN values. These steps are presented
in Section 5.2. Figure 5.2 illustrates a more detailed flow chart of our approach.

5.1.1 Individual Data Extraction

Initially, the information about pedestrians is obtained as described in Sec-
tion 4.1 (Initial Detection and Tracking) in the previous chapter. Then we use the
planar homography to rectify the image perspective, as presented in Section 4.1.1
in this manuscript. Based on the pedestrian trajectories, we compute, in addition to
the geometric information for each pedestrian i described in previous chapter (2D
position xi , speed si , angular variation αi and collectivity φi), two other features:
socialization ϑi and isolation levels ϕi .

These features were chosen because two reasons: Firstly, they are strongly
related with the questions concerned with groups activities in Neo-Pi survey (Costa
and McCrae, 2007). The second reason is the theory behind socialization/isolation
that easily can be represented through geometric data (positions and distances),
and collectivity that has been already explored in the context of crowd behaviors
detection (Zhou et al., 2014).

To compute the socialization level ϑ we use a classical supervised learning
algorithm proposed by Moller Moller (1993). The artificial neural network (ANN)
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Figure 5.2: Flow chart of our approach: initially, pedestrian trajectories are ex-
tracted and passed by a homography transformation process. Based on these tra-
jectories, groups are detected and its features are extracted. These features are the
inputs for the OCEAN and EMOTION acquisition process.

(illustrated in Figure 5.3) uses a Scaled Conjugate Gradient (SCG) algorithm in the
training process to calculate the socialization ϑi level for each individual i .

As described in Figure 5.3, the ANN has 3 inputs (collectivity φi of person
i , mean Euclidean distance from a person i to others d̄i ,j and the number of people
in the Social Space1 according to Hall’s proxemics (Hall, 1966) around the person
ni).

In addition, the network has 10 hidden layers and 2 outputs (the probability
of socialization and the probability of non socialization). The final accuracy from the
training processes was 96%. We used 16.000 samples (70% of training and 30%

1Social space is related to 3.6 meters according to Hall (1966).
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Figure 5.3: ANN for socialization: neural network used to learn the socialization
level.

of validating). These samples were obtained from the 25 initial frames from each of
the videos from our dataset. The remaining frames were used to test the ANN.

The ground truth (GT) was generated as follows: Firstly, we define if a
person has a high socialization level GT_ϑi based on Hall’s proxemics, calculated
according to the Equation 5.1:

GT_ϑi =

{
0, if ni = 0;
ni
ρ

, otherwise.
(5.1)

where ni is the number of individuals in the social space around the person i and ρ is
the number of individuals in the analyzed frame. If GT_ϑi >= 0.5, we considered this
person as a “social” person, otherwise the person is considered “not social” in the
training processes. Secondly, we proceed a visual inspection manually correcting
false positives or false negatives in comparison to our personal opinion. Using this
GT and the neural network, we evaluate ϑi for each individual i at each frame, for
each video in the test group. Once we get the socialization level ϑi , we compute the
isolation level ϕi = 1− ϑi , that corresponds to its inverse.

Finally, for each pedestrian i in a frame f of a certain video v , we will have
a features vector

#    »

V f
i ,v =

[
x f

i ,v , sf
i ,v ,αf

i ,v ,φf
i ,v ,ϑf

i ,v ,ϕf
i ,v

]
. Then, when we compute the

average for an individual i , for all frames of a video v , we will have a vector
#    »

Vi ,v for
each pedestrian i .

Next section show how the vector
#    »

Vi ,v of features is mapped into personal-
ities and emotions.
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5.2 Features Mapping

In this section is described how we proceed to map the features vector from
each individual in a specific video

#    »

Vi ,v to OCEAN dimensions (Section 5.2.1). Once
we get the OCEAN values, we proceed to emotion mapping (Section 5.2.2).

5.2.1 Big-Five Mapping

Our goal is to map data from
#»

Vi to
#    »

BFi , where the last one is related to
the Big-Five dimensions (or OCEAN) for each individual i for a certain video and
described as a features vector:

#    »

BFi = [Oi , Ci , Ei , Ai , Ni ].

We used the empirically equations2 to map individual and group character-
istics in OCEAN cultural dimensions. Basically, the method proposes to “answer” 25
items from NEO PI-R inventory for each individual in the video sequence. All possi-
ble answers for each NEO PI-R item are in the interval [1; 5] (indicating, respectively,
Strongly Disagree, Disagree, Neutral, Agree and Strongly Agree), being 1 related to
Strongly Disagree and 5 to Strongly Agree for a referred question.

Although the complete version of NEO PI-R has 240 items, 25 of them were
selected since they have a direct relationship with crowd behavior. Each question
is mapped to an equation using only information contained in V for each i . For
example, in order to represent the item “1. Have clear goals, work to them in orderly
way”, we consider that the individual i should have a high velocity s and low angular
variation α to have answer compatible with “Strong”. So the equation for this item is
Q1 = si + 1

αi
. Table 5.1 shows the equations used for each considered question.

Once all questions k (in the interval [1; 25]) have been answered for all
individuals i , we have

#    »

Qf
i ,k for each frame f . In addition, we computed the average

values to have one vector
#    »

Qi ,k per video. According to NEO PI-R definition, each
of the questions

#    »

Qi ,k is associated to one of the Big Five dimensions and some
questions should invert the values, because an item score 4 (Strongly Agree) can
represent a high or low value of a certain personality trait. So, to get the correct
values, we applied a factor to the questions resulting in

#    »

Q∗i ,k or
#    »

Q′i ,k = 4 −
#    »

Qi ,k ,

2These equations were proposed based on Psychology literature and supervised and evaluated
by two collaborators of this research: Angelo Brandelli Costa and Felipe Vilanova, both from the
Department of Psychology, PUCRS.
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Table 5.1: NEO PI-R equations: equations from each NEO PI-R selected item.

NEO PI-R Item Equation

1. Have clear goals, work to them in orderly way Q1 = si + 1
αi

2. Follow same route when go somewhere Q2 = αi

3. Shy away from crowds

Q3−8 = ϕi

4. Don’t get much pleasure chatting with people

5. Usually prefer to do things alone

6. Prefer jobs that let me work alone, unbothered

7. Wouldn’t enjoy holiday in Las Vegas

8. Many think of me as somewhat cold, distant

9. Rather cooperate with others than compete
Q9−10 = φi

10. Try to be courteous to everyone I meet

11. Social gatherings usually bore me Q11 = ϕi + std(αi)

12. Usually seem in hurry Q12 = si + αi

13. Often disgusted with people I have to deal with Q13 = ϕi + 1
φi

14. Have often been leader of groups belonged to Q14 = φi + ϑi + 1
αi

15. Would rather go my own way than be a leader Q15 = 1
Q14

16. Like to have lots of people around me

Q16−21 = ϑi

17. Enjoy parties with lots of people

18. Like being part of crowd at sporting events

19. Would rather a popular beach than isolated cabin

20. Really enjoy talking to people

21. Like to be where action is

22. Feel need for other people if by myself for long

Q22−25 = ϑi + φi
23. Find it easy to smile, be outgoing with strangers

24. Rarely feel lonely or blue

25. Seldom feel self-conscious around people
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depending on they must be inverted or not. The final equations of each OCEAN
dimension are:

Oi =
Q∗i ,2
%

, (5.2)

Ci =
Q′i ,1
%

, (5.3)

E ′i = Q′i ,3 + Q′i ,12 + Q′i ,14 +
23∑

q=16

Q′i ,q, (5.4)

E∗i =
8∑

q=4

Q∗i ,q + Q∗i ,11 + Q∗i ,15, (5.5)

Ei =
(E ′i + E∗i )

%
, (5.6)

Ai =

∑10
q=9 Q′i ,q
%

, (5.7)

Ni =
Q′i ,13 +

∑25
q=24 Q∗i ,q
%

, (5.8)

where % represents the percentage of questions from the total, in each dimension
(O, C, E, A and N), respectively 4%, 4%, 72%, 8% and 12%. In the next section is
presented the approach to map the personality traits in emotions.

5.2.2 Emotion Mapping

In this section we present how we connected personality and emotion traits
in order to detect data in the individuals from video sequences. As mentioned
by Revelle and Scherer (2009): “A helpful analogy is to consider that personality
is to emotion as climate is to weather. That is, what one expects is personality,
what one observes at any particular moment is emotion”. That is the reason why, in
our work, we correlated emotion traits with visual behaviors that will be perceived in
pedestrian motion.
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Our work proposes an emotion mapping based on personality traits (i.e.
OCEAN) found for each individual present in the video sequence. First, we selected
four emotions from OCC (Ortony et al., 1990) model: Fear, Happiness, Sadness and
Anger. It is important to notice that we chose only four emotions that, in our opinion,
are the most visible when relating with motion behavior, which is our case in video
sequences with pedestrians. Any other from the total of 22 emotions proposed in
OCC model could also be mapped.

Once we have computed the personality traits for an individual, we propose
a way to map these personality traits into the four considered emotions. In addition
to vector

#»

V f
i for individual i per frame f described in Section 5.1, we included person-

ality and emotion parameters as follows:
#»

V f
i =

[
sf

i ,α
f
i ,ϕ

f
i ,ϑ

f
i ,φ

f
i ,

#»

P f
i ,

#»

E f
i

]
.

#»

P f
i states

for values of OCEAN personality
[
Of

i , C f
i , E f

i , Af
i , N f

i ,
]
, while

#»

E f
i states for values of

emotion based on OCC model:
[
F f

i , H f
i , Sf

i , Anf
i

]
. Values of

#»

P are in the interval [0; 1]
while values of

#»

E are from [−3; 3]. For groups analysis, we only considered param-
eters of personality and emotion in the detected groups g in the video sequence.
In addition to previously defined

#  »

Gg =
[
ng,

#»

I g, s̄g, ᾱg, d̄g

]
, we include

#»

P g and
#»

E g

containing the average values of ng individuals in g.

In order to map from OCEAN to emotion parameters we observe some
aspects in literature, as the ones proposed by Costa and McCrae (2007):

• O- : person is close to interact with others;

• O+ : person is aware of his/her feelings;

• C+ : person is optimistic;

• C- : person is pessimist;

• E+ : person has a strong relationship with positive emotions;

• E- : person presents relationship with negative emotions;

• A+ : person has a strong relationship with positive reactions;

• A- : person presents relationship with negative reactions;

• N-: known by the emotional stability;

• N+ : person feels negative emotions.
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Such data resulted in empirical definitions included in Table 5.2, that shows
the mapping from OCEAN traits to the chosen emotions. In fact, we were not the
first one to propose this type of mapping. Saifi et al. (2016) proposes similar data
for a different approach where authors were interested in providing critical emotions
in crowd simulators. Davis and Panksepp (2011) also proposed a similar approach
unifying basic emotions with personality.

In Table 5.2, the plus/minus signals along each factor represent the positive
or negative values of each one. For example, O+ stands for positive values (i.e. O
≥ 0.5) and O- stands for negative values (i.e. O < 0.5)). A positive value for a given
factor (i.e. 1) means the stronger the OCEAN trait is, the stronger is the emotion
too. A negative value (i.e. -1) does the opposite, therefore, the stronger the factor’s
value, the weaker is a given emotion. A zero value means that a given emotion is
not affected at all by the given factor. To better illustrate, a hypothetical example
is given: if an individual has a high value for Extraversion (for example, E = 0.9),
following the mapping in Table 5.2, this individual can present signals of happiness
(i.e. If E+ then Happiness= 1) and should not be angry (i.e. If E+ then Anger= -1).

Table 5.2: Emotion mapping from OCEAN to OCC: the plus/minus signals along
each factor represent the positive/negative value of each one.

OCEAN Factors Fear F Happiness H Sadness S Anger An

O+ 0 0 0 -1

O- 0 0 0 1

C+ -1 0 0 0

C- 1 0 0 0

E+ -1 1 -1 -1

E- 1 0 0 0

A+ 0 0 0 -1

A- 0 0 0 1

N+ 1 -1 1 1

N- -1 1 -1 -1

In the next section we present some results and discussions regarding
OCEAN and emotion detection.
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5.3 Results and Discussions

In this section we discuss some results obtained with this dimension of
our approach. We organized it into two different analysis: i) Ocean and Emotion
recognition in spontaneous videos (Sections 5.3.1 and 5.3.2, respectively) and ii) an
Ocean and Emotion comparison with Literature (Section 5.3.3).

5.3.1 OCEAN Analysis

In this section, we present OCEAN analysis involving spontaneous videos
(crowds in public spaces). Firstly, we calculate the OCEAN of each individual in
the video at each frame. Once we get the individuals OCEAN, the group OCEAN
is computed by the average of the individuals’ OCEAN that are part of the group.
Figure 5.4 shows a representation of each individual OCEAN in a determined frame.
We used five color box that represent the five dimensions, where blue is related to
Openness, cyan indicates Conscientiousness, green indicates Extraversion, yellow
means Agreeableness and red, Neuroticism.

The group of individuals highlighted in Figure 5.4 is composed of two peo-
ple. The OCEAN of this group (named G1) over the time is illustrated in Fig-
ure 5.5(a), and obtained by the average OCEAN of its individuals (P9 and P10),
presented in Figures 5.5 (b) and (c). As can be seen in such figures, the two individ-
uals present more motion variation at the beginning of the video and then they keep
the same motion characteristics until the end of the short movie (which duration
is 100 frames). Their Openness is high because they keep low angular variation
along their trajectories. On the other hand, their Conscientiousness dimension is
lower than other dimensions because they keep low speeds in comparison to other
groups.

