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Abstract—The virtual humans behaviors can be endowed with
different levels of intelligence and their action/motion can present
more or less realism. In this scope, it is still a challenge to
create, in an automatic and easy way, virtual humans that move
and behave in a way that seems natural. Cultural aspects and
population differences can produce deviations in speed, density
and flow of the crowd. These aspects can be observed in videos
of different Countries and certainly it can produce more realistic
agents, if incorporated to simulation models. This paper presents
a methodology to generate virtual humans which trajectories are
based on real life video sequences, and in addition we considered
Hofstede Cultural Dimensions (HCD) to map cultural differences.
The method is tested in a set of real environments, but can be
scaled for any environment that have video sequences and tracked
human trajectories for training..

I. INTRODUCTION

Modern technologies have provided greater realism in
computer games/simulation. However, most of the such en-
vironments still need to better reflect the real world. In
particular, most Non-Playable Characters (NPCs) are limited
by a restricted range of trajectories, defined by the game
designers. This aspect, relevant in background population,
when unrealistic, can make the game boring for the players.
Moreover, background characters are typically programmed by
game designers in a process that requires many resources, is
very time consuming and can be quite tedious. One way to
deal with this problem is using data coming from real life
in order to guide virtual humans behaviors. This data can be
obtained from real videos and crowd analysis concepts.

Indeed, crowd/human analysis is a phenomenon of great
interest in a large number of applications. Surveillance, enter-
tainment and social sciences are examples of areas that can
benefit from the development of groups analysis. Currently,
with the progress on video processing and computing tech-
nology systems, it is possible to develop algorithms to detect
and identify groups and to compute crowd features in video
sequences. Many works in the literature deal with different
applications for example, counting people in crowds [1],

[2], abnormal behavior detection [3], [4], group and crowd
movement and formation [5], [6], [7], [8] and detection of
social groups in crowds [9], [10], [11], [12]. Most of these
approaches are based on personal tracking or optical flow
algorithms, and normally consider as features speed, directions
and distance over time.

However, there is an important attribute that can influence
personal behavior affecting the group that the individual be-
longs. Chattaraj et al. [13] suggest that cultural and population
differences can produce deviations in speed, density and flow
of the crowd. In their work, authors discuss the fundamental
diagrams used in planning guidelines [14], [15].

Using a different approach, Hofstede [16] in his most
notable work has developed cultural dimensions theory. He
described national cultures along six dimensions: Power
Distance, Individualism, Uncertainty avoidance, Masculinity,
Long Term Orientation, and Indulgence vs. restraint.

Therefore, the main goal of this paper is to propose a way to
generate individuals behaviors based on Cultural dimensions
from Hofstede [16] and applied trajectories from real video
sequences. It is not the first time computer vision and games
are related. As presented by Freeman et al [17] in 1996, ”the
appeal of computer games may be enhanced by vision-based
user inputs”. Certainly it was the case of last decades with the
usage of computer vision in interfaces.

This paper is organized as follows: Section II describes
the literature review on the topic of the cultural influence
in groups and crowds, the work presented by Hofstede and
the virtual humans behaviors. In the Section III, we presents
how the features are obtained and mapped to be applied in
virtual humans control. The proposed model is presented in
Section IV, while experimental results and final considerations
are discussed in Section V.

II. RELATED WORK

The cultural influence can be regarded in crowds attributes
as personal spaces, speed, pedestrian avoidance side and group



formations [18], and many work ([19], [20], [5], [12]) are
focused on the identification of groups using computer vision.

Ge, Collins and Ruback [20] detect small groups of indi-
viduals who are walking together. The groups are obtained by
bottom-up hierarchical clustering using a generalized, sym-
metric Hausdorff distance defined with respect to pairwise
proximity and velocity. In the work proposed by Chandran,
Poh and Vadakkepat [12] a non-recursive motion similarity
clustering algorithm is proposed to identify pedestrians trav-
eling together in social groups. People tracking is performed
through background subtraction technique using the Mixture
of Gaussians approach. Solera et al. [9] propose a new
algorithm for the group detection by clustering trajectories and
solving it through a parametric correlation clustering trained
by a Support Vector Machine (SVM).

These methods aim mainly to detect social groups from
videos of crowds. Other works, in addition to detecting the
groups, also analyze their behaviors [11]. However, groups
detection is not trivial in very crowded videos [5], [6], fo-
cusing the works only on crowds behavior. Zhou et al. [6]
have proposed a descriptor of collectiveness and its efficient
computation for the crowd and its constituent individuals. The
Collective Merging algorithm [6] detects collective motions
from random motions.

