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The importance of personal space (PS) in densely crowded situations is
commonly underestimated. However, self-awareness of PS can help pre-
vent harm and reduce risky situations. This paper explores the use of
PS as the key factor for designing simple computational models to pre-
vent crushing events. An agent-based model is developed to relate transi-
tional rules with Schelling’s spatial proximity model of segregation. An
exploratory data analysis and subsequent model validation find that the
dynamics of crowd events associated only with the individual percep-
tion of PS show significant statistical regularities between density situa-
tions. These results suggest that crushing events in densely crowded
situations are highly probable and that lower density levels are key for
delaying the onset of such disasters.
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I 1. Introduction

The dynamics of extremely dense crowds or crowd turbulence are
characterized by sudden variations that push people around, generat-
ing uncontrollable and unpredictable large-scale events [1, 2]. Such
events can be triggered by a small group of individuals in close prox-
imity to one another with no harmful intent. Unfortunately, recent
well-known events in Etah, Uttar Pradesh, India, on July 2, 2024,
during a religious event, and in South Korea on October 29, 2022,
during a Halloween celebration, showed a disturbing lack of under-
standing in preventing fatal injuries. In particular, the crowd crushing
event in South Korea occurred without an ex-ante mass panic [2].
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Contrasting with these lamentable events, there are other examples in
which overcrowding did not result in tragedy. For example, the cele-
bration of Argentina winning the soccer World Cup on December 20,
2022, resulted in an auto-organized crowd across the country without
fatal crushing events. The incidents were separated by two months
and showed completely different outputs.

We propose a theoretical approximation for modeling the dynam-
ics of crowd crushing in social gatherings based on Schelling’s model
of segregation [3, 4]. Our particular interest is in understanding the
role of the area surrounding an individual in a dense crowd—that is,
the personal space (PS)—for identifying and preventing crushing
events [5, 6, 7]. To achieve this, we use an agent-based model (ABM)
to simulate complex and emergent behaviors in densely crowded
situations.

PS can be related to studies of human behavior that consider social
cohesion as the key to understanding local interactions between indi-
viduals [6, 8]. PS can also be associated with levels of psychological
comfort or discomfort [5, 9]. Our aim is to use the idea of PS in the
ABM to generate simple local rules on a flat surface without obstacles
and identify the conditions and dynamics associated with different
densely crowded venues, such as music concerts, religious meetings
and sport events [10]. Then, if we consider PS as the principal issue to
identify and prevent crushing events in dense crowds, we can describe
the local reaction of a person to move or stay in place without exter-
nal motivations to go in a particular direction [11].

Therefore, we are interested in the following questions: What are
the density situations in which a crushing event becomes unstop-
pable? How probable are crushing events in such crowded gather-
ings? What are the perceived levels of comfort or discomfort for being
surrounded by similar people in such situations? We answer these
questions using an interdisciplinary approach. We use the idea from
sociocultural studies that each individual has a natural instinct for self-
preservation in different crowd situations [7, 12, 13]. Based on the
idea of self-preservation, we use an ABM based on Schelling’s model
of segregation to describe how individuals utilize their perceived PS,
react with each other and generate large-scale collective behaviors in
dense crowds [3].

Even though this type of ABM is not commonly used in modeling
crowd dynamics, it has the advantage of generating simple models to
study crushing events as emergent phenomena [14]. In particular,
instead of using a reducibility approach related to force-based or
pedestrian models compressed into a single formulation [15], we
apply a computational irreducibility approach in which the complex
process of crowd dynamics must be explicitly simulated or performed.
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Next, we use an exploratory data analysis and model validation to
evaluate the model outputs [16, 17]. In particular, we design an
exploratory data analysis to clarify the importance of PS and the
different density levels in situations that form crushing events. Further-
more, the model validation is intended to predict the existence of
crushing events under those initial conditions that are outside of the
realm of observed conditions [18, 19].

Then, we use a probabilistic framework based on a Monte Carlo
approximation to look for statistical regularities associated with the
dynamics of such initial conditions.

We hypothesize that fatal crushing events can happen in any cul-
tural and regional context. Fatal crushing events can be identified and
prevented based on PS. Individuals with a high tolerance threshold of
being surrounded by people in near-body proximities are more vulner-
able to being fatally crushed in overcrowded events. That is to say, if
a person tolerates the violation of their PS, the occurrence of a fatal
crushing event due to an unresponsive action is more probable. On
the other hand, individuals who have a lower tolerance threshold of
being surrounded are less vulnerable to crushing. That is, if a person
has a lower tolerance of discomfort associated with the violation of
their PS, the chance of being fatally crushed is smaller. Despite the
simplicity of PS, it can nevertheless exhibit complex behaviors in
dense crowds related to the presence of fatal or nonfatal cases of
crowd crushing. Therefore, the practical relevance of this paper is to
provide a simple way of identifying dangerous crushing events, to
communicate to attendants of dense social gatherings the higher risk
of being crushed and to prevent uncontrollable crowd turbulences
and their fatal crushing events.

The paper proceeds as follows: In Section 2, we give references to
the main studies of collective behaviors and crowds in different disci-
plines, as well as their computational approximation. In Section 3, we
discuss the programming libraries for coding, generating and analyz-
ing our ABM. In Section 4, we explain our ABM based on Schelling’s
model of segregation to describe the configuration and transitional
rules in different situations related to PS. Furthermore, we describe
computing the nearest neighbors measure, implementing different den-
sity scenarios, the procedure for the data analysis and model valida-
tion, and the initial conditions. In Section 5, we display the findings
based on the model validation and sensitivity analysis. Finally, in Sec-
tion 6, we give our final remarks and conclusions.