The group OCEAN reflects the individuals OCEAN. An analysis of OCEAN
in the country level is presented later in this section. Once we have the OCEAN
values, individuals emotions are detected in the analyzed videos, as discussed in
next section.
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Figure 5.4: OCEAN representation of each individual in the scene: each color
bar is related to one OCEAN dimension: blue is Openness, cyan is Conscientious-
ness, green is Extraversion, yellow is Agreeableness and red, Neuroticism. Informa-
tion about highlighted group G1 (formed by the individuals P9 and P10) is detailed
in Figure 5.5.

5.3.2 Emotion Analysis

This section presents the emotion analysis in spontaneous videos. Fig-
ure 5.6 shows an example of the emotion detection in a video from Austria. A filled
square represents that the person has a positive value from that emotion, a half
filled square means that the emotion is neutral and a not filled square means that
the person has a negative value from the emotion.

For example, the highlighted person, with the blue arrow in Figure 5.6, got a
negative value regarding the Anger emotion (the red square is not filled). It happens
because this individual is interacting with the other (walking in the same direction
and with similar angular variation), so collectivity and socialization levels are high
and isolation level is low, consequently Anger receives a negative score.

Still in Figure 5.6, the highlighted person with the orange arrow gets a zero
value for the Happiness emotion (the green square is half filled). It happens because
she/he is alone, changing orientation (angular variation), with high isolation. The
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(a) Group G1

(b) Individual P9

(c) Individual P10

Figure 5.5: OCEAN observed in the group G1: OCEAN data over time observed
in the group of individuals highlighted in Figure 5.4: data from group G1 (a) and its
individuals P9 (b) and P10 (c).

person highlighted with the red arrow gets a positive value for the Fear (the yellow
square is completely filled). It happens because this individual is moving slower and
with high angular variation, so his/her dimension C is low, generating a high value
for Fear. The legend of colors is the following: red is related to Anger, yellow means
Fear, green indicates Happiness and blue, Sadness.
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Figure 5.6: Emotion representation based on the OCEAN mapping process:
each square represents one emotion, where a filled square represents that the per-
son has a positive value from an emotion, a half filled square means that the emotion
is neutral and a not filled square means that the person has a negative value from
an emotion. Each color is related to one emotion: a red square is related to Anger,
an yellow square means Fear, green indicates Happiness and blue, Sadness.

In another example, showed in Figure 5.7(a), we highlight two different
situations, a group (green circle) and an individual alone (red circle). It is interesting
to notice that individuals who are part of a bigger group or have a high collectivity
tend to be happy, as we can see in the highlighted group in Figure 5.7(b). On the
other hand, individuals who are alone and distant from others tend to experience
negative emotions (see an example in Figure 5.7(c)).

It is important to keep in mind that in our approach we are not considering
the internal or intrinsic emotions of pedestrians and groups, we are considering
these emotions related to the physical space at a specific time.



116

(a) Emotion of each individual in the scene

(b) Group (c) Individual

Figure 5.7: Emotion analysis in the video CN03 from China: emotion of each
individual in the scene (a), focused on a group (b) and one individual (c) highlighted.
Based on our approach, individuals in the group (b) tend to be happy, while the
individual alone (c) tends to experience negative emotions.

5.3.3 Comparison with Literature

We evaluated our method in a set of 20 videos from 4 countries (9 from
Brazil, 5 from China, 3 from Austria and 3 from Japan). These videos, with a duration
varying between 100 and 900 frames, were collected from different public databases
available on the Internet, such as (Shaikh et al., 2016; Zhou et al., 2014; Rodriguez
et al., 2011). Firstly, we get the OCEAN of each individual in the scene (Figure 5.8
shows some examples). In Figure 5.8 (a) we can observe the higher E that was
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found in an individual, part of a group of people, while the opposite happens in (b)
when lower E was computed for individual alone and far from the others.

(a) Higher E (Brazil) (b) Lower E - Higher N (China)

(c) Higher A (Brazil) (d) Lower A (China)

(e) Higher O (Japan) (f) Lower O (Brazil)

Figure 5.8: Examples of individuals OCEAN levels: a) the highlight person has
the highest Extraversion, b) shows the person with the lowest Extraversion (and
highest Neuroticism), c) shows the person with the highest Agreeableness and the
person highlighted in d) has the lowest Agreeableness. The highlight person in e)
has the highest Openness and the person highlighted in d) has the lowest Open-
ness.

Same kind of analysis can be done for images (c) and (d) relating to their
collectivity (higher and lower respectively). Although it is more difficult to visual
inspect the dimensions O, C and N we present the qualitative results. For example
in Figure 5.8 (e) the highlighted individual has lower angular variation in comparison
to all others (higher O value), while in (f) this is the individual with higher angular
variation, consequently having lower value of O.
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In addition, in Figure 5.8 (b) we obtained the higher value of N, since it is de-
pendent of the inverse of collectivity and socialization. Once the individual OCEAN
values are computed, we get the mean OCEAN value for each video. The coun-
try’s OCEAN, in turn, is calculated by the average OCEANs of that country’s videos.
Figure 5.9 shows the results obtained by the proposed approach in all OCEAN di-
mensions, in comparison with the literature values presented by Costa and McCrae
(2007), considered as ground-truth.

(a) Brazil - BR (b) Japan - JP

(c) Austria - AT (d) China - CN

Figure 5.9: OCEAN analysis: comparison between the proposed approach and
literature values (Costa and McCrae, 2007), from Brazil (a), Japan (b), Austria (c)
and China (d).
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It is interesting to highlight that results achieved for Brazil (Figure 5.9(a))
showed the higher accuracy, when compared to the other countries. This was
the country with more available videos to be processed in the proposed method
(9 videos), in comparison with other countries.

In addition, we computed the perceptual error when accumulating each
dimension from all videos and compared with literature for those Countries. Fig-
ure 5.10 shows such errors and also indicates that with an error of 18%, the dimen-
sion E has the lowest value; that is an interesting observation since this was the
dimension that had more questions to be analyzed, as shown in Equations 5.4, 5.5
and 5.6. The other dimensions (O, C, A and N) presented, respectively, 46%, 26%,
37% and 22%.

Figure 5.10: OCEAN percentage of differences: percentage of differences be-
tween the proposed approach and literature values, computed for all dimensions.

It is important to note that the mapping to OCEAN dimensions was empiri-
cally defined through equations using data extracted from computer vision. NEO PI-
R (Costa and McCrae, 2007) measured these dimensions by considering a different
type of information (subjective responses of individuals collected through question-
naires). In this sense, it is possible to affirm that, even with few videos used, the
results obtained with the proposed approach are coherent with NEO PI-R results

In the next section we present an experiment which aimed to analyze the
perception of some emotions and personalities by users.
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5.4 Perception Analysis Experiment

In this section we describe an user study we performed for evaluating the
perception of personality and emotion traits in crowd videos. We used a simulation
environment to generate some short video sequences of pedestrian views in low
density crowds. To do this, we used as a basis the tracking files of the pedestrians
from the spontaneous videos and replaced the pedestrians by identical humanoids,
in order to not influence the perception of the users.

In each video sequence we highlighted two individuals with different col-
ors (red and yellow) and we asked the subjects about them. Table 5.3 shows the
questions we asked to the participants with the possible answers, where the correct
answer of each question is highlighted in bold.

Regarding the participants, an amount of 73 people volunteered for the
experiment: 45 males (61.6%) and 28 (38.4%) females. Of these, 47.9% have some
undergraduate degree. With regard to the age, 58.7% are between 20 and 30 years
old, 30.7% are between 31 and 50 years old and the others 10.6% are younger or
older.

Figure 5.11 shows the initial and final frames from the video P01, where
it is possible to see a group of pedestrians in the right part of the video. Pedes-
trian highlighted in yellow is part of this group and the pedestrian highlighted in red
walk trough the group with a higher speed. In the questions Q1 and Q2 (related to
the video P01) we asked about which pedestrian (yellow or red) was, respectively,
neurotic and angry. Figure 5.12 shows the answers given by the participants.

It was interesting to see that a little bit more than half of participants (57%
in Q1 and 59% in Q2) answered according to the results obtained with the method
proposed in this thesis. The pedestrian highlighted in red was the most neurotic
and angry, according to our approach. Only a few participants answered that the
pedestrian highlighted in yellow was neurotic and scared (12% in question Q1 and
9% in question Q2) and 18% answered that “neither of them” was neurotic. As we
proposed in our model, geometrically, a neurotic person remains isolated and few
collective. So, subjects who do think that no agent was neurotic was certainly think-
ing about the psychological point of view, while we are analyzing based on space
relationship. In video P01, the pedestrian highlighted in red has these characteris-
tics. The pedestrian highlighted in red is angry: isolated, low angular variation, low
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Table 5.3: Survey on perception of emotion and personalities: questions and
possible answers used in the research. The correct answer in highlighted in bold.

Question Possible answers

Q1: In your opinion, which of the two pedestrians highlighted in
the video has a neurotic personality, yellow or red?

a) Yellow pedestrian;
b) Red pedestrian;
c) Both pedestrians;
d) Neither of them;
e) I don’t know.

Q2: In your opinion, which of the two pedestrians highlighted in
the video is angry, yellow or red?

a) Yellow pedestrian;
b) Red pedestrian;
c) Both pedestrians;
d) Neither of them;
e) I don’t know.

Q3: In your opinion, which of the two pedestrians highlighted in
the video is more openness to experiences, yellow or red?

a) Yellow pedestrian;
b) Red pedestrian;
c) Both pedestrians;
d) Neither of them;
e) I don’t know.

Q4: In your perception, which of the two pedestrians highlighted in
the video is afraid, yellow or red?

a) Yellow pedestrian;
b) Red pedestrian;
c) Both pedestrians;
d) Neither of them;
e) I don’t know.

Q5: In your opinion, which of the two pedestrians highlighted in
the video is happier, yellow or red?

a) Yellow pedestrian;
b) Red pedestrian;
c) Both pedestrians;
d) Neither of them;
e) I don’t know.

Q6: In your opinion, which of the two pedestrians highlighted in
the video is more extroverted, yellow or red?

a) Yellow pedestrian;
b) Red pedestrian;
c) Both pedestrians;
d) Neither of them;
e) I don’t know.

Q7: In your opinion, which of the two pedestrians highlighted in
the video seems to be more sociable, yellow or red?

a) Yellow pedestrian;
b) Red pedestrian;
c) Both pedestrians;
d) Neither of them;
e) I don’t know.

speed, low socialization and low collectivity. More than 50% of people chosen the
red (correct) pedestrian.

Following the analysis, video P02 (illustrated in Figure 5.13) has a pedes-
trian highlighted in yellow interacting with a group of individuals and a pedestrian
highlighted in red who is alone and not interacting with anyone. Questions Q3
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(a) Initial frame (b) Final frame

Figure 5.11: Representative frames from video P01: initial (a) and final (b) frames
from video P01 associated to questions Q1 and Q2.

Figure 5.12: Perception analysis concerning questions Q1 and Q2: Question
Q1 is related to the personality neuroticism and question Q2 is related to the Angry
emotion.

and Q4, who were related to this video, asked participants about which highlighted
pedestrian was, respectively, openness to experiences and afraid. Figure 5.14
shows the answers for that questions.

The results plotted in Figure 5.14 show that most of the participants per-
ceived the same personality (in case of question Q3) an the same emotion (question
Q4) that we found in our approach, i.e. 60% of the participants correctly chose the
pedestrian in yellow as the most opened to experiences in question Q3 and 59%
correctly chose the pedestrian in red as having fear. In our approach, a pedestrian
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(a) Initial frame (b) Final frame

Figure 5.13: Representative frames from video P02: initial (a) and final (b) frames
from video P02 associated to questions Q3 and Q4.

Figure 5.14: Perception analysis concerning questions Q3 and Q4: Question
Q3 is related to the personality openness and question Q4 is related to the Fear
emotion.

opened to new experiences is related to a high value for the angular variation fea-
ture. Geometrically speaking, according to what has been proposed in our model, a
person who allows himself/herself to change objectives (direction) while walking is
more subject to new experiences. Fear, in turn, is linked to the fact that the person
is isolated from others and walks at lower speeds.

Finally, related to the video P03 we propose questions Q5, Q6 and Q7,
asking, respectively, about happiness, extraversion and sociability. The video P03
(illustrated in Figure 5.15) contains a pedestrian highlighted in yellow walking with
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a group of people and a pedestrian highlighted in red walking alone, in the oppo-
site direction of all other pedestrians. Regarding question Q5 (plotted in the left
side of Figure 5.16), 40% of participants answered in accordance with the proposed
approach. Geometrically, a happy person is not isolated and can present high lev-
els of collectivity and socialization. Pedestrian highlighted in yellow presented that
characteristics and was correctly identified by the participants in the survey.

(a) Initial frame (b) Final frame

Figure 5.15: Representative frames from video P03: initial (a) and final (b) frames
from video P03 associated to questions Q5, Q6 and Q7.

Questions Q6 and Q7 analyze, respectively, extraversion and sociability.
In question Q6, although most of the participants (33% of them) correctly answer
that the pedestrian highlighted in yellow is the most extrovert, it seems that the
participants were not very sure about perceiving this characteristic. 25% of them
answered that none of the pedestrians were extroverted, 19% replied that the most
extroverted pedestrian was the one highlighted in red, 14% did not know and 9%
believed that both pedestrians were extroverted.

We believe that question Q6 caused a greater variety of perceptions from
part of the participants due to the fact that we did not explain any concept when
asking the questions, nor mentioned that the perceptions would be given from the
geometric point of view, considering the position of the pedestrians in the space.
Many of the participants, when questioned about extroversion, may have been influ-
enced by the movements and appearances of the humanoids rather than the geo-
metric features. In this sense, in question Q7, instead of which pedestrian was more
extroverted, we asked which of the pedestrians appeared to be more sociable.

