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Abstract

Cellular Automata have successfully been successfully applied to the modeling and simulation of pedestrian and crowd
dynamics. In particular, the investigated scenarios have often been focused on the evaluation of medium-high population
density situations, in which the motivation of pedestrians to reach a certain location overcomes their tendency to naturally
respect proxemic distances. The global COVID-19 outbreak, though, has shown that sometimes it is crucial to contemplate
how proxemic tendencies are emphasized and amplified by the affective state of the individuals involved in the scenario,
representing an important factor to take into consideration when investigating the behaviour of a crowd. In this paper we
present a research effort aimed at integrating results of quantitative analyses regarding the effects of affective states on the
perception of distances maintained by different types of pedestrians with the modeling of pedestrian movement choices in a
cellular automata framework.

Keywords Cellular automata - Pedestrian simulation - Experimental data - Affective state modeling

1 Introduction

The perception and evaluation of interpersonal distances,
especially mutual distances between different people, is a
relevant topic for many disciplines and decision making
activities, ranging from psychology, to crowd management,
to architectural design. In general, designing a model
regarding this particular aspect of interpersonal relations is
relevant and useful whenever it is needed to study and
understand the way pedestrians move throughout an envi-
ronment in situations where their comfort zones may be
threatened.

The concept of proxemic distances introduced by the
anthropologist and cross-cultural researcher Hall (1966)
describes how people perceive space differently when
interacting with others, with their behaviour heavily
influenced by internal (e.g., age, gender, emotions) and
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external factors (e.g., the environment, culture, existing or
absent relationships with the other person or people
around).

And, among the afore-mentioned external factors, the
global pandemic of COVID-19 virus certainly contributed
to impact and change even more how people approach
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others, modifying the way distances are perceived not only
according to the different regulations that every country
implemented to deal with the outbreak, but also according
to the fear of being infected (interacting in a non trivial
way with regulations limiting the number of people in
indoor environments). The topic of proxemic distances has
become even more relevant for scientific investigation,
although typically pedestrian models are adopted and tai-
lored to situations in which medium-high densities are
quickly reached and easily accepted by pedestrians, since
their motivations and goals (e.g., the need to employ a
public transport facility in order to reach their workplace)
have a much heavier weight against what would be their
natural tendencies in maintaining their comfort.

Pedestrian dynamics, just as it happens for the study of
interpersonal distances, have always been of interest for
multiple disciplines, and they have been investigated from
different points of view throughout time. The Cellular
Automata(CA) modelling approach is one of these views,
where the spreading of emotions and the evaluation of
proxemics have also been investigated. Works concerning
the introduction of emotions and affects (Wang et al. 2022;
Li et al. 2017; Saifi et al. 2016; Bandini and Manzoni
2006) and proxemic distances (Was et al. 2006, 2012;
Bandini et al. 2020) in Cellular Automata models are
already present in the literature, but the majority of the
presented works tend to mainly involve established emo-
tional models coming from psychology (Ekman 1992;
Ortony et al. 1990; De Raad 2000), already presented
proxemic theories (Hall 1966) and well-grounded Cellular
Automata concepts (Burstedde et al. 2001), with changes
in the pedestrians’ behaviour that are only dictated by ad-
hoc formulas designed by the different researchers
approaching the problem, generally with the aim of fitting
fundamental diagrams from design manuals or experi-
mental observations (Schadschneider et al. 2009) or other
data about aggregated pedestrian dynamics typically at
medium-high levels of density. What is missing, in these
cases, is the utilization of information about actual mea-
surements regarding distances and their perception by the
individual, acquired through experiments carried out more
recently than the pioneering work of Hall and, more
importantly, with real people involved in different tasks
and situations. Moreover, considerations that can be
obtained from these times of global pandemic are also
important to be brought on board, since such conditions
influencing pedestrian behaviour and dynamics would have
been impossible to even conceive only a few years ago but
have now a practical relevance.