I 2. Literature Review

In the diverse and extensive literature related to collective behaviors,
we can identify different methods for crowd simulation and modeling.
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Following the work of Yang et al. [20] and Dang et al. [21], we agree
that there are different levels of crowd modeling, for example, micro-
scopic and macroscopic levels, and they depend on the scale of analy-
sis. To be effective, models do not have to be realistic in the sense of
describing every real-life detail, but instead have to be tools for “pro-
viding insightful explanations of known facts, and revealing the unreal
ized consequences of widely held beliefs.” [22]. Therefore, we use a
simple approximation of crowd modeling based on PS [14, 23, 24].

Important characteristics of collective behaviors include the types
of coordination and the trigger events that stress a group. In particu-
lar, studies in biology, such as flocking in birds, point out the dynam-
ics behind the effect of local actions and the formation of large-scale
patterns within groups [25]. A highlighted feature in these studies is
the efficient information transfer that prevents crushing events [26].
This is because there is enough space between each individual and
their near neighbors at the level of the group that effectively communi-
cates the sudden changes of direction to prevent any type of crushing
incident. Even if those changes were generated by warning signs of a
possible predator around the group, the group reaction is to avoid the
dangerous situation by impulsive but coordinated dispersion. There-
fore, the physical space between individuals in animal groups stands
as one key for coordinating movements to prevent crashing or crush-
ing events.

On the contrary, collective behaviors related to groups of people
show singular attributes of crowd dynamics [2, 27]. In particular, we
are interested in chaotic and wuncoordinated movements with
unknown trigger events. In this respect, there are studies that have
considered empirical and theoretical approaches to describe the
dynamics in the motions of extremely dense crowds. The work of Hel-
bing et al. [2] analyzed video recordings of the crowd disaster in the
“Muslim pilgrimage in Mina/Makkah, Saudi Arabia.” They identified
turbulent flows that are similar to earthquakes because they initiated
as sudden changes of pressure, and these changes generated unstop-
pable and chaotic movements in the crowd. In addition, the work of
Helbing et al. [10] studies the evacuation dynamics of classrooms by
experiments and simulations. They identified jamming of students at
the exit door that affected the evacuation dynamics. In this study, the
trigger event was a signal alarm shouted by the camera operator. In
addition to these findings, the study of Nakayama et al. [28] analyzed
the two-dimensional formation of pedestrian and granular flows.
They suggested the presence of instabilities in pedestrian flows.
Therefore, in this type of approximation, it is obvious by now that
the density level is another key for understanding a crowd disaster.

With respect to the method, the work of Yang et al. [20] closely
reviewed the models used in crowd simulation. They suggested that
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the presence of a mesoscopic level of modeling can improve the simu-
lation of more realistic crowds. In the same line, the work of Dang et
al. [21] extensively reviewed models of pedestrian simulation in high-
density situations. They pointed out the importance of considering dif-
ferent levels and integration models for simulating crowds. Compared
with these approaches, the work of Schelling [3] about segregation,
which we use in this study, offers an alternate simple approach for
modeling crowd behaviors.

Schelling’s model of segregation shows the fundamental principles
of individual decisions based on their self-interest and group prefer-
ence [29]. This model commonly uses the cellular automaton (CA)
framework for generating an ABM [29]. Consequently, Schelling’s
model describes crowd behaviors based on a simple psychological pro-
cess of social groups. In addition, it is worth mentioning a few studies
that use cellular automata (CAs) for modeling crowd events. For
example, the work of Fukui and Ishibashi [30] suggested the use of
CA models for understanding pedestrian flow and “the high density
crowd behavior in overcrowding places.” Moreover, the work of
Muramatsu and Nagatani [31] and Burstedde et al. [32] applied a CA
model to describe pedestrian dynamics using traffic flow dynamics.
They identified that the jamming transitions emerge from an increase
in density. These methods indicate the importance of incorporating
simple and significant factors for developing models about collective
behaviors.

There are very few published studies using PS that consider its local
effect on different groups of people. For example, Welschetal [5] used
a field-theoretical framework to show the response of violating PS,
finding that such a violation is immediate. Then, if your PS constantly
changes, there is no tolerance for violations. The work of Thompson
et al. [9] suggested the existence of a comfort or tolerance zone of
around 180-240 cm. Finally, the work of Lugo and Alatriste-
Contreras [19] used the PS concept to validate applying the classic
Moore neighborhood in the CA. They suggested that PS is a funda-
mental concept for modeling the interpersonal distance in spatial inter-
actions. These studies show the potential to complement the findings
of collective behaviors by explicitly including PS in theoretical and
empirical analyses.

These references indicate the usefulness of considering an interdis-
ciplinary approach that integrates new ideas into different scales and
methods of analysis. In particular, PS should be part of the literature
related to crowd simulation and modeling because it is a fundamental
concept for understanding crushing events. We present the materials
related to the programming libraries used in our ABM in the next
section.
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I 3. Materials

Because our ABM simulates known facts of crushing events at differ-
ent levels of density, the materials use different programming
libraries. Program code is one of the best tools for exploring the pres-
ence of simple local rules that cannot be seen in real-life behaviors to
explain complex outputs in a crowd [14, 15]. We use the Python pro-
gramming language (software version: Python 3.8.16; random seeds:
seed=42) and its third-party libraries to generate our ABM, analyze
its outputs and show its results. In particular, we used
numpy.org/NumPy, matplotlib.org/matplotlib and scipy.org/SciPy
libraries. We placed all our data, code and results in the Open Science
Framework (OSF). For a detailed specification of the programming
code, see the OSF project [33].