When asked which pedestrian appeared to be more sociable, in question
Q7, most of the participants (57% of them) seemed to be more convinced that the
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Figure 5.16: Perception analysis concerning questions Q5, Q6 and Q7: Ques-
tion Q5 is related to happiness, Q6 is related to extraversion and question Q7 is
related to sociability.

pedestrian highlighted in yellow is the most sociable, in accordance with the model
proposed in this thesis.

5.5 Chapter Remarks

In this chapter we describe a way to detect individual-level traits of emo-
tion and personality observed in video sequences, based on individuals and groups
features. We propose to detect OCEAN personality traits and compared with data
from different countries existent in the literature. In addition, based on OCEAN we
compute four traits of emotion defined in OCC model. We believe the results are
promising and video sequences can be used to detect personality and emotion,
what can help us to understand people behavior in video sequences.

The results obtained from our approach indicate that our model gener-
ates coherent information when compared to data provided in available literature,
as shown in various analysis. It is important to note that the mapping to OCEAN
and EMOTION dimensions was empirically defined through equations using data ex-
tracted from computer vision. NEO PI-R results in the literature measured these di-
mensions by considering a different type of information (subjective responses of indi-
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viduals collected through questionnaires). This results were published in (Favaretto
et al., 2017, 2018).

These features (five dimensions of personalities and four traits of emotions)
consist in our model for the third dimension III - Personal and Emotion geometrical
dimension proposed in this thesis. Tables 5.4 and 5.5 shows a summary on how
the features from previous dimensions (I - Physical and II - Social) are mapped and
affect the features of, respectively, personality and emotion features.

Table 5.4: Personality mapping influence: influence of the features in each per-
sonality trait. (⇑) means a high value while (⇓) means a low value. (–) means that
the feature does not interfere in that personality trait.

Ang. Variation Collectivity Isolation Socialization Speed

Openness (⇑) ⇑ – – – –

Conscientiousness (⇑) ⇓ – – – ⇑
Extraversion (⇑) ⇓ ⇑ – ⇑ ⇑
Agreeableness (⇑) – ⇑ – – –

Neuroticism (⇑) – ⇓ ⇑ – –

For example, as described in Table 5.4, a pedestrian will get a high value in
Neuroticism, if he/she gets a high value for isolation and a low value for collectivity.
In a similar way, as described in Table 5.5, each personality trait interfere in any
emotion. For example, a low value for Openness is related to a high value for Anger.
The opposite is also true, high values for Openness imply in low values for Anger.

Table 5.5: Emotion mapping influence: influence of the personality traits in each
emotion. (⇑) means a high value while (⇓) means a low value. (–) means that the
personality trait does not interfere in that emotion.

Openness Conscientiousness Extraversion Agreeableness Neuroticism

Anger (⇑) ⇓ – ⇓ ⇓ ⇑
Fear (⇑) – ⇓ ⇓ – ⇑
Happiness (⇑) – – ⇑ – ⇓
Sadness (⇑) – – ⇓ – ⇑

In addition, we performed an experiment to evaluate if people can perceive
different personalities and emotions performed by pedestrians in crowds. We used a
simulation framework based on real video tracking files and replaced the pedestrians
by identical avatars, generating short video sequences that were evaluated by the
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participants in the survey. It was interesting to see that, even without explaining
to the participants the concepts of each personality or emotion and how they were
calculated in our approach (considering the geometric characteristics), in all the
cases, most of the participants perceived the personality and emotion that the agent
was expressing in the video, in accordance with our approach.

Next chapter is responsible for present an approach to detect cultural as-
pects from videos considering the Hofstede Cultural Dimensions (Hofstede et al.,
1991), theses features are related to the last and fourth dimension proposed in this
thesis: IV - Cultural geometrical dimension.
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6. FOURTH DIMENSION: DETECTION OF CULTURAL
ASPECTS IN CROWDS

In this chapter is presented the approach to detect cultural aspects from
videos considering Hofstede Cultural Dimensions (Hofstede et al., 1991). In our
model, the Hofstede cultural dimensions (presented in Section 2.1.1) is related to
the IV - Cultural geometrical dimension.

In order to successfully map the characteristics of pedestrians and groups
in cultural aspects, we considered some information extracted from pedestrians in
the video presented in Chapter 4 (First and Second Dimensions: Data Extraction,
Crowd Types and Video Similarity). For each video v processed, we calculate the
average of all groups present in the video, making it possible to find the final values
for each dimension in percentages to compare with the Hofstede values, which are
also described in percentages.

Section 6.1 presents the proposed approach to the mapping of the charac-
teristics from the pedestrians in the video to the Hofstede Cultural Dimensions. In
this sense, we use the information about groups (described in Section 4.2), detected
through the pedestrian tracking. Following, Section 6.2 presents and discusses the
results obtained with this approach, also comparing the values obtained with the
Hofstede dimensions values.

6.1 The Proposed Approach

For each information extracted from the videos to be analyzed a percent-
age value is computed (function fp, a simple function to find the percentage, given
the maximum value and the value obtained in each video v ), in relation to its max-
imum possible values (with the exception of the average distance d̄ between the
individuals of the group). Therefore, the following information is considered:

• Mean distances between the individuals in each group g averaged by all groups
in video v , i.e. d̄v . Once we do not know the maximum possible value we
decided to attribute a percentage based on Halls distances Hall (1966), as
follows:

we attribute PDIv = 20% if d̄v corresponds to intimate distances,
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PDIv = 40% if personal distances,

PDIv = 60% for social distances and

PDIv = 80% for public distances.

• Speed percentage of video v : Sv = fp(s̄v , 1.4), where s̄v states for the average
of all groups g speeds.

• Percentage of angular variation: Ov = fp(ᾱv , 360◦), where ᾱv states for the
average of all groups g αg; and

• Percentage of group cohesion: GCv = fp(C̄v , 3), where C̄v states for the aver-
age of all groups g cohesion values.

All these values were empirically defined, in particular, the maximum cohe-
sion value was based on the approach proposed by Bassi (2006).

6.1.1 Mapping Group Characteristics to Cultural Dimensions

Before proposing a metric for each HCD dimension, we looked at research
in different areas of knowledge. The dimension IDV (individualism vs. collectivism)
was considered in the work proposed by Lala et al. (2011) as a function of the
interpersonal space and the speed of individuals. In this work, this dimension is
calculated directly based on the quantities of people alone and grouped in the video.
Thus, collectivism (COLv ) of video v is the percentage of people grouped while
individualism (IDVv ) is the percentage of people alone.

The dimensions PDI (Power distance index), MAS (Masculinity vs. Femi-
ninity), LTO (Long vs. short term orientation) and IND (Indulgence vs. Moderation)
dimensions were not considered in previously work, as far as we know. Thus, in this
work an empirical parameterization is proposed to consider these characteristics, as
following described.

In relation to the PDI dimension, which represents the differences of sta-
tus between individuals and the behavior of these groups in society, the hypothesis
is that individuals who stay close to each other recognize less the group hierarchy,
whereas large distances among the individuals may represent a more explicit recog-
nition of the hierarchy. In this way, each group average distance (d̄g) is computed to
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determine the (d̄v ) of video v , and this value is used together with Hall distances Hall
(1966) to find PDIv for video v .

In terms of LTOv of video v , where the idea is persistence (long term)
as opposed to fast results (short term), in this work the group orientation Ov , as
explained before, was adapted to be mapped to this dimension. Thus, high values
of angular variation result in short-term orientation (STO = 100 − LTO, where LTO
is calculated according to Equation 6.1).

LTOv =

{
Ov , if Ov >= 50
100−Ov , otherwise.

(6.1)

Considering the MASv dimension, the “preference for cooperation” we con-
sidered that this dimension can be defined in terms of average groups cohesion
found in the video v . High levels of cohesion represent greater femininity in this
dimension, while low values of cohesion indicate greater masculinity. The value of
LTOv was used as a weight to regulate the value of MASv , as defined in Equation 6.2:

MASv = χ1GCv + (1− χ1)LTOv , (6.2)

where χ1 = 0.5 is an empirically defined constant.

Finally, the IND dimension was characterized by the average velocity and
collectivity of the groups in video v , determined by the Equation 6.3:

INDv = ρ1Sv + (1− ρ1)COLv , (6.3)

where ρ1 = 0.5 is also an empirically defined constant.

It is important to note that, in our proposed mapping of cultural dimensions,
some equations have been defined to quantify the cultural dimensions of Hofst-
ede (Hofstede, 2001) through computer vision. On the other hand, Geert Hofstede
measured these dimensions by considering a different type of information (subjec-
tive responses of individuals collected through questionnaires). Our hypothesis is
that there is a relationship about how people answer questions and how they be-
have in the space/time as mentioned earlier. In the next section are presented some
results obtained in that analysis.
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6.2 Results obtained

In this section we discuss the results obtained with the proposal of cultur-
ality mapping presented in the previous section. Initially, an experiment was carried
out with three countries, involving 14 videos (seven videos from Brazil, four videos
from China and three videos from Austria).

The first step of the experiment was to analyze the detection of groups.
The reference value (ground truth, manually annotated) corresponding to the total
of groups present in these videos is 83. The proposed model correctly detected 71
of them (85%). From those detected incorrectly (15%), two were false-positive and
ten false-negative.

Based on the behavior of these groups and their parameters, the mapping
of culturality was carried out and compared with the results of the Cultural Dimen-
sions of Hofstede (HCD). Figure 6.1 shows the values of the cultural dimensions
computed with the proposed method and the values present in HCD1 (Hofstede,
2011).

Figure 6.1: Our approach vs. Hofstede: comparison of the values (%) obtained in
each cultural dimension.

1The HCD values from many countries can be find at: http://geert-hofstede.com/

http://geert-hofstede.com/
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It is important to note that we can not use HCD as ground truth for the pro-
posed method, since they deal with different information (subject answers in HCD
and images in the proposed method); however, it is possible to evaluate if results are
coherent to be used to detect cultural aspects in different countries video sequences.
The obtained average differences for each country presented in Figure 6.1, consid-
ering all the cultural dimensions, are 13.70%, 21, 53% and 29.77% for Brazil, China
and Austria, respectively. So, we consider that even if we used only a few videos,
our results are coherent with HCD.

In order to verify if the proposed model allows to detect cultural differences
from videos of crowds in order to classify them, the average distances of the five
dimensions were computed for each of the seven videos of Brazil and compared
to the averages of the three countries: Brazil, China and Austria. For instance, in
Figure 6.2, video 1 from Brazil is less different from all Brazilian videos that from
other countries.

Figure 6.2: Differences from Brazil: differences from seven videos made in Brazil
and the three main groups: Brazil, China and Austria.

The last two videos from Brazil (v = 6 and v = 7) could be erroneously
classified as China or Austria. In fact, these two videos presented higher values in
both dimensions: IDP (19.84% and 17.55%) and IDV (30.50% and 20.50%), which
were higher than the average of Brazilian videos. The third Brazilian video (v = 3,
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highlighted in Figure 6.2) obtained the smallest difference in relation to the average
of Brazilian videos.

The video v = 3 is illustrated in Figure 6.3(a), where it is possible to see
the high number of groups2. On the other hand, the video v = 6 (also highlighted in
Figure 6.2 and represented in Figure 6.3(b)), illustrates more people alone and only
one permanent group by the blue circle, appears only at the end of the video, not
having time to stabilize and be detected as permanent).

(a) Brazil v = 3 (b) Brazil v = 6

Figure 6.3: Scenes from the 3rd and 6th videos from Brazil: largest number of
groups in the video v = 3 (a) compared to the video v = 6 (b).

In a last analysis involving these videos, the three Countries (Brazil with 7,
China, 4 and Austria with 3 videos) are culturally compared. Figure 6.4 illustrates
the average of each cultural dimension of the three countries of the experiment, with
a highlight for the lowest IDV (Brazil), as the opposite of China, and the largest LTO
(Austria).

Figure 6.5 illustrates the results of the cultural dimensions obtained with
the proposed method in comparison to the Hofstede values. The experiment was
carried out with 14 countries present in the Cultural Crowds dataset3.

In Figure 6.5(b), the values of the dimensions IND and LTO on the Hof-
stede website (https://geert-hofstede.com) were not available for the country Arab
Emirates, which is why the results of these two dimensions were omitted in the pro-
posed method (IND = 0 and LTO = 0). The goal of these plots is not to use the
Hofstede values as ground truth, but to verify if the results are coherent with each
other, since they come from different sources (self-report in Hofstede and computa-
tional vision in the proposed method). France (FR) and Portugal (PT) presented the

2The people in the upper right corner of the video are walk closing to the others, the group does
not stabilize, making it impossible to be detected by the proposed model.

3The Cultural Crowds dataset is described in Appendix A of this manuscript

https://geert-hofstede.com
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Figure 6.4: Cultural comparison among the three countries analyzed: Brazil,
China and Austria. We highlight the IDV which is lower in Brazil, and LTO that is
higher in Austria

(a) Germany - DE (b) Arab Emirates - AE (c) France - FR

(d) England - UK (e) Portugal - PT (f) Turkey - TR

Figure 6.5: Proposed method vs. Hofstede: results of culturality for each of the
experiment countries. Hofstede (HCD, black line) versus the proposed method (PM,
red line).
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smallest differences in relation to the values obtained by Hofstede. The values of
these countries are shown, respectively, in Figure 6.5(c) and (d).