Our idea is to characterize the virtual agents mapping
Hofstede’s Cultural Dimensions (HCD) theory [16], [21] using
information captured from crowds real video sequences, as
proposed by Favaretto [22]. Thus, we can model virtual
human groups having different characteristics as mapped using
Hofstede. A similar idea, however using computer simulation
and not focused on computer vision, is proposed by Lala et
al. [23]. The authors introduced a virtual environment that
enables the creation of different types of cultural crowds with
which the user may interact. They use Hofstede’s dimensions
to create a simulated crowd from a cultural perspective.

III. GENERATING BEHAVIORS BASED ON HOFSTEDE
CULTURAL DIMENSIONS

In this paper, we proposed to use Hofstede’s Cultural
Dimensions (HCD) theory [24] based on information cap-
tured from real video sequences and then to apply captured
characteristics in virtual humans behavior. Indeed, HCD is
a framework for cross-cultural communication, developed by
Geert Hofstede. It describes the effects of a society’s culture
on the values of its members, and how these values relate
to their behaviors. Hofstede executed a large survey study
regarding the difference of national values across worldwide
subsidiaries of a multinational corporation: he compared the
answers of 117,000 IBM matched employees samples on the
same attitude survey in different countries. The goal of their
research was to find out data about National Culture, which is
related with the value differences between groups of nations
and/or regions. Hofstede and his collaborators proposed a 6-D
model for Dimensions of national cultures:

1) Power distance index (PDI): this dimension is defined
as “the extent to which the less powerful members of

organizations and institutions accept and expect that
power is distributed unequally.”.

2) Individualism vs. collectivism (IDV): This index ex-
plores the “degree to which people in a society are
integrated into groups.”.

3) Uncertainty avoidance index (UAI): This index is de-
fined as “a society’s tolerance for ambiguity”.

4) Masculinity vs. femininity (MAS): In this dimension,
femininity is defined as “a preference for cooperation,
caring for the weak and quality of life.”.

5) Long-term orientation vs. short-term orientation (LTO):
a high degree in this index (long-term) views adapta-
tion and circumstantial, pragmatic problem-solving as a
necessity.

6) Indulgence vs. restraint (IND): This dimension is es-
sentially a measure of happiness. Indulgent societies
believe themselves to be in control of their own life and
emotions. Please refer to [16], [21] for more details.

Using real crowd videos from different places we obtained
a set of features, and use that to characterize the virtual human
groups. To obtain these features we applied the methods
presented by Favaretto et al [22]. In this work, the authors
presented a methodology to characterize information about
groups of people with the main goal of detecting cultural
aspects. Based on tracked pedestrians, groups were detected
and characterized. Group information was then used to find
out Cultural aspects in videos, based on the Hofstede cultural
dimensions theory. The work was tested in videos of pedestrian
groups recorded in different countries and results seemed
promising in order to identify cultural aspects in the filmed
sequences. Based on the work developed by Favaretto and
collaborators, we could calculate the HCD for each video
sequence. These values are given by pdi representing the
Power distance index, the mas that is the Masculinity vs.
femininity, lto that is the Long-term orientation vs. short-term
orientation and finally the ind that represent the Indulgence vs.
restraint of the groups. The remaining dimensions IDV and
UAI were not used in [22], so in this first approach we also
discarded such parameters, that certainly must be included in
a future work.

Our idea was to use the inverse functions presented by
Favaretto et al. [22] to determine the mean distance, mean
cohesion, mean angular variation and mean speeds (me-
ters/frame) according to the videos and so applying that
features on virtual crowds. Our hypothesis is that we are able
to generate coherent virtual human simulation, if compared
with a originated video sequence (HCD values).

Once we have the values for pdi, ind, lto and mas extracted
from video sequences, we applied the equations proposed
in [22] as well as the maximum values, in order to estimate
the following data to simulate the groups in the crowd. so, for
each group g to be simulated:

• Mean distance (meters) is given by d̄g = ((100 −
pdi).(1.2)/100),

• Mean speed (meters/frame) is given by s̄g =



Fig. 1. The group features are obtained applying the approach presented by
Favaretto et al [22]. On the top: the input image and heads detection, and on
the bottom: the people detection and tracked trajectories.

(ind.1.4/100),
• Mean angular variation is given by ᾱg = ((100 −
lto)/100), and

• Mean cohesion of the group is given by γ̄g = (((100 −
mas) ∗ 3)/100).