I 4. Methods

As mentioned earlier, we use Schelling’s model of segregation to gener-
ate our ABM [3]. Compared with complex models (some of them
mentioned in Section 2) that try to describe reality with all the details,
our proposed model identifies core assumptions and a key variable
that can represent the behavior of the system. In particular, we
assume that each individual shows self-awareness of their PS in differ-
ent crowd density scenarios. Computing the nearest neighbors mea-
sure will provide the basic information to understand and describe
crushing events in flat areas, indoors or outdoors, without physical
obstacles such as chairs, guardrails, trees or stairs and so on. There-
fore, we use Schelling’s model of segregation to trace the effects of PS
related to two types of individuals, those that are tolerant or intoler-
ant of being surrounded by similar individuals, in different levels of
crowd density.

Our ABM describes individuals who change location or stay in the
same place according to the presence of individuals with different or
similar levels of tolerance. Tolerance or intolerance is defined in terms
of PS as the individual perception of comfort or discomfort associated
with the number of surrounding individuals with a similar perception.
The model describes spatial segregation in which an individual will
change location in response to the sense of discomfort associated with
the presence of surrounding individuals, or an individual will stay in
place in response to the alignment of common preferences with
surrounding individuals. The following subsections describe the
model configuration and the individual behavior when surrounded by
others, as well as the proposed data analysis and model validation.
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I 4.1 Configuration

To build our theoretical ABM, we use the attributes of each cell and
the shape of the individual’s neighborhood as references for defining
the configuration of a matrix. In this paper, we use basic CAs for
modeling two-dimensional crowd events. CAs can represent a wide
variety of dynamic systems related to crowd modeling and its physical
and temporal scales [34]. In particular, CAs consist of a grid of cells
that can take different values and are updated in discrete time steps
based on transitional rules depending on the neighborhood of a cell
[35] (Figure 1(a)). The configuration of the grid of cells or matrix is
used to define different spatial and temporal situations; for example,
local environments related to indoor locations or large-scale move-
ments associated with transport systems [18, 19]. In this paper, the
matrix has a closed boundary that represents real-life situations in
which the crowd is limited by physical boundaries, such as walls,
buildings and natural structures. These types of boundaries are closely
related to locations and areas—indoors and outdoors—of crowd
events, such as mass gatherings and festivals.

(@) (b)

Figure 1. Configurations. (a) A simple representation of a matrix with closed
boundaries. (b) The shape of the neighborhood associated with PS. The black
cells represent the neighbors around a single cell.

Next, each individual is placed in a cell and moves or stays in place
based on the presence of surrounding individuals that occupied a cell
and their level of tolerance (Figure 1(b)). Based on Schelling’s model
of segregation, we see the emergence of collective behaviors associ-
ated with crushing events as a result of the relatively modest decisions
of individuals who act in their self-interest and group preference [29].
In this respect, we consider the concept of “psychological crowd” for
describing the presence of different groups of people within a physical
crowd linked by a clear social coherence [11, 36]. Then, in this case,
we define individuals as crowd members that identify with each other
based on their similar opinion or preference [37]. This preference can
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be associated with two values of occupied cells by individuals: “toler-
ance” or “intolerance” of being surrounded by others. In addition,
each individual shows the attribute of movement around their unoccu-
pied cells. This attribute considers the possibility of evading the
formation of a self-overpopulated neighborhood or staying with simi-
lar individuals. Therefore, each cell shows the attribute of occupied
(tolerance or intolerance) and unoccupied cell.

Let us now consider the neighborhood of an individual. In particu-
lar, we use the Moore neighborhood to describe PS (Figure 1(b)).
Because PS can be seen as a “circular area surrounding the person”
[5], the Moore neighborhood can be a good approximation for model-
ing the interpersonal distance around a person in near-body or
extremely close interactions [35, 38]. Using the Moore neighborhood
and Schelling’s model of segregation [3], we can associate the concept
of “social psychology” with crowd situations [39, 11]. In particular,
the behavior and thoughts of an individual to move or stay in place in
a crowd can be influenced by heuristics—rule of thumb for making
decisions with limited information [40]. Based on these ideas, we iden-
tify and set the number of neighbors who affect the preference of an
individual to be surrounded by their similars or move to another unoc-
cupied cell. These situations can describe the individual psychology
behind the physical reaction of a person within a crowd.

I 4.2 Rules

We now describe the transitional rules related to an individual’s
behavior based on their own self-interest and group behaviors.
Following the notation in Batty [29], we define each cell in an NxN
matrix mn«n as Cjj(#), in which each cell C shows the location (7, /) at
time £. The notation (i, ) is referred to as a tuple of values related to
the coordinates of m, and ¢ is the number of iterations for updating
m. Each Cjj(t) has the attribute of occupied or unoccupied. Occupied
cells are related to individuals who have the attribute of tolerance
Ci'=1 or intolerance Cﬁ;‘ml = 0. Unoccupied cells are defined as
Cji"o¢ = 3. The tolerance and intolerance attribute will not change as
t moves forward. The change of each individual will be in their loca-
tion (4, /) based on their neighbors. We define a neighborhood of eight
cells in which the number of neighbors related to tolerant or intoler-
ant individuals follows:

—tol —intol z :

C;/ (t) = E Ck‘,],(t) and C” ; (t) = Ck;f(t)a
kijeQ kijeQ) (1)
kij=tol kij=intol
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where k;; is a cell location occupied by an individual in the neighbor-
hood Q, and k;; shows the attribute of tolerance or intolerance.