In order to verify if the results obtained with the proposed method are con-
sistent with Hofstede, the average difference of culturality for each of the dimensions
was computed considering all countries involved in the experiment. In this analysis,
illustrated in Figure 6.6, the results of all videos were considered in the calculation
of the mean of each dimension.

Figure 6.6: Proposed method versus Hofstede: mean of culture differences for all
cultural dimensions, considering all countries involved in the experiment.

With an average of 36.83%, the IDV dimension (Individualism vs. collec-
tivism) was the one that most distanced dimension if compared to Hosftede values.
Analyzing Figure 6.5, although in some countries like France (Figure 6.5(c)) and
England (Figure 6.5(d)) the value for this dimension is very close to that obtained by
Hofstede, in others it is very distant, contributing to the increase of the difference, as
is the case of Arab Emirates (Figure 6.5(b)) and Turkey (Figure 6.5(f)).

The PDI dimension, on the other hand, with 16.72% of difference, was the
dimension who presented the lowest distance to Hofstede’s results, suggesting that
the use of the proximity of individuals to infer the level of hierarchy of a group may
have been a good hypothesis.

Figure 6.7 shows an analysis of culturality considering similar crowds, but
from different countries. This similarity was obtained according to the method pro-
posed and presented in Chapter 4, consisting of the following videos:
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• Austria (AT-01), Brazil (BR-02) and Japan (JP-02), illustrated in Figure 6.7(a);

• China (CN-05), Germany (DE-02) and Japan (JP-03), illustrated in Figure 6.7(b);

• China (CN-04) and France (FR-02), illustrated in Figure 6.7(c); and

• France (FR-01) and Portugal (PT-01), illustrated in Figure 6.7(d).

The frames illustrating the crowds of each of the videos mentioned in Fig-
ure 6.7 can be seen in the Section Cultural Crowds Dataset (showed in Figure A.2),
referenced by the indicators in parentheses.

(a) Austria, Brasil and Japan (b) China, Germany and Japan

(c) China and France (d) France and Portugal

Figure 6.7: Cultural aspects in similar crowds: (a) Austria (AT-01), Brazil (BR-02)
and Japan (JP-02), (b) China (CN-05), Germany (DE-02) and Japan (JP-03), (c)
China (CN-04) and France (FR-02) and (d) France (FR-01) and Portugal (PT-01).
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It is possible to notice in Figure 6.7 that, although they are similar crowds
(number of people and groups, sizes of groups, among others), there are differ-
ences in some dimensions, which vary according to the country. In Figure 6.7(b),
for example, the Japanese crowd has much higher values for the PDI, IND and LTO
dimensions, while the crowds from China and Germany are quite similar.

In the comparison among France and Portugal crowds, represented in Fig-
ure 6.7(d), the two dimensions that differ are PDI and IDV . In relation to PDI, Portu-
gal presented a higher index because the average distance between the people of
the groups was greater than in France. In the case of the IDV , France had a higher
rate due to the greater number of people alone in its videos, compared to the video
of Portugal.

Brazil stood out in the PDI dimension when compared to the crowds of
Austria and Japan, as illustrated in Figure 6.7(a). In this case, the lowest value for
this dimension is related to the fact that Brazil has larger groups, with people walking
closer than in the other two countries.

With respect to the comparison between the crowds of China and France,
represented in Figure 6.7(c), the highlight of China’s highest value in the IDV dimen-
sion is due to the fact that this country’s crowd has a larger number of people not
grouped in comparison to the French crowd.

6.3 Big4GD Dimensions

With the content of this chapter we conclude the presentation of the Big-
Four Geometric Dimensions, or just Big4GD model, illustrated in Figure 6.8. This
four dimensions of features aims to characterize pedestrians organized in groups
and crowds with regard to space and time relation, i.e. from the geometrical point of
view.

In summary, the I – Physical deals with physical features of pedestrians
obtained directly from the tracking, such as speeds, distances from a pedestrian
from others, angular variations, among others; II – Social dimension is related to
the social interactions, characterizing groups of pedestrians and social features, as
collectivity, isolation and socialization levels of individuals; III – Personal and Emo-
tional dimension maintains the features related to personality (Big-Five) and emo-
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Figure 6.8: Our Big4GD model: features mapping from the proposed approach
divided into four dimensions: I – Physical, II – Social, III – Personal and Emotional
and finally, IV – Cultural.

tion (OCC) traits; and IV – Cultural dimension deals with features regarding cultural
aspects, according to Hofstede (HCD).

In previous chapters we present how each of the pedestrians and group
features were defined and how these features are organized in the proposed four-
dimensional model. In addition, a set of experiments was presented with the pur-
pose of analyzing and validating the proposed model.

6.4 Chapter Remarks

In this chapter we presented how we proceed to characterize groups of
pedestrians in video sequences and detect some cultural aspects. We were inspired
in cultural dimensions proposed by Hofstede. Even with the differences regarding
the used method to capture information (subject answers and computer vision), the
results indicate a coherence in our mostly empirical equations. This results were
published in (Favaretto et al., 2016a).

Table 6.1 shows the influence of the features in each Hofstede dimension.
(⇑) means a high value, (⇓) means a low value and (–) means that the feature does
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not interfere in that dimension. For example, high values for mean distance among
the pedestrians from a group cause a high value in the PDI dimension.

Table 6.1: Hofstede mapping influence: influence of the features in each Hofstede
dimension. (⇑) means a high value while (⇓) means a low value. (–) means that the
feature does not interfere in that dimensions.

M. distance M. ang. var. M. speed Cohesion Ung. pedestrians

PDI (⇑) ⇑ – – – –

IDV (⇑) – – – – ⇑
MAS (⇑) – ⇑ – ⇓ –

LTO (⇑) – ⇑ – – –

IND (⇑) – – ⇓ – ⇑

The results obtained in the experiments performed in this chapter indicate
that the proposed method seems to be promising when used to classify videos from
Brazil, based on the similarity of the cultural dimensions, as shown in Figure 6.2.

In addition to the results already discussed in last chapters, in the next
chapter we present some analysis in a controlled experiment. For that, we use Fun-
damental Diagrams to compare pedestrians from three countries: India, Brazil and
Germany. Due to the experiment characteristics, we evaluate our model with ex-
periments involving only individuals and not groups. In this sense, the IV – Cultural
dimension was not evaluated in that experiment. In addition, we use simulation to re-
produce the patterns observed in FD experiment. We also performed a comparison
with the work proposed by Sorokowska et al. (2017), concerning distances between
pedestrians.



141

7. FUNDAMENTAL DIAGRAM ANALYSIS

In this chapter, we evaluated our model considering the Fundamental Dia-
grams experiment regarding personal distance and walking speeds in three different
countries: India, Brazil and Germany in a controlled experiment. In this evalua-
tion, due to the performed experiment, i,e. only one group at each time executing
the same task, we analyzed only individuals and not more than one group in each
video, reason why the IV – Cultural dimension (HCD) was not evaluated. In addi-
tion, we investigate the personal distance obtained in the experiments and compare
with studies performed by Sorokowska et al. (2017). As another topic, but related,
we shown some complementary investigations regarding the observed FD patterns
obtained in crowd simulations.

Section 7.1 presents the proposed approach we performed in the exper-
iment. Section 7.2 is responsible for analyze and discuss some results from the
FD experiment. Section 7.3 addresses an analysis involving personal space in a
comparison with Sorokowska et al. (2017). Section 7.4 presents an analysis regard-
ing personality and emotion traits in the Fundamental Diagram. Finally, Section 7.5
describe how we use two different simulation environments well known in crowd
simulation area: BioCrowds and ORCA to reproduce patterns of FD in crowds.

7.1 Proposed approach for analysing FD

We propose a methodology based on three main modules: trajectory de-
tection, data extraction and FD analysis. For the first component we obtain the indi-
vidual trajectories of observed pedestrians from real videos using Computer Vision
where a Fundamental diagram experiment is performed as illustrated in Figure 7.1.

This experiment was applied as described in Chattaraj et al. (2009) to three
countries (India, Germany and Brazil) with the same populations (N=15, 20, 25, 30
and 34). A corridor was built with markers and tape placed on the ground. Its size
and shape is presented in Figure 7.1. At the base of the corridor was a rectangle
designating the Region of Interest (ROI) from which the populations were captured
as proposed by Chattaraj et al. (2009).

The experiments conducted in the three countries differed in terms of the
moving directions and compositions of the test subjects. For the German study, the
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Figure 7.1: Experimental setup: sketch of the experimental setup used as pro-
posed by Chattaraj et al. (2009).

group of test persons included male and female students. For the Indian study, the
group consisted of only male participants. Participants of the Brazilian study were
similar to those of the German study and included male and female students.

For moving directions, experiments conducted in India and Brazil followed
a clockwise direction while those conducted in Germany followed an anti-clockwise
directions. The experiments conducted in Germany and Brazil were performed in-
doors, while those conducted in India were performed outdoors on paved ground.

For the experiment performed in Brazil, we created videos of the same
population occupying the same environmental setup as that used for the other coun-
tries Chattaraj et al. (2009) employing different camera positioning. The camera was
positioned overtop of the participants to eliminate the video perspective while for the
German and Indian experiments the camera was positioned on the ground in front
of the ROI.

We used this approach to obtain pedestrian information through compu-
tational tracking while in other studies information was collected by a person as
pedestrians crossed a demarcated position on the video screen. Figure 7.2 shows
the experiment performed in the three countries with N = 30 (where N is the number
of pedestrians).

For the Brazilian experiment, as was the case for the other experiments, all
individuals were initially uniformly distributed throughout the corridor. After instruc-
tion was delivered, every individual was instructed to walk around the corridor twice
and to then leave the environment while continuing to walk a reasonable distance,
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Figure 7.2: FD experiment performed with N = 30 pedestrians: on the left:
India (Chattaraj et al., 2009), in the centre: Germany (Chattaraj et al., 2009) and
on the right: Brazil.

eliminating the tailback effect. For the second component of our method, geometric
information was obtained from trajectories and was analyzed to find neighbouring
individuals and to compute distances among them. The third module involved fun-
damental diagram analysis.

7.1.1 Methods

Our research was carried out in accordance with relevant international and
Brazilian guidelines and regulations. Research protocols used were approved of by
the Scientific Review Board of the Pontifical Catholic University of Rio Grande do
Sul Graduate Program in Computer Science.

Informed consent was obtained to use images that could lead to the iden-
tification of a study participant and to publish corresponding information/images in
an online open-access publication. The survey was conducted in line with the re-
search ethics committee requirements. All individuals gave written informed consent
to participate in this study and they can not be recognized.

Trajectory Recovery

In the case of India, we do not have all videos (or tracking) generated from
the experiments performed in these countries. Upon request, the authors Chattaraj
et al. (2009) sent us part of the dataset, i.e., the time (in seconds) at which each
individual i enters (t in

i ) and exits (tout
i ) the experiment ROI (Region of Interest). Based

on this information and on the length of the ROI (2m in length), we compute the
speed of individual i as:
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si =
2

tout
i − t in

i
, (7.1)

and we compute the distance between individual i and his/her predecessor i − 1 as:

di ,i−1 = si |t in
i − t in

i−1|, (7.2)

where t in
i is the time at which individual i enters the ROI and where t in

i−1is the time at
which his/her predecessor i − 1 enters.

For the Brazilian and Germany experiment, on the other hand, we use the
same information available from India for each individual i (i.e. t in

i and tout
i ) using a

tracking method. Initial individual detection is performed using the method proposed
by Viola and Jones (2001). The boosted classifier based on haar-like features was
trained with 4500 views of individuals’ heads as positive examples and with 1000
other views used as negative examples (the CoffeBreak and Caviar Head datasets
from Tosato et al. (2013) were used). This detector performs initial position detection
based on the positioning of individuals’ heads, which are used as input parameters
for the next step: tracking.

Once individuals are detected, trajectories are obtained using a method
proposed by Bins et al. (2013). This approach to object tracking is based on multiple
disjoint patches obtained from the target. The patches are represented parametri-
cally by the mean vector and covariance matrix computed from a set of feature vec-
tors that represent each pixel of the target. Each patch is tracked independently from
the Bhattacharyya distance Fukunaga (1990), and the displacement of the whole
template is obtained using a Weighted Vector Median Filter (WVMF). To smooth
the trajectory and to address short-term total occlusions, a predicted displacement
vector based on the motion of the target in previous frames is used. Appearance
changes of the target are managed by an updating scheme.

As tracker input parameters, we use the initial position of heads detected
in the previous step. To obtain the desired parameters for the world coordinate sys-
tem, we compute the planar homography of each video and transform the extracted
trajectories to the world coordinate system by assuming that the head position oc-
cupies the ground space (z = 0). As our videos are made from a bird’s eye view, this
assumption does not produce significant errors in projections. The tracker outputs
individual trajectories in world coordinates (in Figure 7.3 we present a result gener-
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ated from our work). Such information is used in the next step as discussed in the
Section Fundamental Diagram Data Extraction.

Figure 7.3: Snapshot of tracking used for the Brazilian experiment: trajectories
(yellow dots) were obtained with the approach developed by Bins et al. (2013).

Fundamental Diagram Data Extraction

As noted above, we observed information from the authors on FDs for Ger-
many and India. For Brazil, we applied a tracking process to extract information as
described above. We computed basic information of the individual level for each
person i and for each frame: i) the 2D position ~Xi of person i (meters) and ii) the
speed si of person i (meters/frame). Such data on pedestrians was used to com-
pute the Fundamental Diagram from the rectangle of analysis. For each frame we
computed the number of individuals within the ROI (2 m-long rectangle of analysis)
and the mean population measured over one second (with a video acquisition frame
of 30 FPS (frames per second)).