This is why, in the work here presented, we try focusing
our efforts on investigating the influence of affective states,
intended as states containing a measure indicating how a
person feels when faced with a particular situation,
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influenced both by internal factors related to the person
himself/herself and external ones tied to the environment in
which the person is. In particular, this preliminary inves-
tigation involves pedestrian proxemic tendencies, basing
the modeling of these states on data collected from an
experiment performed with human subjects rather than
relying only on theories presented in the literature.

Our aim is to investigate pedestrian dynamics with a
focus on the proxemic behaviours of people influenced by
different affective states, investigation carried on through
the modeling of a 1-dimensional and a 2-dimensional
Cellular Automata. In order to do this, data acquired from
an online experiment involving the perception of proxemic
distances in the COVID-19 era (Gasparini et al. 2021) are
analysed to gain knowledge about how pedestrians with
different affective characteristics handle distances from
others. Moreover, the work here presented concerns itself
with low density simulations, to effectively see how
pedestrians modify their behaviour given different affec-
tive factors without having crowding mechanics overpower
their natural proxemic tendencies as they move inside the
environment.

The following paper, which is an extension of a work
previously presented at the ACRI 2022 conference (Ban-
dini et al. 2022), is structured as such: Sect. 2 gives a brief
overview regarding the matter of pedestrian simulation as
addressed in Cellular Automata research; Sect. 3 shows
and explains the online experiment from which the data
used in the modeling came from; in Sects. 4 and 5 the
formal models of the 1D and 2D CA respectively are
presented, together with some preliminary results obtained
through simulations carried on with the NetLogo simula-
tion tool; lastly, Sect. 6 presents the conclusions drawn
from the work.

2 Background

Pedestrian dynamics have always been investigated from
different points of view and in different research areas, and
the Cellular Automata approach is surely widely used,
tackling different aspects of it.

The flow of pedestrians (Nowak and Schadschneider
2012), for example, has always been one of the main
focuses of this kind of research, with many different works
investigating crowd dynamics (Sirakoulis 2014; Lubas
et al. 2016; Feliciani and Nishinari 2016 with Cellular
Automata to study how pedestrians move, especially in
order to observe and study the high variety of collective
phenomena that wusually manifest when considering
crowds (Schadschneider et al. 2002).

Multiple aspect of crowd dynamics are usually consid-
ered when studying pedestrians. An example can regard the
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trajectories (Lovreglio et al. 2015) pedestrians adopt when
moving around with a certain destination in mind, or how
groups organize themselves when moving (Crociani et al.
2018), since it very common for groups of pedestrians to be
present inside a much larger crowd and the way these
smaller groups behave and interact with the others as they
move influence the behaviour of the entire crowd. There
has also been interest in investigating particular crowd
dynamics, like the flow on bidirectional pedestrian walk-
ways (Blue and Adler 2001; Weifeng et al. 2003) or the
process of navigation during evacuation events (Lu et al.
2017; Guo and Huang 2008), in which the effects of con-
flicts for space between pedestrians have to be taken into
high consideration for the effects that friction and clogging
have on the evacuation itself (Kirchner et al. 2003).

When investigating pedestrian behaviour, also, individ-
ual differences are an important aspect to be taken into
consideration, since a crowd is composed of potentially a
lot of different individuals that are going to move and act
very differently to the same, presented circumstances. For
example, there is the possibility of people moving at dif-
ferent speeds (Bandini et al. 2017), having particular
interactions with vehicles (Li et al. 2012) and adopting
different proxemic behaviours when dealing with personal
space (Was et al. 2006, 2012; Ezaki et al. 2012; Bandini
et al. 2020).

Emotions and affects, nowadays, are also starting to get
more and more attention and consideration due to the
important part they play in people’s behaviour and actions,
leading to being introduced into these kinds of models.
Some works adopting a Cellular Automata approach to the
modeling of pedestrian dynamics show preliminary
attempts of integration of emotions and their implica-
tions (Wang et al. 2022; Li et al. 2017; Saifi et al. 2016),
mainly following the same theoretical approach. In fact, if
there are many example about how works on pedestrians
flow often find their base on fluid dynamics or on well-
grounded Cellular Automata concepts (Burstedde et al.
2001), with changes in the pedestrians’ behaviour dictated
by ad-hoc formulas, these works implementing emotions
and affects in Cellular Automata stem from notorious
emotion models and theories well illustrated in psychology
literature (Ekman 1992; Ortony et al. 1990; De Raad
2000).