Then, the movement of an individual is related to the number of
unoccupied cells and the number of similar individuals around it.
Therefore, we update each cell as follows:

Ci/(t +1)=
Cr, (0 if G (1) = C;j"° and C-tl-d(t) < tol_cells

elif Cy, (1) = C"* and C-;Ol(t) = tol_cells

—into 2
Cp, () if G (1) = Cj" and C;; ’ l(t) < intol_cells ©

-

elif Ck,/(t) = Cillmocc and Eiiintol

Ciy ifC ()= Cithl or Cy, () = Cl_i/_ntol

(t) = intol_cells

where Cy, (2) is a neighbor cell; C,-t/-o'(t) and C;;wl(t) are the sum of the
values of neighbors related to an individual with tolerance and intol-
erance attributes, respectively; and tol_cells and untol_cells are param-
eters for specifying different levels of tolerance and intolerance—that
is, high and medium levels. Following the ideas of Thompson et al.
[9] and Welsch et al. [5] that there is an immediate discomfort associ-
ated with a near-body or extreme close-proximity presence, we
describe equation (2) as follows. The first and second situations in
equation (2) set the rules of movement and immobility of an
individual based on the existence of an unoccupied cell and similar
individuals around it. In particular, the first and second rules describe
an individual with a tolerance or intolerance attribute that will
change their location in the neighborhood or stay in place based on
the number of available cells and the number of similar individuals
around them. The third rule describes a situation in which an individ-
ual does not move due to the lack of empty space around them.

Based on the parameters tol_cells and untol_cells, we can define
three types of criteria related to a similar number of surrounding indi-
viduals, each with different levels of tolerance or intolerance. If we
consider the Schelling model [3] with a mild threshold of 30%—indi-
viduals that are highly tolerant of being surrounded by different
ones—the dynamics of the system generate a global segregation. In
our case, tol_cells and untol_cells are related to the thresholds of 2, 4
and 7 with highly tolerant (between 25% and 30%), midpoint toler-
ant (50%) and lower tolerant (between 87.5% and 60%) individuals.

The first criterion (Algorithm 1) is related to the medium level of
tolerance and intolerance among individuals. This criterion considers
the same discomfort associated with the violation of PS for the two
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types of individuals. The particular parameters using equation (2) are
tol_cells = 4 and untol_cells = 4.

Algorithm 1. Rules for moving or staying in a place based on a similar num-
ber of tolerant and intolerant individuals.
Require: 72 = matrix
Ensure: Cj; = Occupied cell
if C;; has unoccupied neighbors > 1 then
list neighbors to move
if C;; == 1 and similar neighbors < 4 then
move new location > Tolerant
else if C;; == 1 and similar neighbors == 4 then
stay in location
else if C;; = 0 and similar neighbors < 4 then
move new location »> Intolerant
else if C;; == 0 and similar neighbors == 4 then
stay in location
end if
end if

The second criterion (Algorithm 2) uses different levels of tolerance
and intolerance. In particular, we specify tol_cells =7 for tolerant
individuals and untol_cells =4 for intolerant ones. This situation
describes the case of high levels of tolerant individuals who will move
their location or stay in place until they are almost caught by neigh-
bors. Meanwhile, there is a medium level of intolerant individuals.

Algorithm 2. Rules for moving or staying in a place based on highly tolerant
and medium-intolerant cells.
Require: 72 =matrix
Ensure: Cj; = Occupied cell
if C;; has unoccupied neighbors > 1 then
list neighbors to move
if C;j =1 and similar neighbors < 7 then
move new location > Tolerant
else if C;; == 1 and similar neighbors == 7 then
stay in location
else if C;j == 0 and similar neighbors < 4 then
move new location »> Intolerant
else if C;j == 0 and similar neighbors == 4 then
stay in location
end if
end if

The third criterion (Algorithm 3) is associated with extreme levels
of tolerance and intolerance. In particular, we specify tol_cells = 7 for
tolerant individuals and untol cells =2 for intolerant ones. This
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situation describes the case of high levels of tolerant and intolerant
individuals.

Algorithm 3. Rules for moving or staying in a place based on highly tolerant
and highly intolerant cells.
Require: 72 = matrix
Ensure: Cj; = Occupied cell
if C;; has unoccupied neighbors > 1 then
list neighbors to move
if C;; == 1 and similar neighbors < 7 then
move new location > Tolerant
else if C;; == 1 and similar neighbors == 7 then
stay in location
else if C;; = 0 and similar neighbors < 2 then
move new location > Intolerant
else if C;; == 0 and similar neighbors == 2 then
stay in location
end if
end if

| 4.3 Nearest Neighbors Measure and Density Scenarios

We compute a nearest neighbors measure using a neighborhood of 12
cells to describe the local density of people around an individual [41]
(Figure 0). In terms of PS, the nearest neighbors measure shows how
well or badly the individual manages their self-perception of comfort
or discomfort in a group behavior. For example, if one or two people
are around, the individual could well manage their self-perception of
comfort or discomfort without feeling threatened. This measure is
computed by the function cnt_neighbors (see [33]).