Using the same method we computed the mean density and speed of indi-
viduals from the ROI per second. In turn, we determined the density (individuals per
sqm) and speed (meters per second) as described by Chattaraj et al. (2009) and
as illustrated in Figure 7.4 (on the right). In this figure we plot data captured from



146

video sequences containing 15, 20, 25, 30 and 34 individuals while walking in the
experimental scenario. As we show, the Brazilian subjects travel at higher speeds
than the other two samples and even at high densities (e.g., of N = 30 and 34).

Figure 7.4: Speed density data extracted from Fundamental Diagrams for all
the three countries: (left) Germany (Chattaraj et al., 2009), (centre) India (Chat-
taraj et al., 2009) and (right) Brazil.

As was computed for the other countries, the speed for the Brazilian exper-
iment was calculated based on the amount of time it took for a certain pedestrian i
to cross a 2-m ROI, i.e., as described in Equation 7.1. The mean speed measured
at each frame t of the video sequence was computed as follows:

s̄t =
1
nt

nt∑
p=1

sp,t , (7.3)

where s̄t is the mean speed measured at time t . nt is the number of individuals
examined in the rectangle analysis in t , and sp,t is the speed of person p at time t .
In a similar way, the density is computed from a 2-m-rectangle analysis as shown in
Equation 7.4:

d̄t =
nt

2
. (7.4)

The traditional concept of density (number of individuals by square metre,
i.e., N/2) for the measurement region poses a problem due to the small number
of individuals involved when conducting an analysis in frames. Following Chat-
taraj Chattaraj et al. (2009), we determine a way to render this continuous by com-
puting the information in seconds and to measure the number of individuals found
per frame according to the video frame rate (in this case 30 FPS), and we compute
the mean number of individuals presented in the ROI per second . In turn, densities
are measured as values collected per second.
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The following section discusses FD data obtained, i.e., speeds and densi-
ties, from the three countries. We also investigate the issue of personal space. We
adopt the above described hypothesis (Jacques et al., 2007) to approximate per-
sonal space using a Voronoi Diagram (VD) (Aurenhammer, 1991). As our pedes-
trian tracking could not be applied to find out the order of pedestrians in the video
(we do not know the order in which the pedestrians were tracked, e.g. i and i +1), we
use the output of the Voronoi Diagram to compute the neighbour of each individual
(pedestrians in front and behind) to calculate distances between each pedestrian
and his/her predecessor, which are defined as personal distance in this work (the
magnitude of the vector from individual i to his/her predecessor i − 1).

We illustrate personal space (VD polygons) in Figure 7.5 for scenarios cap-
tured from Brazil (N = 15 and N = 20 (top) and N = 25 and N = 34 (bottom)). VD
polygons shown in Figure 7.5 provide a visual account of pedestrian distributions
observed in the corridor. Small areas (cool colours in the figure) represent the clos-
est pedestrians while larger areas (warm colours in the figure) denote pedestrians
that are more distant from one another.

Figure 7.5: Voronoi Diagram computed from a video sequence: Voronoi Diagram
showing, respectively, N = 15 and N = 20 (top) and N = 25 and N = 34 (bottom)
individuals in Brazil. Values shown on the right denote the personal space (VD
polygon area) in metres.
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7.2 Fundamental Diagram Analysis

In this section, we first compare our results with those obtained by Chattaraj
et al. (2009). The authors found that at low densities pedestrians from India and
Germany behave in a similar way in terms of speed while at high densities certain
differences are found between the countries, i.e., speeds vary more significantly.
Figure 7.6 shows a box plot of speed distributions for the three countries and for all
values of N measured through the FD experiment. It is possible to observe that at
low densities pedestrians from different cultures behave in a similar way with regard
to speed variations (values vary less in relation to the mean). As densities increase,
variation in speed also increases. As is shown in Chattaraj et al. (2009), Indians
move at slower speeds than Germans at high densities. Brazilians travel at the
highest speeds for all population sizes.

Figure 7.6: Speed distributions: speeds observed from the experiment.

Figure 7.7 shows an analysis of the Probability Distribution Function (PDF)
applied for the observed personal speeds measured for the three countries. PDF
function is a statistical expression that defines a probability distribution for a con-
tinuous random variable. When the PDF is graphically portrayed, the area under
the curve will indicate the interval in which the variable will fall. Figure 7.7 shows
the probability of distributions measured for each observed speed at an interval of
[0; 1.6] m/s. Individuals from Brazil present a higher probability of travelling at higher
speeds than Indians and Germans. It is also true that as the N increases, the means
of PDF curves for the countries tend to converge to a similar value as stated in Ta-
ble 7.1 with regard to the standard deviation. Thus, although speeds vary more
when N = 34, mean values of the different countries are more similar.
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Figure 7.7: Probability distribution function (P.D.F.): P.D.F. function determined
from speeds measured during the experiment: (left) N = 15, (centre) N = 25 and
(right) N = 34.

Table 7.1: Mean and standard deviation of P.D.F.: mean and standard deviation
values of the P.D.F. function observed for the countries with 3 N values (15, 25 and
34).

N India Germany Brazil Mean value Std Deviation

N = 15 0.9985 0.8985 1.2177 1.0382 0.1633

N = 25 0.4927 0.3453 0.5819 0.4733 0.1195

N = 34 0.3260 0.1684 0.3581 0.2842 0.1015

Similarly, Figure 7.8 shows an analysis of the PDF applied to observed
personal distances of the three countries for an interval of [0; 2.5] metres. Dis-
tances from individuals measured in all countries become more similar as densities
increase.

Figure 7.8: Probability distribution function (PDF) from the distances: P.D.F.
function from distances in the experiment with, respectively: (left) N = 15, (middle)
N = 25 and (right) N = 34.

We sought to compare the three countries to find differences/similarities
between them. We hypothesize that these differences are extractable through video
analysis. Figures 7.9 and 7.10 show average speeds and densities as well as cor-
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responding standard deviations for each cluster of the observed population (15, 20,
25, 30 and 34 individuals).

Figure 7.9: Walking speed analysis: walking speeds of the three countries and the
observed standard deviation.

Figure 7.10: Density analysis: density of the three countries and the observed
standard deviation.

As can be observed in Figure 7.9, Brazil presents higher speeds and even
when speeds are more heavily impacted, i.e., at higher densities. On the other hand,
Germany presents the lowest speeds of the three analysed countries. It is important
to emphasize that the observed standard deviation in speed and density is higher
for Brazil than for the other two countries. When visually observing videos collected
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from Brazil (videos collected from other countries are not available), one can see that
some individuals adopt a “spring” behaviour, i.e., sometimes approaching from the
person in front and sometimes maintaining distance. Concerning densities achieved
by the populations (Figure 7.10), we note that India presents higher densities than
Germany and Brazil. In addition, we find that standard deviations for the three coun-
tries increase with density as observed for speed.

In addition, we compute Pearson’s correlation to find similarities and pat-
terns of functions from the observed FD for the three countries. We measure the
correlation between two sets of data with regard to the average speed, the speed
standard deviation, the average density and the density standard deviation for each
cluster of the observed population (15, 20, 25, 30 and 34 individuals). The results
show that FDs for the three countries are most similar in average density (average
Pearson’s r = 0.99) followed by the density standard deviation (average Pearson’s
r = 0.90), the speed standard deviation (average Pearson’s r = 0.86) and finally
the average speed (average Pearson’s r = 0.79), which still presents a high correla-
tion. We thus show that FDs for the three countries are coherent and present some
similarities.

This is coherent when we wish to find a pattern of FD for the different
countries, and the results show high correlations and mainly in terms of density.
Thus, some assumptions can be made based on our analyses:

1. There is a pattern of FD;

2. This observed pattern can be used to validate and/or calibrate simulations of
virtual humans from games and movies (see Fundamental Diagram Simulation
Section);

3. As FDs for India, Brazil and Germany are highly correlated, we assume that
the tasks that individuals executed in our experiment were the same, and thus
we attempt to measure the culturallity of this context as discussed in the next
section; finally

4. We wish to investigate when the identified differences can be explained by cul-
tural aspects and if they are observable when we investigate personal distance
(see the Personal Space Analysis Section below).
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7.3 Personal Space Analysis

In this section, we present our personal space analysis of the FD exper-
iment. We must first emphasize that as noted in the Background Section many
studies have been conducted in this area in recent years. In most related work (Bal-
lendat et al., 2010; Sorokowska et al., 2017), the distance between two individuals
is defined as personal space. We also consider personal space, as we provide an
approximation from the Voronoi Diagram (VD). However, for our analysis, we use
the VD to determine the neighbourhood of individuals and to then extract those from
which to compute distances. In this work we are interested in investigating cultural
aspects of different populations regarding personal distance due to evidence show-
ing that this can differ across countries (Sorokowska et al., 2017). As noted in the
final section, assuming that the three analysed populations executed the same task,
we extracted personal distances from FDs for our data analysis.

As for Brazilian population we had access to all of the experimental video
coverage, we were able to track and determine the participants’ positions in each
frame. However, this was not true for the populations in India and Germany, for
which we have information on the time at which each person entered and exited the
analysed rectangle as sent by the authors (Chattaraj et al., 2009). We thus used this
information to compute the speed of each person in the rectangle and the distance
between two consecutive individuals in the rectangle (neighbours in the VD). We
defined the distance from individual i to the individual in front of him/her (individual
i + 1) as the personal space of i .

Correlations of distances between the three populations are shown in Fig-
ure 7.11. As can be easily observed, Pearson’s correlations between the popula-
tions increase with density. Based on this, our hypothesis that high densities greatly
impact personal behavioural expression makes sense as at high densities individ-
uals act more as a mass and less as individuals (Vilanova et al., 2017), which ul-
timately affects their behaviours according to their own cultural backgrounds. This
assumption is also coherent with one of the main works published on mass be-
haviour (Bon, 1986).

We also performed an evaluation of the walking speeds of individuals mea-
sured during the FD experiment. Therefore, the corresponding results are very sim-
ilar to those of the distance analysis as shown in Figure 7.12. At lower densities
India and Germany present a higher correlation (r = 0.42) while at higher densities
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Figure 7.11: Correlations of personal space: correlations measured for the exam-
ined countries.

all countries present very similar walking speeds. Again, one can speculate that
cultural behaviours may be visible at lower and moderate densities, as at higher
densities individuals behave as a mass restricted by reduced levels of free space.
We must note that this correlation was computed based on all data observed each
second and not based on means and standard deviations.

Thus, for this study, we assume that the difference in individual behaviour
observed at the same densities and during the execution of the same task can be
considered an expression of individuals’ cultural backgrounds. For low to high den-
sities, we observe similarities and differences in terms of personal distances and
speeds (Figures 7.11 and 7.12). For 15 and 20 individuals measured in the exper-
iments India and Germany are more similar with regard to personal distance and
speed than those for Brazil. Indeed, in terms of personal distance, Brazil and Ger-
many present more differentiated behaviours (even inversely proportional as shown
by the negative correlation illustrated in Figure 7.11) when tested with 15 individuals.

Regarding individuals speeds, the Brazil vs. India and Brazil vs. Germany
pairings present lower correlations for 15 individuals. We hypothesize that this varied
behaviour observed at low densities can be explained by cultural backgrounds. As
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Figure 7.12: Correlations of speed: correlations measured for the examined pop-
ulations.

stated above we visually found that Brazilian individuals adopted what we call ‘spring
behaviour ’ in the FD experiment, which is an expression of their social behaviour.

Conversely, with increasing density, for experiments involving 25, 30 and 34
individuals for personal distances but mainly regarding speeds higher correlations
are found between Brazil and Germany and an even higher correlation is found for 34
individuals. In any case, with higher densities all correlations are higher as well. This
may indicate that when space is limited there is less room for individual behaviours
to occur. According to our hypothesis, at low densities, India and Germany are
more culturally similar. When free space is more limited, it seems that Brazil and
Germany were more similar. Finally, at high densities individuals behave in a similar
way, discarding their cultural behaviours and acting as a mass.

As we show in Figure 7.13, regarding the distance vs. speed (on the left)
and distance vs. speed exponential relation (on the right) analyses, pedestrians
from the different cultures seem to behave in a similar way at high densities, i.e.,
over shorter distances (please refer to distances around 0.5, for all countries, the
speeds keep around 0.2m/s ). Indian pedestrians, like Brazilians, tend to maintain
shorter distances than German pedestrians, and they react less quickly to a change
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in predecessor speed compared to Germans, as shown in Chattaraj’s work Chattaraj
et al. (2009). Brazilian pedestrians seem to act in a similar way as Indians, but they
maintain higher speeds over shorter distances (at higher densities). When we look
at low densities, i.e., over higher distances (please refer to the distances around
1.4m) the speeds of all countries are more different.

Figure 7.13: Distance vs. speed and exponential distance-speed relation: dis-
tance vs. speed (left) and fitted exponential distance-speed relations (right) analy-
sis with the data from the three countries.

We also compared the preferred distances between individuals identified
by Sorokowska et al. (2017) to results obtained from the experiment performed here.
Next, we compared data for Germany1 and Brazil. We must note that the videos from
Germany are not exactly the same as those evaluated by Chattaraj et al. (2009) and
do not involve all N values, e.g., N = 34.