3 Affective state design: data
from experiments

In order to parametrize affective states inside the CA
models according to real data, we first started working on
data coming from a previously executed online experiment.
The experiment was carried out with the aim of studying

how distances perceived as comfortable varied in COVID-
19 times, investigating both different types of people and
different circumstances in which proxemic distances could
be applied.

The experiment was made public through an Altervista
platform in the period between 27/12/2020 and 18/01/
2021," and it involved 80 Italian subjects whose only
requirement for the study was not to have previously
contracted COVID-19, so that we could analyse the
answers of participants that feared the virus without having
contracted it. The population age varied between 16 and 92
years old and, regarding demographics, 44 of them were
women and 25 of them were elderly (i.e., aged 65 and
older).

The designed procedure was composed of two main
phases, where the first one focused on questionnaires aimed
at gathering information about the participant while the
second one proposed the active part of the experimentation,
in which the subjects were involved in different instances
of a figure-stop activity inspired by previous studies (Dosey
and Meisels 1969).

In the figure-stop activities, subjects were presented an
avatar, chosen in respect of their indicated gender and age
group, positioned on the left side of an environment. They
were then asked to move their character along a line, which
presented a metric measurement just below it, and towards
another figure, of the opposite gender and age group,
positioned at the other side of the environment. Their
objective was to move closer to the other figure and stop
the second they sensed that shortening the distance even
more could make them uncomfortable, keeping the mea-
sure under the line as reference (Fig. 1).

This activity was proposed for a total of eight time
during the experiment, with changes regarding the envi-
ronment the participants had to move their avatar into (an
indoor one, a restaurant, and an outdoor one, a park) and
the presence or absence of masks on both the moving
figure and the still one, which led to the creation of four
different configurations where: (1) the subject’s avatar and
the other avatar both had a mask on, (2) only the subject’s
avatar had a mask on, (3) only the other avatar had a mask
on and (4) no avatar had a mask on.

This experiments allowed us to gather the following
interesting findings, directing our attention on which fac-
tors to take into consideration for the modeling:

e Women appear to choose larger distances in compar-
ison to men;

e Older people appear to choose larger distances in
comparison to younger people;

! It is relevant to mention the precise period since the perception of
COVID-related risk changed significantly according to trend in the
number of infections.
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Fig. 1 One of the figure-stop
activities performed by the
participants

e The presence or absence of masks and fear of contagion
appear to highly influence the selected distance;

e Age appear directly correlated to the level of fear;

e Sociality levels appear inversely correlated to the level
of fear.

Given the information gathered from the trials, then, we
decided to include inside the CA modeling the parameters
that proved to be influencing the proxemic behaviour of the
considered population. Following the findings mentioned
above, then, the factors inluded in the modeling effort were
the following:

e Age. Referred to the age of the participants that were
divided into four groups: young, young-adult, adult and
elderly;

e Gender. Referred to the gender of the participants, the
questionnaire contemplated only the male and female
options;

e Mask condition. Referred to the usage or non-usage of
masks during the activities. In the modeling, both the
mask condition of the person and the mask condition of
the other person in range are involved;

e Internal and External Sociality. Referred to the sociality
levels of the participants inside and outside their homes.
The internal sociality indicates with how many people
the person lives, while the external sociality indicates
how many people the person usually meets when
outside;

e Fear of Contagion. Referred to the intensity of fear of
contagion the participants have, depending on how
much the virus and the possibility of becoming infected
scares them.
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3.1 Mood parameter

As some parameters extracted from the experiment were
easier to directly insert inside the CA modeling, we decide
to pay particular attention to how to insert the data
regarding sociality and fear of contagion. Specifically, we
decided to combine the Internal Sociality (IS), External
Sociality (ES) and Fear of Contagion (CF) levels in one
single measure, defined as the person’s Mood.

In order to proceed with this integration, the following
procedure was followed.