(@ (b

Figure 2. PS and the nearest neighbors measure. (a) The neighbors related to
the individual. (b) The neighbors associated with computing the nearest neigh-
bors measure.

The nearest neighbors measure can identify dangerous and poten-
tially fatal situations when an individual is jammed by their eight or
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12 nearby occupied cells. This measure can provide critical informa-
tion about possible crushing situations; no matter if the neighbors are
similar or dissimilar, if you are jammed by people you are in a danger-
ous location.

To explore different levels of crowd density, we incorporate differ-
ent proportions of occupied or unoccupied cells into the initial condi-
tions of a fixed NxN matrix. As mentioned in Sections 4.1 and 4.2,
we consider three types of cell attributes for specifying those propor-
tions: C};)l =1, Ci—}‘ml =0 and C}" = 3. Depending on the initial
matrix dimensions, we can set the value of each cell randomly based
on particular probabilities associated with those cell attributes.
Instead of using a uniform distribution with the same probabilities of
selecting those attributes, we generate a nonuniform random sample
(see [33]). For example, if we generate a 10x 10 matrix based on the
values of 0, 1 or 2, we can define a scenario in which there are more
occupied cells than unoccupied as (0.4, 0.4, 0.2). The first decimal is
the probability of occupied cells with the tolerance attribute, the sec-
ond decimal is the probability of occupied cells with the intolerance
attribute, and the third decimal is the probability of unoccupied cells,
(Occupied,,;, Occupied,,;, Unoccupied). Such a tuple of decimals
must sum to 1 for purposes of normalization. Then, the tuple (0.4,
0.4, 0.2) defines a density of 80% in a total of 100 cells. Therefore,
we assume three density levels that cover the most generative cases:

40% (0.2, 0.2, 0.6), 60% (0.3, 0.3, 0.3) and 80% (0.4, 0.4, 0.2).

1 4.4 DataAnalysis and Model Validation

Based on Section 4.3, we apply an exploratory data analysis to vali-
date the model [16, 42]. In particular, the exploratory data analysis
searches for trends and relationships between our nearest neighbors
measure and the density scenarios to explain public perceptions and
scientific knowledge about the crushing events. For example, how
accurate is the public perception of an increasing concern about the
dangers of overcrowded events? and how accurate is our local
measure for describing harmful effects of overcrowded events? To
determine whether our theoretical model describes the presence of
crushing events, we evaluate the dynamics of the nearest neighbors
measure based on different sets of initial conditions (not only the den-
sity scenario, but also the tolerance or intolerance parameters in the
transitional rules).

We propose a conceptual model validation in which the theory and
assumptions generate consistent and justifiable results [17]. To vali-
date our model, we use a probabilistic framework based on a Monte
Carlo approximation to look for statistical regularities associated
with the initial conditions. The presence of such regularities can
validate the initial conditions when the model output agrees with the
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observed data of crushing events. Therefore, our model validation pro-
cess supports our conclusions.

In particular, a sensitivity analysis determines the relative influence
of the initial conditions and the parameters on the model output.
We are interested in exploring which combination of those parame-
ters is related to the current public perceptions and scientific knowl-
edge of crushing events. To do this, we use the following procedure

(Figure 3).

Monte Carlo simulation

KS
goodness-of-fit test

l
KS
visual analysis

l

show results

Figure 3. Flow chart of the model validation.

We first apply a Monte Carlo simulation to test how probable the
presence of a crushing event is in certain density situations. The num-
ber of trials is set at 10 000. Then, we present a best-fit analysis of the
density levels and different parameters associated with group behav-
iors to identify the statistical distribution that best describes the data
generated. In particular, this second process uses the Kolmogorov—
Smirnov (KS) goodness-of-fit test to identify the statistical distribu-
tions that best describe the data [43]. This test compares each
realization of data with a set of theoretical distributions. In this
respect, we follow the procedure in Lugo and Martinez-Mecker [18]
and Lugo and Alatriste-Contreras [19] and use the normal, log-
normal, exponential, Pareto, Gilbrat, power law and exponentiated
Weibull as the main theoretical distributions. Then, we review the KS
test statistics and their visual representations, which are based on the
empirical and theoretical cumulative density functions of a sample.
Finally, we report our results.
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1 4.5 Initial Conditions

Based on the given processes, we explore different initial conditions
related to density levels and the tolerance or intolerance parameters in
the transitional rules. For simplicity, the total number of cells is set by
a matrix with a fixed dimension of (50, 50), that is 2500 cells. Recall
that this matrix shows a closed boundary that represents physical
obstacles to free movement. It is important to note that this analysis
can accurately represent increasing scales. Therefore, there is a consis-
tency between our theoretical assumptions, the generated synthetic
data, the public perceptions and scientific knowledge about the crush-
ing events.

As mentioned earlier, the following set of tuples is related to differ-
ent scenarios based on the proportions of tolerant, intolerant and
unoccupied cells, respectively: (0.33, 0.33, 0.34), (0.2, 0.2, 0.6) and
(0.4, 0.4, 0.2). The first scenario has a similar proportion of occupied
and unoccupied cells, the second has decreasing and similar propor-
tions of occupied cells but an increased proportion of unoccupied
cells, and the third has increasing and similar occupied cells but a
decreasing proportion of unoccupied cells.