In Sorokowska’s work, participant answers were given on a distance (0 −
220cm) scale anchored by two human-like figures labelled A and B. Participants
were asked to imagine that they were Person A. Participants were then asked to rate
how close Person B could approach for them to remain comfortable while having a
conversation with Person B. Figure 7.14 shows a comparison of the four different
FD scenarios involving 15, 20, 25 and 30 individuals (as illustrated in the German
videos). In our study, we measured the distance person A maintained from person
B positioned in front of him or her. For the comparison, from Sorokowska’s study we

1We were granted access to videos for Germany with populations of 15, 20, 25 and 30 from
authors of the PED experimental database available at http://ped.fz-juelich.de/db/

http://ped.fz-juelich.de/db/
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use an evaluation of acquaintances (individuals who are not close but not strangers)
who are comparable to individuals examined in our experiment.

Figure 7.14: Our approach vs. Sorokowska: our results vs. Sorokowska et al.
(2017) for different numbers of individuals examined.

As we show in Figure 7.14, while distances generated from our approach
are higher than those identified by Sorokowska, proportions identified are similar
across all scenarios. People from Brazil maintain more distance from others than
individuals from Germany (according to our approach, for the N = 15 configuration,
individuals from Brazil position themselves 0.5 m further away from one another than
they do in Germany while according to Sorokowska individuals from Brazil position
themselves 0.8 m further away from one another). It is interesting that as the number
of individuals increases, our values become more similar to Sorokowska’s (when
N = 30 the values are quite similar). While the two experiments differ, we show in
real conditions individuals actually behave according to the preferences described
in Sorokowska’s work.

In the next section we present an analysis regarding OCEAN and emotion
traits in the fundamental diagram.
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7.4 OCEAN and Emotion Analysis

In Chapter 5 we were interested about detecting personality and emotion
traits in videos from different Countries, in public spaces. However, since the con-
texts are not exactly the same, even if the films are similar (see Section 4.3) e.g.
people can be close or faraway from others not just because their personality but
because the contexts they are evolving on or the relationship with spaces are not
the same. Consequently, this research presents such difficult challenge to solve in
order to evaluate/validate results. The ideal is to discard the spacial context in order
to analyze only the people behavior, from different Countries, while executing the
same task.

After tracked the individuals, we executed our method to extracted OCEAN
(Section 5.2.1), Figure 7.15 shows the obtained OCEAN values from Brazil and
Germany2 in the experiments with extreme sizes of populations, i.e. N = 15 and
N = 34 pedestrians. Based only on a visual inspection, we can easily perceive
that OCEAN values from the both Countries are more similar when the density of
people is higher in the experiment, as illustrated in Figure 7.15(b). It can indicate that
people assumes group-level behavior instead of individual-level behavior caused by
the higher density and the lack of free space. It agrees with several theories about
mass behavior as discussed by Vilanova et al. (2017) and Bon (2012).

In addition, we mapped from OCEAN to emotion traits. In this analysis, we
compute Pearson’s correlation to find out the similarity between the two countries
regarding the emotion aspects. Figure 7.16 shows the Pearson’s correlation of the
emotion values among the countries.

Considering the Figure 7.16, it is possible to see that as the density of
pedestrians in the experiment increases, the correlation among the countries also
increases.

We also included an investigation regarding the emotion and OCEAN im-
pacted by the density of people. This was possible because the performed task is
the same (i.e. individuals are walking in the same predefined environment) while
only the number of people increases. Figure 7.17 shows how the emotion values
obtained as the average of each video for all individuals, vary according to the den-

2We do not considered India in this analysis because we do not had access to the videos from
the experiment performed in that country.
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(a) N = 15 pedestrians (b) N = 34 pedestrians

Figure 7.15: OCEAN analysis in a controlled experiment: averaged OCEAN val-
ues observed in each country: (a) when N = 15 and (b) when N = 34 pedestrians.

Figure 7.16: Pearson’s correlation of emotions: values obtained in videos from
Germany and Brazil, with different populations (N = 15, N = 25 and N = 34).

sity of people in videos from Germany. It is interesting to see how the emotions
Anger, Fear and Sadness increases proportionally as the density increases too.

On the other hand, Happiness emotion decreases proportionally as a func-
tion of observed density. Indeed, the data observed in Germany was in accordance
to what was empirically expected in our hypothesis, i.e. the only positive emotion
(H) decreases as the density increases. However, the computed emotion for Brazil
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Figure 7.17: Impact of emotion on density from Germany: emotion of each den-
sity (N = 15, N = 25 and N = 34).

(illustrated in Figure 7.18) was not in accordance to what we expected as in Ger-
many. One possible explanation is that Brazilian people were colleagues/friends
while in Germany, they were related by Chattaraj et al. (2009) as volunteers to the
experiment.

Figure 7.18: Impact of emotion on density from Brazil: emotion of each density
(N = 15, N = 25 and N = 34) from Brazil.
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Even if the emotions are not impacted as a function of the density as pre-
sented in Germany graphic (Figure 7.17), it is interesting to see that for emotions
like Anger and Sadness, Brazil and Germany presented negative average values,
while Fear and Happiness presented positive average values.

Although we did not find any information about emotion and personality
detection in videos from different Countries related in literature, these results seem
promising in order to understand people personality, emotion and cultural differences
in video sequences.

In the next section we use different simulation environments to reproduce
patterns of FD in crowds.

7.5 Fundamental Diagram Simulation

Finally, in this section we investigate the behaviour of virtual individuals ob-
served from two known crowd simulators, which are briefly presented in the following
sections3. Our goal is to compare the results of simulations with patterns observed
from FDs for different cultures. We in turn show how virtual crowds can be applied
to games and movies.

7.5.1 Simulation Environments

We use two different simulations environments well known in crowd sim-
ulation area: BioCrowds (Bicho et al., 2012) and ORCA (Berg et al., 2009), both
described in next sections.

BioCrowds

One agent in the environment perceives a set of markers (dots) on the
ground (described through space subdivision) within its observational radius and
moves forward to its goal based on such markers (unoccupied and closest to the
agent than any other one). This is the main feature of the BioCrowds simulator (Bi-
cho et al., 2012), which supports main behaviours observed from crowd simulations

3This research was supported by colleagues Estêvão Testa (who performed the experiments in
ORCA) and Paulo Knob (who performed the experiments in BioCrowds).
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(e.g., lanes and arcs formation) as also emergent from other crowd simulators (Hel-
bing and Johansson, 2011; Van den Berg et al., 2008). Due to the main functions of
BioCrowds method, obstacles are easy to represent as zones without any markers
via space discretization.

As output, BioCrowds measures the position of each agent at each frame
X f

j . For more information on this method, please refer to Bicho et al. (2012). In this
work we simulated an FD using BioCrowds (see Figure 7.19) for the same popu-
lations tested using a similar environmental setup, as described in Chattaraj et al.
(2009).

Figure 7.19: Virtual agents simulated by BioCrowds: we illustrate 34 virtual
agents evolving during the FD experiment simulated by BioCrowds.

Optimal Reciprocal Collision Avoidance (ORCA)

ORCA prevent collisions from occurring between multiple agents as pro-
posed by Berg et al. (2009). The objective of the method is to find the optimal
velocity for each agent such that each agent manages to move through the envi-
ronment without colliding and where each agent considers one another’s velocity.
The method was developed for use in robotics to prevent robots from colliding and
as one of its greatest features it runs at O(n) without needing to maintain commu-
nication between robots, as they only need to perceive one another’s positions and
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velocities. ORCA allows each robot to be free of collisions for at least a fixed amount
of time assuming that each robot uses it as a collision avoidance protocol.

Agents are represented with a simple circle shape and are holonomic, i.e.,
they can move in any direction without needing to turn around. A possible velocity for
agent A is computed by finding permitted velocities VA between agent A and each
other agent. To do this, the velocity obstacle(VO) measured between A and each
other agent B for time T is determined. In other words, VO measures all relative
velocities of A with respect to B that will result in a collision between them during time
T . As performed in BioCrowds, we simulated an FD using ORCA (see Figure 7.20).
Corresponding results are illustrated in the right-hand image of Figure 7.21. The
results obtained by BioCrowds are illustrated in the left image of Figure 7.21.

Figure 7.20: Virtual agents simulated by ORCA: we illustrate 34 virtual agents
evolving during the FD experiment simulated by ORCA.

Simulation Setup

In both simulators we first modelled the 3D environment to have exactly the
same dimensions as those of the experiment performed in real life. For BioCrowds
and ORCA we manually instantiated the agents using Unity and we defined agent
goals. Goals denote the four corners of the elliptic space and change (as shown
in the original models) for the following goal once each one is achieved. For both
implementations we change the number of agents based on scenarios of the real
FD.
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Figure 7.21: Fundamental Diagram from simulation environments: FDs ob-
tained from BioCrowds (left plot) and ORCA (right plot) simulation environments.
The vertical axis denotes variations in speed and the horizontal axis denotes den-
sity values.

In both simulators, agents could overcome the one in front of it when there
was enough space to achieve their goals. Thus, to guarantee the order of agents,
we applied an additional procedure to prevent this. The speed was defined in
BioCrowds as the maximum speed, i.e., 1.2m/s. However, in ORCA we changed
the desired speed as a function of density (from 1.2m/s to 0.5m/s depending on
N for 1 to 34 agents). This is the case because the method predicts the future
movements of other agents to find an optimal velocity that can generate unrealistic
movements for denser crowds. We are aware that improvements have been made
to this method regarding such characteristics as proposed by Berg et al. (2009), but
these improvements were not tested in this work.

7.5.2 Simulation Results

We also computed correlations between FDs for real individuals in India,
Germany and Brazil and compared them to ORCA and BioCrowds simulation re-
sults. Figure 7.22, which shows the obtained results, illustrates that the correlations
are no greater than r = 0.50 for all tested populations (15, 20, 25 and 30 individu-
als). Only at higher densities (34 individuals) we can observe the higher correlation
found from BioCrowds and for the analysed countries. We hypothesize that even in
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the BioCrowds simulator "cultural aspects” (in this case denoting the “simulation of
virtual humans in BioCrowds”) are lost when free space is limited. This is an inter-
esting result for BioCrowds researchers, as our study of cultural aspects of FDs can
be applied to evaluate and improve crowd simulators.

Figure 7.22: Correlations between FDs in real and simulated environments:
correlations between FDs for real individuals in India, Germany and Brazil in com-
parison to ORCA and BioCrowds simulation tools.
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7.6 Chapter Remarks

In this chapter, we discuss differences in cultural features of groups of in-
dividuals observed in video sequences. We initially expected to find cross-cultural
manifestations to vary from video sequences. However, as one important aspect to
be considered in behaviour analysis is the context and environment in which individ-
uals behave, we decided to exclude such variations by fixing tasks that the tested
populations were required to execute. This is why we used Fundamental Diagrams
proposed by Chattaraj et al. (2009).

We obtained information for India and videos from Germany and conducted
our experiment in Brazil using the same environmental setup. All analysis results
presented in this paper are related to these experiments, for which we hypothesized
that by fixing the environmental setup and individual tasks, we could evaluate cultural
variations in individual behaviour.

From this analysis we make contributions to pattern recognition focused
on video understanding and specifically in regards to cultural features of groups of
individuals as follows:

• From our FD analysis, we observe decreasing walking speeds with increasing
density. This validates FD usage for the three populations. While India and
Germany were already evaluated in Chattaraj et al. (2009), this paper con-
tributes with data for Brazil. We must note that Pearson’s correlations obtained
for the countries are higher at r = 0.79 (average speed) to r = 0.99 (average
density). In addition, we found coherent results with higher speeds always
observed for Brazil and with higher densities observed for India all tested pop-
ulation sizes (see Figures 7.9 and 7.10).

• From our personal distance analysis, we found that as the density of individu-
als increases, individuals are more homogeneous, as shown by the computed
Pearson’s correlation in given Figures 7.11 and 7.12. This shows that individu-
als exhibit mass behaviours instead of behaving individually according to their
cultural background or personalities. This serves as interesting and concrete
proof of several theories on mass behaviour as discussed by Vilanova et al.
(2017); Bon (2012).
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• The obtained results are in accordance with work conducted in this area Chat-
taraj et al. (2009) in that at low densities individuals vary less in speed than at
higher densities and in other ways as described in the text.

• We think that we have found strong evidence of the fact that the cultural be-
haviours of individuals can be observed at low densities, and from this, we
can define better means to observed events in video sequences. Such cultural
behaviour is heavily impacted by the speeds at which individuals travel and
by distances maintained from others in social spaces. Temporary changes in
such behaviours are also important and will be investigated in future work.

• Finally, the crowd simulation results present “cultural findings”, e.g., main char-
acteristics of the proposed solution, that disappear at high densities. This is
important to consider when using computational applications (e.g., hazardous
simulations).

The results of this research are relevant to three practical areas related to
surveillance and computer simulations:

• Our work shows that in dense crowds, cultural and individual differences are
likely to disappear due to limited free space. Thus, the integration of cul-
tural aspects of surveillance systems for measuring pedestrian actions and
behaviours should be performed only at low and moderate densities. In such
cases, speeds and distances are important to consider in evaluating cultural
aspects.

• When simulating cultural crowds for games or movies as in Dihl et al. (2017),
one should focus on parameter variations (speeds and distances) observed at
low and moderate densities of individuals. It can be of benefit to know that at
a certain density (high), cultural factors are not as relevant as they are at low
and medium densities.

• We must note that when considering safety systems, for cases of crowd evac-
uation, our research can contribute in the sense that in dense crowds, indi-
viduals may respond in a homogeneous way, as cultural and individual factors
do not seem to interfere in such situations. However, at low and moderate
densities, individual differences can produce different results. Of course, in
the specific case of crowd behaviours, other variables are also important (e.g.,
individual training, previous knowledge of the environment, group behaviour).
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We find this to be an interesting topic of research that should be explored to
consider cultural features of crowd evacuation.