Firstly, a mood measure created as a linear combination
of the three measures IS, ES and CF was proposed and
defined as:

moodMeasure = o, IS + f x ES + 7 « CF (1)

To obtain the proper coefficients of this combination, then,
a Particle Swarm Optimization (PSO) technique (Kennedy
and Eberhart 1995) was applied on the data coming from
the online experiment.

The chosen fitness function was the Pearson Correlation
Coefficient (PCC) between the distances chosen by the
subjects and the moodMeasure defined by Eq. (1), previ-
ously transformed using a polynomial monotonic function
to take into account the eventual non-linear mapping
between distances and the described factor composed of
fear and the two sociality variables. A threshold was then
applied to binarize the moodMeasure in order to obtain the
two levels for the person’s mood, neutral and scared,
whose calculation brought the former to be associated to
shorter adopted distances and the latter to longer adopted
distances.
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This process was executed two different times, in order
to address males and females separately because of the
experimental findings. Given how these two populations
expressed a relevant difference in how to approach prox-
emic distances, with females often choosing larger dis-
tances in comparison to man, such difference had to be
taken into consideration when investigating the correlation
of the aforementioned parameters with the selected
distances.

3.2 Hall’s space and distance parameters

After integrating the sociality and fear parameters, then, we
could shift our focus on another issue regarding how to
treat all of the different distances the participants recorded
while performing the figure-stop activities of the experi-
ments. Given the variety in the distances the subjects
chose, in order to have their recorded characteristics linked
to the adopted proxemic distance, it was decided to go and
map the acquired measures with their respective Hall’s
space (Hall 1966). This choice was taken in order not to
have a certain combination of parameters correspond to a
specific distance in meters.

In this case, the Hall’s Space for a certain person is
determined by looking at all the personal parameters we
cited before, such as gender, age, mask condition and
mood, together with the mask condition of the other person
in range. Sociality levels and fear of contagion are not
explicitly included in the process because they are already
present in this selection process since, as it was explained
in the previous subsection, the mood maintains information
about all three parameters that were used to calculate it.

Every combination of the four aforementioned param-
eters leads to a different set of weights influencing the
probability of each Hall’s space being picked. The results
analysis of the online experiment, in fact, led to discover
how people seemed to choose every space with different
tendencies as those parameters were kept into considera-
tion, and thus such information was to be taken into
account when selecting a value for the selected Hall’s
space of the person. Once these weights have been iden-
tified, then, one of the Hall’s spaces is selected by weighted
choice.

As the Hall’s space is picked, then, another information
is obtained. Because every Hall’s space has a certain lower
and upper bound, in fact, choosing a certain space also
binds to a certain set of possible distances to be adopted. In
the particular case we describe, the person’s distance is
chosen at random between the upper and lower bound of
the selected Hall’s space.

4 Focusing on linear distance: 1D CA model

We are firstly going to describe the simplest CA that can be
used to model the experimental scenario described in sec-
tion 3 in the most natural way possible. In order to keep the
model as simple as possible, the affectivity has been
embedded into the local rules. As a matter of fact, intro-
ducing it inside the CA state set would have produced a too
complex design with respect to the considered scenario.

This approach leads us to have a family of different
Cellular Automata since the local rule depends on the value
m, which is the minimum distance the moving person can
have from the non-moving person in the environment. This
happens because the m value is derived from the affective
states of the two people involved in the situation described
by the CA. In particular, the moving person’s information
derived from the experiment and the other person’s mask
condition are used to select a Hall’s space with a certain
probability, which gives the upper and lower bound for the
m value to be randomly selected between them. The scale
of discretization is of course important: traditionally, CA
based pedestrian models employ 40 cm sided cells (Bur-
stedde et al. 2001) and we also considered this as a base-
line value for the model.

The involved one-dimensional CA are then triples
(S, r, /) where the set of states S = {0, 1,2}, the radius
r€N and the local rule f:S¥*! — S are defined as
follows.

As far as any cell of the one-dimensional lattice is
concerned, states 0, 1,2 correspond to an empty cell, a cell
containing a moving person and a cell containing a resting
person, respectively.

The radius r of the CA assumes the value of the ceiling
of m, the minimum distance we described before, and this
could lead us to two different CA classes.