In addition to these density levels and based on the three criteria
mentioned in Section 4.2, we are interested in the nature of relation-
ships between individuals in a group. We explore three sets of param-
eters related to tolerant and intolerant individuals. In the first set, the
discomfort or comfort associated with the violation of the PS is the
same for tolerant or intolerant individuals. In the second set, tolerant
individuals show high levels of comfort associated with the violation
of the PS. The third set shows a presence of high levels of comfort and
discomfort associated with tolerant and intolerant individuals,
respectively.

Finally, the number of iterations in each realization is fixed to 60,
as a reference to time in minutes. In particular, we assume that crush-
ing events could happen within a range of 60 minutes, in a window of
15 minutes [41, 44, 45].

I 5. Results

In this section, we present our findings and display graphical and sta-
tistical results based on the model validation. We use sensitivity analy-
sis to explore the dynamics of the nearest neighbors measure based on
different sets of initial conditions and parameters. These sets identify
the current public perceptions and scientific knowledge about the
importance of being tolerant or intolerant to similar neighbors and
the consequences of interpersonal distance in overcrowding events.
The figures display the results that draw attention to the most repre-
sentative of cases.
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Figure 4 shows the general results of the sensibility analysis that
point out the importance of density situations over group behaviors.
It seems that variations in density levels considerably affect the
dynamics that generate crushing events. For example, if we select Fig-
ure 4(a), which is characterized by the similar behavior of individuals,
we can see that increasing the proportion of unoccupied cells affects
the nearest neighbors measure showing overcrowding values. That is,
the first entry in this figure shows the lowest values of the nearest
neighbors measure. This indicates that if we control the number of
people in a crowd and give more space in which people can move with
out jamming, the probability of generating crushing is lower (see
Figure 5).

(c) Tolerance < 7; Intolerance < 2

Figure 4. Sensitivity analysis. The random seeds were set to obtain the same
initial values of the matrix. To exemplify the results of a total of 10000 real-
izations, each subfigure displays three realizations per case. Subfigures in
rows show variations in the group behaviors (tolerance and intolerance
parameters), and columns show variations in the proportion of occupied and
unoccupied cell parameters (density levels). The x axis in each subplot shows
the number of iterations, and the y axis shows the values of the nearest neigh-
bors measure based on cells of 12 surrounding neighbors. The asterisk boxes
represent the cases that we use for an in-depth analysis in Figures 5 and 6.

Now, looking at Figure 4(c), which is characterized by dissimilar
behaviors of individuals—that is, extremist positions of tolerant or
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intolerant individuals—we can see a sharp drop in the proportion of
cells with high values of the nearest neighbors measure. This result is
particularly important because it suggests that even if there is an
extreme preference for being surrounded by others, the drastic posi-
tion of being intolerant produces lower values of the nearest neigh-
bors measure. That is, the crushing events are less probable (see
Figure 5).

Columns 2 and 3 in Figure 4 display the presence of unstoppable
crushing events. All of these cases show a marked increase in values
of the nearest neighbors measure. Even if there is a similar density
between occupied and unoccupied cells, as well as the presence of
extremist preferences of being tolerant or intolerant, the values of the
nearest neighbors measure rapidly and dangerously increase. These
results suggest that crushing events are more probable than we had
thought at the beginning (see Figure 5).

0.2,0.2,0.6) 0.2,0.2,0.6)
(tolerance =< 4, intolerance < 4) (tolerance = 7, intolerance < 2)
1.0{ c=Empirical 1.0 { = Empirical
Theoretical Theoretical
08 08
E exponential E exponential
g 06 é 06
2 3
H i
204 04
3 3
02 02
0.0 + 0.0
0 2 4 6 8 10 4 6 8 10
Number of neighbors Number of neighbors
0.4,0.4,0.2) 0.4,0.4,0.2)
(tolerance < 7, intolerance < 2) (tolerance < 4, intolerance < 4)
1.0{ c= Empirical 1.0{ == Empirical
Theoretical Theoretical
08
g 06
3 Weibull min Weibull min
£ 04
02 02
0.0 0.0
2 2 6 8 10 12 2 2 8 10 12
Number o eighbors Number of neighbors

Figure 5(a). Minute 0. Best-fit analysis of four selected cases of the sensitivity
analysis at a particular given time step. Subfigures are the visual results of the
KS test (see Table 2 for the probability density functions, PDF). These results
are based on a Monte Carlo simulation of a total of 10000 realizations per
case. The subfigures show a particular time in minutes for selected cases of
the sensitivity analysis. The x axis in each subplot shows the value of the near-
est neighbors measure, and the y axis shows the likelihood of particular val-
ues of the nearest neighbors measure.
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Figure 5(c). Minute 30.
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Figure 5(e). Minute 60.
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02,02, 0.6)
(tolerance < 4,
intolerance < 4)

02,02, 0.6)
(tolerance < 7,
intolerance < 2)

0.4, 0.4, 0.2)
(tolerance < 7,
intolerance < 2)

(0.4, 0.4, 0.2)
(tolerance < 4
intolerance < 4)

(1.2886, 1.8592,
3.4566, 2.0, 6.0)

(1.2886, 1.8592,
3.4566, 2.0, 6.0)

Minute 0
(0.0210, 0.2128) (0.0210, 0.2128) (0.0210, 0.2128) (0.0210, 0.2128)
(0.0, 1.8592) (0.0, 1.8592) (118250608.8906, (118250608.8906,

-307748410.8082,
307748419.8257)
(8.0636, 7.5152,
—-21.0296,

nan, nan)

-307748410.8082,
307748419.8257)
(8.0636, 7.5152,
—-21.0296,

nan, nan)