Regarding personalities and emotions, an important challenge in this area
is the comparison with real life data. In this work we successfully compared our
results with OCEAN from two specific countries (Brazil and Germany) present in
Psychological literature. As one particular aspect to be considered in behavior anal-
ysis is the context and environment in which individuals behave, we decided to ex-
clude such variations by fixing tasks that the tested populations were required to
execute. This is why we used Fundamental Diagram for pedestrians. To do that, we
performed a full experiment in Brazil to serve as benchmark to our research.

The next chapter presents the final considerations of this thesis, listing the
main contributions and the future directions of this thesis.
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8. FINAL REMARKS

The study of groups, crowds and their dynamics is not only essential for
understanding pedestrians behaviour, but also for understanding communities, cul-
tures and society itself (Forsyth, 2018). In this sense, the present thesis investigate
pedestrian and crowds characteristics, regarding personalities, emotions and cul-
tural aspects. The main goal of this research was to propose a model that could
detect pedestrian features in crowds from video sequences, allowing the compari-
son and analysis of pedestrian characteristics from different crowds or countries.

According to Forsyth (2018), because each society is unique in its tradi-
tions and culture, the groups within any given culture may display unique interper-
sonal behaviours and characteristics. The study of crowds in Computer Science
is mainly focused on entertainment and security. However, there are not many re-
search addressing the cultural aspects of these crowds. We are interested in finding
characteristics of pedestrians in crowds that are able to describe them and, in a
certain way, differentiate the population from a crowd to another.

Extracting characteristics from real pedestrians and crowds, benefiting sev-
eral other areas of knowledge, such as: architecture and design (planning spaces
to maximize pedestrian and group-environment fit and design of spaces for groups);
security and surveillance (design of evacuation plans considering characteristics of
the crowds and detection of abnormal events); entertainment (more realistic crowds
in movies and games reproducing characteristics from real pedestrians and crowds);
social sciences (understanding of human behavior), among others.

In this context, we proposed the Big-Four Geometrical Dimensions or
just Big4GD, a model containing a set of pedestrian and crowd features grouped
into four dimensions: I - Physical, II - Social, III - Personal and Emotional and IV -
Cultural. This four dimensions enclose characteristics in different levels, as pedes-
trian, group and crowd. This model is an approach to detect these dimensions at a
specific moment in a certain physical space, from the geometric point of view and not
a scientific tool for assessing cultural, personality or emotional profiles of population.

Based on geometric characteristics derived from pedestrian trajectories,
we propose a way of characterizing pedestrians and groups of individuals in crowds,
allowing the comparison of each other to find differences between one crowd and
another. Based on a series of experiments, we were able to validate our model and
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verify that our approach succeeds in extracting the information from the crowds and
their individuals.

In chapter 2 (Background) we presented a series of concepts involving
cultural, personality and emotion aspects, as well as their main classification models
used in this work. In addition, several concepts involving crowds were presented,
such as proxemics, which treats the interpersonal spaces around the individuals
when they are interacting with others in a crowd and Fundamental Diagrams, used
to analyze the relationship between density, velocity, and flow of individuals in a
crowd, which can be influenced by cultural and personal aspects.

Chapter 3 (A State-of-the-art Review) presented several related work to
what is being proposed in this thesis. As the main differences, we use in addi-
tion to controlled experiments, Computer Vision techniques in spontaneous videos
of crowds and this thesis aims to detect cultural aspects and personality traits of
pedestrians based solely on geometric characteristics instead of creating crowds
and behaviors in simulated environments using cultural aspects and personalities
as inputs.

In Chapter 4 (First and Second Dimensions: Data Extraction, Crowd Types
and Video Similarity) we presented and discussed the results obtained in the initial
steps of the geometrical dimensions model: I - Physical and II - Social. We also
presented in this chapter a metric to find out similarity between crowds in videos.
It is important because when comparing two crowds of different countries to find
cultural differences, it is necessary that they have similar characteristics, otherwise
there would probably be differences masked by the features of the places where the
videos were recorded.

Chapter 5 (Third Dimension: Detection of Personality and Emotion Traits)
was responsible for present the third dimension of Big4GD: III - Personal and Emo-
tional. We propose to detect OCEAN personality traits and compared with data
from different countries existent in the literature. In addition, based on OCEAN we
compute four traits of emotion defined in OCC model. In Chapter 6 (Fourth Dimen-
sion: Detection of cultural aspects in crowds) we presented the fourth dimension of
Big4GD: IV - Cultural. In this chapter we presented how we proceed to characterize
groups of pedestrians in video sequences and detect some cultural aspects inspired
in cultural dimensions proposed by Hofstede (2001).

Chapter 7 (Fundamental Diagram Analysis) described an experiment we
performed involving Fundamental Diagrams. We analyzed cross-cultural manifesta-
tions in video sequences from three countries: Brazil, Germany and India. As one
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important aspect to be considered in behaviour analysis is the context and environ-
ment in which individuals behave, we decided to exclude such variations by fixing
tasks that the tested populations were required to execute. This is why we used
Fundamental Diagrams proposed by Chattaraj et al. (2009). Regarding speeds, we
observed decreasing walking speeds with increasing density. From our personal
distance analysis, we found that as the density of individuals increases, individu-
als are more homogeneous, in accordance with the theories on mass behaviour as
discussed by Vilanova et al. (2017) and Bon (2012).

A big challenge in the subject of research of this thesis is the compari-
son with real life data. In this way, regarding personality and cultural aspects, we
successfully compared our results with Psychology literature, where several stud-
ies aimed to analysis human behavior. It is important to notice that, even if the
literature measured these dimensions by considering a different type of information
(subjective responses of individuals collected through questionnaires), the results
obtained from our approach using geometrical information indicate that our model
generates coherent information when compared to data provided in available litera-
ture, as shown in various analysis in this manuscript.

Concerning perception of extracted data, we performed an experiment to
evaluate if people can perceive different emotions and personalities performed by
pedestrians in crowds. The results were satisfactory, even without explaining to
the participants the concepts of each emotion or personality and how they were
calculated in our approach (considering the geometric characteristics), in all the
cases, most of the participants perceived the personality and emotion that the agent
was expressing in the video, in accordance with our approach.

In addition, as one particular aspect to be considered in behavior analysis
is the context and environment in which individuals behave, we performed an ex-
periment (Fundamental Diagram) excluding such variations by fixing tasks that the
tested populations were required to execute. In this controlled experiment, we have
found strong evidence of the fact that the cultural behaviours of individuals can be
observed at low and medium densities, i.e., in high densities individuals exhibit mass
behaviours instead of behaving individually according to their cultural background or
personalities. This serves as interesting and concrete proof of several theories on
mass behaviour as discussed by Bon (2012) and Vilanova et al. (2017).

Besides to the geometric dimensions model proposed in this thesis, our
research generated other important contributions to this area:
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i) Cultural Crowds dataset: a public dataset of videos with crowds of different
countries. Together these videos are files with tracking, pedestrian and crowd
features and geometric dimensions information; and

ii) GeoMind : we developed a software for the detection and analysis of geo-
metric dimensions Big4GD in video sequences.

Some future directions should be focused on investigating other models
of pedestrians and crowd behaviours in the literature of psychology and behavioral
sciences. In addition, we summarize a set of future work to recommend in order to
improve the proposed approach and add new possibilities to our research:

i) To evaluate the human perception about HCD: in this thesis we conducted
an experiment to evaluate the participants’ perception about the personalities
and emotions on virtual humans simulation. As a future work, we intend to
carry out a similar experiment, evaluating the participants’ perception about
the Cultural Dimensions of Hofstede and other geometric characteristics not
covered in the experiment already carried out;

ii) To perform an experiment with pedestrians regarding Big-Five: for validation
purposes, we used the Big-Five dimension values present in the literature, at
the country level (being an average of the personality dimensions of the mem-
bers of that country) and a perception analysis experiment of some dimensions
at the pedestrian level. We intend, in partnership with psychologists, to apply
the NEO PI-R personality test to participants, then divide these participants
into groups with high and low scores of OCEAN dimensions, and finally, ask
these groups to perform some behavioral tasks in the same space, allowing us
to evaluate the effectiveness of our model;

iii) To use Machine Learning techniques to detect Big-Five dimensions: Once
performing more experiments involving the application of the personality test
NEO PI-R in people and then filming them, we want to investigate the possi-
bility of using machine learning techniques to perform the detection of each of
Big-Five dimensions;

iv) To increase the video dataset : we built a video dataset names Cultural
Crowds. This dataset contains videos from crowds with different characteris-
tics. We intend to increase this dataset in both aspects, number of countries
and the number of videos from each of them. One of the major difficulties of
this work was to find a suitable set of videos to perform the experiments;
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v) To add new functionalities to GeoMind : as one of the contributions of this
thesis, we developed a software called GeoMind. This software detects the
Big-Four Geometrical Dimensions from video sequences. We intend to add
new functionalities, for example the ability to perform comparisons at different
levels, such as comparing the geometrical dimensions of crowds from different
countries or comparing all the features from two pedestrians.

In the Appendix A (Video Analysis Dataset and Applications) we present
some important contributions developed in this thesis: i) Cultural Crowds dataset, a
video dataset with crowds from various countries and Fundamental Diagram videos
from Brazil; ii) GeoMind, a software to detect and analyze the Big-Four Geometrical
Dimensions proposed in this thesis and iii) a viewer using a simulation environment
to visualize the geometrical features of pedestrians.

As the text production associated to this thesis, we presented in Appendix B
(Publications) the relation of publications obtained during the development of this
research. In addition, some ongoing work are being developed or already submitted.

As a final word, we want to mention that after all the performed experiments
and analysis, some interesting finds could be highlighted in this thesis:

i) Our main hypothesis that pedestrians behave according to their internal in-
trinsic characteristics such as personality, emotion and cultural aspects can be
observed in terms of physical and geometrical behaviours; and

ii) In terms of perceptions, people can perceive this physical/geometrical man-
ifestation of the pedestrians behavior.
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Appendix A – VIDEO ANALYSIS DATASET AND APPLICATIONS

In addition to the geometric dimensions model proposed in this thesis, other
contributions are presented in this chapter. We have built a dataset of videos with
crowds of different countries. Together these videos are files with tracking, pedes-
trian and crowd features and geometric dimensions information. In addition, we
have developed software for the detection and analysis of geometric dimensions in
videos, along with a visualizer of features.

Section A.1 presents the Cultural Crowds dataset, a database of videos
with crowds from various countries. We show how the dataset is organized. Sec-
tion A.2 is responsible for present GeoMind, a software developed in Matlab App
Designer with a simple interface to detect and analyze the geometrical dimensions
in videos. Lastly, Section A.3 presents a crowd features viewer.

A.1 Cultural Crowds Dataset

Throughout the development of this work, a series of videos of crowds
in different countries were selected with the intention to serve as a basis for the
realization of the experiments. These videos composed a dataset called Cultural
Crowds1, which consists of 88 video clips with different configurations.

These videos, lasting between 100 and 900 frames, were collected from
different public databases available on the Internet, such as Zhou et al. (2014);
Shaikh et al. (2016); Rodriguez et al. (2011). The videos were cataloged in several
classification criteria, such as: crowd density, camera angle, environment, national-
ity and type of scene.

Regarding the density aspect 〈Φ〉 (number of pedestrians p/m2), three cat-
egories were created: low, medium and high. A video falls into one of these cate-
gories based on the following:

Density〈Φ〉 =


low, when 〈Φ〉 ≤ 1.5;
medium, when 1.5 < 〈Φ〉 ≤ 4;
high, when 〈Φ〉 > 4.

(A.1)

1Cultural Crowds dataset can be accessed in http://rmfavaretto.pro.br/vhlab/datasets.php

http://rmfavaretto.pro.br/vhlab/datasets.php
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The angle of the camera represents the angle α formed by the position of
the camera relative to the crowd at the time the video was captured, also classified
into three levels: Eye-Level, Oblique and Bird’s Eye view. The characteristic of each
of these levels is illustrated in Figure A.1.

(a) Eye-Level view (b) Oblique view (c) Bird’s Eye view

Figure A.1: Video classification levels: classifications according to the angle α
formed by the camera position in relation to the crowd: (a) Eye-Level view (α < 40◦),
(b) Oblique view (40◦ ≤ α ≤ 80◦) and (c) Bird’s eye view (80◦ < α < 120◦).

The type of the environment is related to the type of environment where the
video clips were obtained. We divided the environment classification into two levels:
(i) indoor and (ii) outdoor.

Nationality represents the country in which the video was recorded, in order
to allow us to investigate different cultural aspects. The video clips were grouped
according to the crowd scenes from where they were obtained, such as crossroad,
sidewalk, running, mall, airport, stairs and escalator.

In this work, we considered only the low and medium density videos of
the database, since in high density videos finding groups of people is not a trivial
task. Regarding the angle of the camera, the videos captured with cameras in the
frontal position were disregarded. These videos were disregarded because, when
calculating the homogeneous planar projection, the error would be greater.

The videos with oblique camera angle and top were recorded with the cam-
era positioned in high places, in these videos the view of people in the crowd is from
top to bottom, suggesting a smaller error in 3D planar projection for 2D (z = 0).

After these definitions of density and camera angle, 30 videos from 11
different countries were selected, distributed as follows: 3 videos from Austria - AT,
9 videos from Brazil - BR, 5 videos from China - CN , 2 videos from France - FR, 2
videos from Germany - DE, 1 video from England - UK, 3 videos from Japan - JP,
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1 video from Portugal - PT, 1 video from Spain - ES, 1 video from Turkey - TR and
2 videos from the United Arab Emirates (Dubai) - AE. Figure A.2 shows the most
representative frames of each one of the 30 videos used in the experiments.