When m is an integer, the CA radius is r = m and the

local rule f is defined for any (a_,,...,aq,...,a,) € §**!
as follows:
o ifay=2,
f(d,r, <o do,y .- .,Cl,~) = do,
o ifay=1,
0 ifaj=...=a,=0
0 if30<i<rs.t.(a;=1Va;=2)ANa_; =0
flaryar) = O :
ap if(a,=1Va,=2)ANa;=...=a,_1 =0

ap if30<i<rst(a;=1Va;=2)A(a_;=1Va_;=2)

L4 ifa(): 0,
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flazr,.;ar)
ag ifa,=a,=0
ag ifag=1Nay=...=a,=0
=< ap ifa,=1Aif30<i<rst (gs=1Va =2).
1 ifa,=1Naj=...=a,1=0
1 if 3l<i<rst (ai=1Va=2)ANa; =1

When m is not an integer, on the other hand, the CA radius
is r=[m]. The local rule f is defined for any
(a_,,...,a0,...,a,) € S¥*1 as specified before, except for
the following case:

L4 ifa():l,

f(a,,, <o doy - .,Clr)

=0if (a,=1Va,=2)ANay=...=a,_ =0.

As usual, the lattice is a one-dimensional array of cells
where every cell is associated with a certain state from
S. Moreover, the state of each cell is updated at every
discreet time step by the local rule f on the basis of its own
state and the ones of both its r-neighbouring cells on the
left and on the right.

The second CA class we described causes an oscillatory
movement in the CA dynamics, since the moving person
finds himself/herself switching from a position where it is
still far enough from the other to a position where it is
already too close to the other, which is absent when the CA
with r = m are considered.

4.1 Implementation and results

After the formalization of the cellular automaton was
concluded, we then proceeded to try and simulate the
automaton transition function through the NetLogo plat-
form (Wilensky 1999), designing the interface that is
reported by Fig. 2. NetLogo represents a reasonable
choice, since it is sufficiently expressive to provide an
effective rapid prototype of a simulator based on the
introduced modeling approach, and achieve results to be
analysed in reasonable situations (in terms of size and
complexity) (Bandini et al. 2009).

The simulation allows the user to choose different
options for the setting, such as the environment of the
experiment, the gender and age of the main moving
pedestrian and the mask configuration for both the moving
and the resting person, basically following the specification
highlighted in the online experiment to obtain the same
condition in the in-vitro simulation involving the
automaton.

Since every parameter is easily set and visible
throughout the entire execution of the simulation, the
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different colours are used to differentiate the two types of
pedestrians presented in the simulation: the one highlighted
in red on the left is the moving person, while the one
coloured in blue is the resting person. Just like it happened
in the online experiment, the moving person is always
setup to be on the left of the resting person, and the only
modification regards the place in which it gets set up: the
positions of both pedestrians are, in fact, randomly selected
before the simulation can be started, with each of them
being in one specific half of the environment.

Given how the simulation is built in order to feed on the
data and the information gathered from the experiment,
reproducing the same situations proposed during the online
trials performed by human participants, the CA behaviour
mirrors the one already observed. The conditions on the
moving and on the resting pedestrians are the same that
were implemented in the experiment, so that we could see
if the transition function of the CA worked to correctly
show what we were expecting after analysing those results.

The only notable difference from the online experiment
lies in how the moving person behaves in the case r = [m],
regarding the oscillatory behaviour described in the for-
malization. This behaviour was not shown in the experi-
ment, given how space was treated differently, but it is well
described by the transition function defined for the CA.

The 1D CA model presented here represented both a
first step towards the more general 2D case that will be
described in the following, but it can also represent a
starting point for the estimation of the space required for
queues in situations (such as pandemic outbreaks) in which
pedestrians are not just ordered to stay at a distance but
they might also have an endogenous push to increase the
distance from the others.

5 Generalizing on planar environment: 2D
CA model

The two-dimensional CA we are going to introduce is
based on a rectangular lattice L= {0,....M — 1} x
{0,...,N — 1} representing the discretization of the real
space, where M and N are the horizontal and vertical sizes
respectively. Periodic boundary conditions are applied to
L so that it can be viewed as a two-dimensional discrete
torus.