Minute 15

(0.0209, 0.2193)
(10.8212,
~0.6161, 0.2276)
(1.7721, 1.8475,
0.5609, 0.6079,
0.5544)

(0.0128, 0.7947)
(0.8075, 2.4988,
0.0369, 8.3864)
(1.6323, 2.0853,
3.0147, 0.9311,
0.1429)

(0.0105, 0.9415)
(2.5750, 1.5102,
~0.1535, 12.1656)
(7.7941, 7.5147,
6.7816, —0.4001,
~0.6405)

(0.0125, 0.8187)
(6.7570, 2.8738,
~2.8736, 14.8900)
(7.7877, 7.5731,
4.3662, —0.4940,
~0.1378)

Minute 30

(0.0163, 0.5104)(3.4379,
173 936 740 089.8359,
~0.0697,

101457801 056.7912)
(1.7448, 1.9355, 1.1697,
1.0786, 1.7452)

(0.0152, 0.6034)
(0.8611, 2.5301,
0.0497, 8.3639)
(1.7475, 2.1736,
3.0180, 0.8789,
0.0387)

(0.0167, 0.4804)
(2.2461, 1.2968,
-0.1105, 12.1137)
(7.9017, 7.5692,
7.4954, —0.4277,
~0.6844)

(0.0124, 0.8264)
(13.0214, 2.9999,
-10.9775,
22.9707)
(7.9944, 7.6918,
4.7176, —0.7341,
0.4505)

Minute 45

(0.0149, 0.6226)(1.9387,
8943 638 380.0540,
0.0211,

9405 569749.6733)
(1.7222, 2.0600, 2.1442,
1.4363, 3.0947)

(0.0124, 0.8298)
(0.8583, 2.7209,
0.0592, 8.7588)
(1.7163, 2.1598,
3.0541, 0.9348,
0.1998)

(0.0123, 0.8328)
(2.0921, 1.1966,
~0.0934, 12.0948)
(7.9657, 7.6006,
7.8948, —0.4432,
-0.7062)

(0.0124, 0.8309)
(32.6266, 3.1779,
~35.5496,
47.5424)
(8.1350, 7.7730,
4.9671, -0.9281,
1.1044)

Minute

60

(0.0187, 0.3414)(1.5031,
2665795063 131.341,
0.0242,

3759673 881016.624)
(1.6969, 2.1441, 2.9897,
1.6313, 3.9917)

(0.0161, 0.5243)
(0.8786, 2.2031,
0.0679, 9.2604)
(1.7496, 2.1611,
3.1623, 0.9658,
0.3128)

(0.0147, 0.6449)
(2.4231, 1.2023,
~1.0739, 13.0755)
(8.1027, 7.6653,
8.1927, —0.5469,
~0.5246)

(0.0146, 0.6524)
(6159.2526, 3.3250,
~7681.2806,
7693.2654)
(8.2414, 7.8339,
5.1782, -1.0956,
1.7994)

Table 1. KS test, estimated parameters and first moments of the selected
cases. KS test: (stat, p-value), estimated parameters based on the KS test:
(parameter1, loc, scale), first moments: (median, mean, variance, skewness,
kurtosis). These results are based on a Monte Carlo simulation of a total of
10000 realizations per case.
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Name PDF
exponential f(x) = exp(-x), forx = 0
xa—le—x
gamma flx,a)= w forx=0anda>0
a—101_,\b-1
beta f(x,a,b):%,forOsxsl,a>0,b>0
Weibull minimum |f(x, ¢) = cx“! exp(-x°), for x > 0, ¢ > 0

Table 2. Statistical distributions of the Kolmogorov—Smirnov (KS) test and
their probability density functions (PDF). Name of the statistical distributions
and their PDF used for the KS test.

With respect to our fourth particular case, we can see the behavior
of the nearest neighbors measure in different time periods. Figures 5
and 6 and Table 1 display the KS test per time period related to the
nearest neighbors measure. Figure 5 reveals that there is a clear differ-
ence between the best-fit statistical distributions of the initial
conditions and the rest of the periods. It suggests a differentiated

0.2,0.2, 0.6) 0.2,0.2, 0.6)
(tolerance < 4, intolerance < 4)|(tolerance < 7, intolerance < 2)

0.4, 0.4,0.2) 0.4,0.4,0.2)
(tolerance = 7, intolerance < 2)|(tolerance < 4, intolerance < 4)

Figure 6(a). Minute 0. Nearest neighbors measure of selected cases of the sensi-
tivity analysis at a particular time. We use the matplotlib “coolwarm” palette
to display the result. From dark blue to bright red, we can see the range of
zero to 12 neighbors. These results are based on a Monte Carlo simulation of
a total of 10000 realizations per case. Subfigures show a particular time in
minutes for selected cases of the sensitivity analysis.
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behavior of individuals that produces a marked transition between sta-
tistical distributions. Furthermore, Figure 5 shows that there has been
a marked presence of the beta distribution in most of the time peri-
ods. The preponderance of these results suggests the presence of
highly skewed statistical distributions behind this type of collective
behavior.

Finally, we emphasize that the case with the lowest probability of
generating crushes is when there are dissimilar behaviors of individu-
als and a low density of unoccupied cells. This result is clearly dis-
played in row one, column two of Figures S and 6. This particular
case shows a few dispersed clusters of individuals in all periods of
time, suggesting that this particular situation delays the onset of crush-
ing events.