AT-01 AT-02 AT-03 BR-01 BR-02

BR-03 BR-04 BR-05 BR-06 BR-07

BR-08 BR-09 CN-01 CN-02 CN-03

CN-04 CN-05 FR-01 FR-02 DE-01

DE-02 UK-01 JP-01 JP-02 JP-03

PT-01 ES-01 TR-01 AE-01 AE-02

Figure A.2: Cultural Crowds dataset: some representative frames of Cultural
Crowds dataset identified by country (the two letters indicate the country and the
two numbers indicate the sequence. For example, CN-05 is the 5th video from
China).

Some of the videos illustrated in Figure A.2 are sequences recorded in
the same environments. The videos represented in Figure A.2 are identified in the
format “«xx» - «yy»”, where “«xx»” indicate the two letters who represent the name
of the country and “«yy»” is a sequence number that identifies a video from a specific
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country. To exemplify, “BR-03” is the 3rd video from Brazil and “CN-05” is the 5th
video from China.

In the next section is presented a software to perform all the analysis pro-
posed in this thesis called GeoMind.

A.2 Software GeoMind

The software, called GeoMind2 (abbreviated form of Geometrical Mind),
was developed using Matlab App Desinger. It was design to be simple and easy
to use, allowing users, with a few steps, to obtain a series of pedestrian features
from video sequences, based on tracking. Fig. A.3 shows the main window of the
software. It is possible to see the setup panel on the left side.

Figure A.3: Geomind: main window of GeoMind.

2Download and more information about how to use GeoMind can be found at
http://rmfavaretto.pro.br/geomind.
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The setup panel (left side of window in Fig. A.3) contains the input and
output configurations of the video processing:

1. Directories: the input directory must have the video frames (pictures) and
the tracking file. The output files generated by GeoMind will be stored in the
output directory;

2. Video Setup: users must specify a video name, its framerate and how
many pixels represent one meter in the video;

3. Dimensions: the features were grouped into four dimensions, accordingly
to proposed in this thesis: I - Physical with geometrical features, such as speed
and angular variation; II - Social with features related to groups and social
behaviours, as collectivity and socialization; III - Personal and Emotional with
regard to OCEAN personality and OCC emotion models; and IV - Cultural with
respect to Hofstede cultural Dimensions. The users have to select at least one
dimension to be computed and saved in the output directory;

4. Output Files: in this section, users have to select the frequency in which
the features are saved in the output files. In addition, they can check the option
“All features”, outputting a file with all available information about pedestrians;

5. Output Visualizations: users can choose how they want to generate the
information about pedestrians, as text in .txt files, as plot in charts or in a video;

6. Perspective Correction: optionally, users can use a version of the tracking
with perspective correction, reducing errors during calculations of pedestrian
positions in the video. If this correction is not necessary, just check the “Per-
spective correction no needed” option;

7. Action Buttons: once the user filled all the fields in the setup panel, he has
3 options to choose: Run to start the video processing; Reset to restore default
values for each predefined form field; and Cancel, to stop the processing in
progress.

Input Files Format

The input directory must have the video frames and the tracking file. Each
frame of the video sequence must be extracted as an .jpg picture. The frame names
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must have a sequence of six digits, starting by 000000.jpg (for example, the frame
names from a video with 853 frames should be 000000.jpg, . . . , 000852.jpg). The
tracking file (named as tracking.txt) must have the 2D positions of each pedestrian
at each frame.

The tracking file keeps the positions of each pedestrian, in the following
format: pedestrian identification P-«id», where «id» is a sequential number starting
in zero; followed by the tuple <F X Y>, indicating the frame F and the position (XY )
of that pedestrian in that frame. An example of the tracking file can be found in
Figure A.4(b). In addition, a tracking file can be used with perspective correction. In
this case, the tracking_correction.txt file must have the same format as tracking.txt.

Figure A.4 illustrates the input files needed by GeoMind. Figure A.4(a)
shows the input directory, where it is possible to see 100 frames of the video (files
000000.jpg, . . . , 000099.jpg) and the tracking files (tracking.txt, with the positions in
image coordinates and tracking_correction.txt, with positions in world coordinates,
after a perspective correction). Figure A.4(b) shows an example of a tracking file.
It is possible to see the last positions of pedestrian P-9 and the first positions of
pedestrian P-10.

(a) Input files (b) Tracking file

Figure A.4: Examples of GeoMind input files: input directory with the tracking files
and frames of the video (a) and an example of tracking.txt file (b).

In the next section we present the results and the files generated by Geo-
Mind after the video processing.
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Software Results and File Outputs

Fig. A.5 shows a video summary after the software processing. This sum-
mary is divided in five areas. Area a shows the video information, such as number
of frames, number of pedestrians and number of groups. In this area any individual
can be select to see its features (“Pedestrian 1" is selected).

Figure A.5: Geomind: video summary after video processing in GeoMind.

Area b shows an image containing the summary on the Physical features,
presenting the mean distance of selected pedestrian to the others, mean speed,
an indication if the pedestrian is part of a group or not and a plot of its speed over
time. In area c thee are the features related to the Social dimension. It shows data
about Isolation and socialization levels and a plot on the collectivity of the selected
pedestrian over time. This section also brings information about groups found in
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the video, such as: number of grouped and ungrouped pedestrians, mean size of
the groups (number of pedestrians), mean cohesion, mean area and mean distance
between the pedestrians in the group.

Area d shows the Personal and Emotion dimensions features, plotting the
emotion values and personalities (Big-Five) of the selected pedestrian in the interval
[0, 1]. Finally, area e is responsible for the Cultural features, plotting the Hofstede
Cultural Dimensions of the video. Fig. A.6 shows some examples of files generated
by GeoMind : a frame of a video with the pedestrians’ ID in Fig. A.6(a) and examples
of charts and text files with pedestrians’ features in Fig. A.6(b).

(a) Pedestrians’ ID (b) Plots and text files

Figure A.6: Examples of files generated by GeoMind : video with pedestrians ID
(a) and plots and text files with features (b).

One of the files generated by GeoMind («video»_all_features_frame.txt,
where «video» indicate the name given to the video in the setup panel at proccessing
time) can be used as an input in a visualizer tool. That visualizer tool is presented
in next section.

A.3 Visualizing Cultural Aspects

As mentioned before, one of the outputs generated by the GeoMind soft-
ware is the all_features_frame.txt file from a specific video. This file contains all the
information about each of the pedestrians present in the video at each frame. This
file serves as input to a viewer, which allows, in a simulation environment, a way of
visualizing a series of features, such as: cultural aspects, personality traits, social
aspects, emotions, socialization, isolation, collectivity, among other characteristics.
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This application3 was developed using the Unity3D4 engine, with C# pro-
gramming language. The viewer allows the users to rewind, accelerate and stop
the simulated video through a time controller, so that the user can observe some-
thing that he finds interesting several times, at any time. Figure A.7 shows the main
window of the viewer.

Figure A.7: Main window of the viewer: visualization of a file output in GeoMind
from a determined video.

This environment has three modes of visualization: (i) first-person visual-
ization, where the user can visualize what is happening in the environment from the
perspective of a pedestrian present in the video; (ii) top view, where it is possible
to observe the movement of the pedestrians through a perspective from above of
the video environment; and (iii) an oblique view, where the user can see the entire
environment. The viewer is divided in five parts, as follows:

1. Time controller: in the area 1, it is possible to see the button with the
start, stop and continue simulation playback functions, together with the frame
control bar;

3I would like to thank Victor Flavio Araujo, master student and colleague at VHLAB who developed
this viewer during his research.

4Unity3D is available at https://unity3d.com/

https://unity3d.com/
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2. Scene setup: in area 2 there are the ChangeScene and RestartCamPos
buttons, respectively, to go to the viewer’s home screen (where the user can
load the data file of another video) and restart the camera position for viewing
in first person, if it is fixed to a agent, to an initial default position;

3. Top-view cam: area 3 shows the top view of the environment, as if the user
were looking at the crowd through the top;

4. First-person cam: area 4 shows first-person view from the viewpoint of a
previously selected agent. This agent is highlighted in area 3;

5. Features panel: area 5 is responsible for the features panel, where the
users can see up to four selected agents and their features. In addition, it is
possible to activate the visualization of the data related to the emotion, social-
ization and collectivity of agents.

The visualization of agent characteristics is shown in the features panel,
illustrated in Figure A.7, area 5. This panel is hidden, only visible on the screen if
the mouse cursor passes through the lower region of the screen. In this panel, there
are three check-boxes: (i) emotion, (ii) socialization, and (iii) collectivity. The function
of these boxes is to enable and disable the visualization of these characteristics in
the agents. Figure A.8 shows all possible icons that are related to the three options.

This view consists of a set of icons that are displayed at the top of the
agents in the simulation. For example, by the time the user selects the emotion field,
icons representing the emotions (anger, fear, happiness and sadness) of each agent
are displayed on the top of each agent. This icons are displayed in Figure A.8(g-j).

Figure A.9 shows an example of a video loaded in the viewer. The viewer
allows the selection of up to four agents, which are present in the current frame, by
right clicking on the humanoids that the user wishes to select. For each selected
agent, the color of his clothes is changed and his information is fixed in the features
panel, represented by the same color of the clothes and by an identifier (for example
Agent10, who is highlighted in green).

Besides the agent identifier are the representative icons of their charac-
teristics: speed, whether the agent is walking or running in the current frame; col-
lectivity, whether the agent is collective or not; socialization, whether the agent is
sociable or isolated; and emotion, whether the agent is angry, happy, sad, or afraid.
As an example, Agent10 (highlighted in green in Figure A.9) which is running, is
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(a) Walking (b) Running (c) Socialization (d) Isolation (e) Individualism

(f) Collectivism (g) Anger (h) Fear (i) Happiness (j) Sadness

Figure A.8: Icons from the features of the viewer: possible icons shown in the
features panel from a determined agent. In (a) and (b) are illustrated the icons that
represent the speed of the agent in each frame, respectively, walking and running.
In (c) and (d) are illustrated the icons that represent whether the agent is sociable
or isolated in that frame. In (e) and (f) are illustrated the icons that represent if
the agent is collectivist or individualistic. From (g) to (f) are illustrated the icons
that indicate the emotions (anger, fear, happiness, and sadness) of the agent in the
current frame.

not a collective agent, is isolated and happy. All possible icons are presented in
Figure A.8.

Besides that, the viewer also provides a radial menu to show the features’
values of a selected pedestrian. For this, it is enough that the user clicks on the
identifier of a certain agent in the panel of features and the radial menu will appear.
Figure A.10 shows an example of the menu.

The features illustrated in Figure A.10 were presented in seven categories:
I - Speed, II - Collectivity, III - Interpersonal Distance, IV - Socialization and Isolation,
V - Hofstede Cultural Dimensions, VI - Big-Five personalities and VII - Emotions. in
that example, the OCEAN personalities of Agent6 (highlighted in red) were repre-
sented in a graphical way, considering the max value of each dimension.

In addition to viewing spontaneous videos, the viewer also have a mod-
ule which accepts videos from controlled experiments, such as the Fundamental
diagram experiment. Figure A.11 shows the visualization from a video of the FD
experiment, recorded in Brazil with 15 agents. In Figure A.11(a), the oblique view is
shown, where the user has a more general view of the experiment. In Figure A.11(b),
the first person view is shown, where the user can feel part of the experiment, with
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Figure A.9: Emotion analysis in the viewer: an example of the emotions shown in
the top of each agent. In addition, four agents were select (highlighted with different
colors), where is possible to see its features in the panel.

Figure A.10: Radial menu of features: an example of the personalities shown in
the radial menu from a selected pedestrian.

the view of one of the agents (highlighted in the top view area). In both cases, the
user can see a top view of the experiment in the upper right corner of the figures.
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(a) Oblique view (b) First-person view

Figure A.11: Visualization from a video of the FD experiment: different angle of
visualizations: (a) oblique view and (b) first-person view.

A.4 Appendix Remarks

In addition to the Big-Four Geometrical Dimensions presented in previous
chapters, in this appendix we presented other contributions of this thesis. Firstly
we presented a dataset of videos of crowds from several countries, referenced as
Cultural Crowds Dataset. The dataset was structured under several aspects, such
as crowd density (low, medium and high), camera position in relation to the crowd
(eye-level, oblique and bird’s eye), type of environment (indoor and outdoor ), scene
(crossroad, sidewalk, mall, among others) and the video nationality. All the videos
in the dataset are accompanied by tracking and feature files.

In the sequence, we presented our software called GeoMind, which serves
as a tool to detect and analyze geometric dimensions in video sequences, but mainly
to be a proof-of-concept of our model. GeoMind was built in Matlab App Designer
and presents a intuitive interface. Based on the frames of the video and the tracking
files, the software generates a series of analysis regarding the geometrical dimen-
sions proposed in this thesis.

Finally, we present the development of a crowd-cultural data viewer5, which
allows the users to analyze and extract pedestrian behavior information. With three
modes of visualizations (first-person, oblique and top view), the viewer can be use
as a complement to GeoMind software.

5As we stated before, this viewer was developed by the collaborator Victor Araujo, a master stu-
dent at VHLab and not by the author of this thesis.
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Appendix B – PUBLICATIONS

This appendix presents the relation of publications obtained during the
development of this research. Section B.1 shows a list of already published re-
searches, including conference and journal papers. Section B.2 shows a list of
submitted papers to conferences and journals without a decision by the moment
of delivery of this manuscript. Section B.3 describes a book we are finalizing the
production with Spring Nature.
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