For any cell x € L and any h, the h-radius Moore
neighborhood of x is defined as:

Nu() = {y € L: [[x—yll,. <h}

where || - ||, is the usual infinity (or maximum) norm.

The set of  states of  the CA is
S =DIR x AS X G x AG x M U {o}, where o is the state
assigned to empty cells (i.e., in which there is no person)
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Fig. 2 The user interface of the NetLogo model used for the 1D CA
simulation. The parameters introduced in Sect. 3 that proved to be
influencing the proxemic behaviour can be controlled by the NetLogo
interface. In particular, the parameters regulating the environment,

while a tuple from the cartesian product is the state
assigned to cells containing a person. The sets involved in
the cartesian product are defined as follows:

DIR = {0,1,...,8} is the set of the possible moving
directions for a person. Namely, numbers from DIR
refer to the following direction vectors: vy = (0,0),
V) = (1,0),\/2 = (1, 1),\/3 = (O, 1), V4 = (—1, 1),V5 =
(—1,0), Ve = (—1, —1),\/7 = (07 _1)7V8 = (1, —1) In
this way, 0 concerns a resting person, while every other
value j € DIR with j # 0 refers to a person at a certain
position x € L with a moving direction vj;

G = {male,female} is the set of the genders of a
person. Given the data that were collected, we only
involved the male and female options without including
more genders;

AG = {y,ya,a,e} is the set of age groups a person
could belong to (y = young, ya = young-adult, a = adult,
e = elderly);

M = {on,off } is the set of the possible settings for a
person as far as a mask is concerned, i.e., the values
specifying if the person wears a mask or not.

IS ={0,1,2,3} is the set identifying the levels of
internal sociality of a person, related to the interactions
initiated when inside the house;

ES={0,1,2,3} is the set identifying the levels of
external sociality of a person, related to the interactions
initiated when outside of the house;

FC =1{0,1,...,8} is the set of fear of contagion levels
a person could have, regarding the person’s fear of
COVID-19 and of the contraction of the disease;

pedestrian’s sex, pedestrian’s age and the masks for both the moving
and the non-moving person are the ones influencing the setup of the
simulation

e MD = {neutral,scared} is the set of the so-called
moods of a person, instantiated as previously described;

We point out that, unlike the case of the 1D CA model, the
affectivity details are now included inside the set of states
of the CA, since we want to model more complex situa-
tions contemplating people with different characteristics
moving together inside a two-dimensional environment.
With an abuse of notation, for any state s € § and any
i€{l,...,8}, s; will denote the i-th component of s
whenever s # o.

This way, the CA configuration is a map c: L — S
associating every cell x € L with a state ¢(x) € S. There-
after, regarding the dynamical evolution of the CA, for
every t € N, any x € L and every i € {1,...,5}, ¢, ¢'(x)
and cf(x) will denote the CA configuration at time 7, the
state of the cell x inside ¢’, and the (c’(x));, i.e., the i-th
component of ¢(x), respectively. The radius of the CA, on
the other hand, is the value r € N defining the largest set
N,(x) of positions that a person located in any cell x € L is
able to detect and observe around himself/herself.

Regarding its evolution, the considered CA is non
deterministic. Because of this, in order to describe its
dynamical evolution {c'},.y starting from any initial
configuration ¢ € S*, we will illustrate how the configu-
ration ¢’ at time 7 is transformed by the CA into the con-
figuration ¢'*! at time ¢ + 1.

Before proceeding we point out that, in our model, one
time step corresponds to 0.33 s which, in addition to also
considering 40 cm sided cells, leads to a walking speed of
about 1.2 metres per second, which is in line with typically
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observed values (Gorrini et al. 2016). Moreover, each time
step consists of three different stages.

During the first one, for any time ¢ € N the configura-
tion ¢’ is transformed into the intermediate configuration d’
in such a way that Vx € L, Vi # 1, d!(x) = c}(x). In other
words, only the direction of every cell x containing a
person may change during this stage.