Therefore, it seems that the density of unoccupied cells matters the
most. An increased proportion of unoccupied cells or a lower density
is preferable to an increased proportion of individuals with extreme
preferences among them.

0.2,0.2, 0.6) 0.2,0.2, 0.6)
(tolerance < 4, intolerance < 4)|(tolerance < 7, intolerance < 2)

o B
0.4,0.4,0.2) 0.4,0.4,0.2)
(tolerance < 7, intolerance < 2)|(tolerance < 4, intolerance < 4)
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ke .
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Figure 6(b). Minute 15.
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Figure 6(c). Minute 30.
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Figure 6(d). Minute 45.
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Figure 6(e). Minute 60.

I 6. Discussion

As stated in Section 1, we want to identify situations in which a crush-
ing event is unstoppable, to show the probability of crushing events
and to differentiate the group behavior between tolerant and intoler-
ant individuals surrounded by similar neighbors. Based on our find-
ings, we reach the following interpretations.

We found that the initial density, rather than the group behaviors
of individuals that are surrounded by similar neighbors, can turn
densely crowded situations into highly probable unstoppable crushing
events. The number of unoccupied cells can diminish the presence of
crushing events. Meanwhile, the group behavior of tolerant and intol-
erant individuals conditions the development speed of crushing
events. Contrary to expectations, the sole presence of extreme prefer-
ences of being tolerant or intolerant does not ensure effective control
of crushing incidents in densely crowded situations. Therefore, our
hypothesis is partially true. This implies that differences in individual
preferences for being surrounded by people in near-body proximity
may explain the generation speed of crushes. But, unfortunately they
cannot prevent or stop them.

Our theoretical results allow us to make predictions of probable
scenarios. For example, our main findings have implications for under-
standing the dynamics behind densely crowded events. In particular,
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independently of the type and scale of social gatherings, the presence
of uncontrollable factors can cause severe personal injuries. Social
gatherings, indoor or outdoors, can represent the perfect situation for
a fatal crushing event. In this respect, controlling the density could be
the only way to prevent risky situations. Based on the sensitivity anal-
ysis, we showed that variations in the density parameter can generate
integrated and controlled crowd scenarios or segregated and crushing
patterns. Therefore, we suggest the following actionable guidelines for
crowd control professionals and nonprofessionals:

» To inform assistants about the importance of PS and crowd density for
preventing and handling risky situations.

= To inform assistants to look out every 15 minutes for any sign of stress-
ful or chaotic behavior around them.

= To organize an event in which the crowd density can be closed to 40%
of individuals and 60% of free space.

= To organize an event in flat areas with a smaller number of physical
obstacles.

It is worth mentioning that our results are based on a computa-
tional irreducibility approach instead of the well-established force-
based or pedestrian model. The pedestrian models study crowd
movements using classical mechanics—that is, systems of equations to
determine pedestrian motion. However, these models are based on a
reducibility approach, in which the output can be predicted or calcu-
lated. One of its main assumptions but, at the same time, one of its
disadvantages, is the presence of a representative agent that assumes
that all individuals behave identically. Therefore, we consider that
computational irreducibility is a better approach for determining final
outputs of complex processes—characterized by dependency to the
trajectory, emergence, nonlinearity, decentralized control, adaptabil-
ity and evolution—related to crowd disasters, because it simulates or
performs the entire process. In particular, the fact that well-
established pedestrian models do not consider exits, obstacles or direc-
tional goals in a flat environment is a limitation. In contrast, our
computational irreducibility approach has the advantage that it can
capture fundamental integrated and segregated patterns without
explicitly setting those obstacles in the code.

With specific reference to the computational efficiency or scalabil-
ity of our theoretical model, we observe stability in the processing
time of each execution per scenario. In particular, if the size of the
array increases, the processing time increases. Despite these variations
of the initial matrices, from small to large scales, the dynamics of the
system remain similar. Therefore, our model shows consistency
between the public perception and our simple modeling of crushing
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disasters. Consequently, our model is useful for the purpose of describ-
ing the effects of PS in densely crowded scenarios.

Despite these promising results, questions remain open. In particu-
lar, what are the possible cultural drivers associated with crushing sce-
narios? how do the daily interpersonal interactions affect our natural
instinct for self-preservation in different crowd situations? what are
the effective practices for communicating the risks of social gather-
ings? how can the current technology of mobile applications prevent
possible crushing events in social gatherings? Future work is needed
to generate an application for predicting fatal situations. We are con-
sidering exploring the generation of a warning signal in which every
mobile device can be used to prevent fatal crushing. Similar to the
warning signal of earthquakes, it is possible to generate a mobile
application that indicates a warning signal of probable crushing
events in real time.

In addition, it is important to generate simple and generative mod-
els that consider the presence of external factors, such as weather,
time of day and event time. These factors can explore the effects of
the generation speed of crushing events.

| 6.1 Conclusion

Based on the Schelling model of segregation, crowd crushing events in
social gatherings might show a high probability of occurrence. In this
context, personal space (PS) is a key variable for modeling densely
crowded situations. Meanwhile, density can be considered the core
element for preventing and handling risk situations in extremely dense
crowds. The best empirical situation related to our theoretical results
could be having enough space to ensure that the individual PS of atten-
dees is always free in a social gathering. This situation could reduce
the risk of crushing events. If this condition is not feasible, there are
high probabilities of harmful incidents and fatal crushing events.
Therefore, every person should be aware of the high risk of attending
events in extremely dense crowds.
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