Based on these simple equations, we generated d̄g , s̄g , ᾱg

and γ̄g for each group g to be simulated. Next section shows
how we use this data and the trajectories from video sequences
to generate virtual humans.

IV. APPLYING HCD TO THE VIRTUAL HUMANS

We use the method proposed by Alcantara et al. [25] to
control the virtual agents based on video sequences. In the
case of this work, we included the HCD parameters to control
the groups behaviors.

Firstly, the number of agents and groups are created in two
possible ways: the first one makes such definition according
to the input video (using the method proposed in [25]), i.e. the
number of agents and groups corresponds exactly to the data
provided in the video sequence and extracted using computer
vision. The second possible way is the direct definition based
on input parameters (in a input txt file used as script).

Secondly, trajectories from the filmed sequence can be used
to define initial and ending positions, as presented in [25]

or again it can be provided in the input file to guide the
simulation. In the first case, we consider an individual trajec-
tory as a set of positions ~Xi in 2d world with F elements,
representing the F frames of motion duration. The set of
trajectories in a specific video sequence is used in order to
learn the existent patterns. In fact, the individuals trajectories
extracted from video sequences are used to defined the set
of possible movements the agents will apply in the virtual
environment. In the second option, initial and ending positions
are interpolated to generate possible trajectories, in this case
totally disconnected from the filmed sequence.

Agents and groups are created according to the input
information. So, for a specific agent a, associated to a group
g, we select a set of of possible moves (MOVa) considering
a chosen specific trajectory Equation 1:

MOVa =

F−1⋃
f=1

{∆ ~Xf
i }, (1)

where ∆ ~Xf
i = ~Xf+1

i − ~Xf
i . this represent the basic

motion each agent is going to apply. In addition to that, the
HCD parameters are taken into account in order to provide
parameters for simulations. Specifically for each group g: d̄g ,
s̄g , ᾱg and γ̄g . Next sections detail the process of creation and
simulation of agents.

A. Creating Virtual Agents

Firstly, we define the initial agent a attributes as follows:

• Identity (ida) is the unique value that identifies the agent
a;

• Group (ag) is the group that agents a is part;
• Movement possibilities based on possible trajectories
MOVa (as defined in Equation 1).

Once we have the groups and agents, their attributes and
trajectories defined, we used the HCD parameters to guide the
behaviors. Firstly, the mean distance d̄g and mean speed s̄g
should be applied as a function of time for the agents present
in group g. It is easily regulated computing the initial speeds
in order to achieve the expected mean value and sharing initial
positions and goals for each agent into group g. In the same
way, the orientation ᾱg is applied randomly among the agents
from group g. The standard deviation was empirically chosen
from 0% to 10% of maximum values for each attributes.

To represent the Cohesion, as proposed in [22], we included
a simplified version of Reynolds Boids [26] to make agents
from the same group trying to match their parameters, i.e. the
mean speed. Although agents speed are initialized in order
to achieve the expected mean distance, during the simulation
we can re-compute that to consider the cohesion. Indeed,
agents try to reach the mean speed (by reducing the standard
deviation) in their individual speed. How much the agents try
to achieve the average is proportional to the group cohesion
level, so the higher cohesion determines agents trying to have
exactly the same speeds.



V. PRELIMINARY RESULTS AND FINAL CONSIDERATIONS

We developed an application using Unity to read a short
video and based on the tracked information, extract HCD
data as well as its trajectories. The experimental results have
essentially two stages, the video analysis and the simulation
that generates groups/individuals simulation

As an input to our method, the Cultural Crowds [22]
dataset was used. It consists of 33 crowded video clips from
different countries. Some videos were manually acquired by
the authors while others come from public datasets, like
Collective Motion [27] and Data Driven Crowd [28], selected
from Getty Images [29].

The Figure 2 illustrates the proposed method, related to the
real video sequence UKN-03. In this case, we use the trajec-
tories coming from the real video (Figure 2(a)), and number
of agents and groups coming from input script(Figure 2(b)).
In the real video, there are 20 agents and 6 groups, mean
speed and mean distance among agents from the same groups
are 0.88m/s and 0.74m, respectively. The data originated in
the simulation are: 88 agents, 24 groups, with mean speed of
0.88m/s and mean distance of 0.77m. Later, a visualization
of the agents was generated (Figure 2(c)).

This is an ongoing work and further analysis of cultural
results is still in development. For the evaluation, the videos
should be quantitatively compared to the respective simulation
in terms of HCD parameters, according to [22]. However, the
qualitative assessment of results is still on going, since we
are planning to measure if the human perception about HCD
cultures is valid on virtual humans simulation. This is the
future work.
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