For any cell x € L with ¢'(x) # o, the value d(x)is
computed as follows. Firstly, the cells
y € Ny(x) s.t. ¢'(y) # o, i.e., containing a moving or rest-
ing person, are identified. Then, according to the values
ci(y) with i € {2,...,8} (i.e., the components of the state
of the neighboring people previously detected), the mini-
mum possible distances between the person at cell x and
each of them is determined through an appropriate func-
tion. Such distances are computed taking into account the
affective information of the person in cell x and the mask
condition for the person in cell y. These information are
used to designate a probabilistic distribution weighting the
selection of a certain Hall’s space, then proceeding to
randomly select an m distance between the upper and lower
bound of the drafted space as we previously described for
the 1D CA.

This process results in a subset D(x) C {1,...,8} of
possible directions the person at x could adopt for their next
movement. Namely, j € D(x) if and only if the person,
moving alongside the direction vj, is not going to get nearer
to the other people in cells y € N,(x) that are already at a
smaller distance than or on the edge of the distance m
computed between them and the person at x. Once D(x) has
been computed, we have two different cases; in the first
one, when D(x) = {), it holds that ! (x) = 0, corresponding
to the person at cell x not move; in the second one, when
D(x) # 0, di(x) gets randomly chosen from D(x), corre-
sponding to the person standing at x moving in the selected
direction. In this way, d’(x) has been defined.

Then, the second stage manages possible conflicts. In
fact, it may happen that, referring to the configuration d',
for a certain empty cell x there exist at least two non-empty
cells y' and y* belonging to its neighborhood N (x) where
there are non-null d|(y') =k' and d|(y*) =k* with
k', k*> € DIR such that x = y! +vu = y> +ve. In other
words, there are two people in two distinct cells whose
directions d/(y') and d!(y*) would move them into the
same empty cell x. The configuration d’ is then transformed
into another intermediate configuration ¢’. When a conflict
is found, every person involved in it, with the exception of
a randomly chosen one, has their direction set to O,
blocking their movement.

Finally, the third stage allows getting ¢'*! from e'.
Namely, this step describes the movement of each moving
person from a cell x towards the adjacent one identified by
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the moving direction of the person in e/ (x). This behaviour
is formally expressed as:

if ¢'(x) = o,
() = {e’(y) if 3y € Ni(x) s.t. x =y + v with k = € (y)
e'(x) otherwise ’
- ife'(x) # o,

1y o if ef(x) #0
T {ef<x> |

otherwise

5.1 Implementation

Just as it was done for the 1D CA model, the implemen-
tation for the 2D CA model was carried out employing
NetLogo.

The model allows the user to set the preferred envi-
ronment to observe during the simulation (indoor or out-
door, as presented in the online experiment) and to set the
initial density for both the moving people and the non-
moving ones. The maximum density that can be set for
both type of people is 10%, so that the total population
density in the environment will never exceed 20%. This is
aligned with our intention of utilizing low densities for
these trials.

The moving pedestrians inside the simulation have been
modeled to roam inside the environment by random walk,
using a built-in NetLogo function to randomly select one of
their allowed directions to plan their next step. Also, given
that the data acquired through the experiment pointed how
the distances selected by the participants were not only
influenced by their personal parameters but also by the
mask condition of the other person they had to get close to,
every pedestrian computes two different preferred dis-
tances: one to be maintained from masked people, and the
other to be maintained from non-masked people.

Monitors allow the user to have under control the
quantities of the pedestrians on screen together with the
indication of the current automaton range considered and
of how many times a moving person found himself/herself
unable to move around due to it being surrounded too
closely by others. For an easier visualization, the moving
people are represented by circles and the non-moving ones
by squares. With the same purpose, masked pedestrians are
identified by the color white while the non-masked
pedestrians are shown with the color red, as it is shown in
Fig. 3.

Regarding possible conflicts and collisions, a clarifica-
tion needs to be made: in our specific case, as this is only a
preliminary simulation of the model, it is not contemplated
that two moving pedestrians could find themselves walking
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Fig. 3 The user interface of the NetLogo model used for the 2D CA simulation. This time, the parameters regulating the environment and the
densities of moving and non-moving pedestrians are the ones influencing the setup of the simulation

to and standing on the same patch. This is given by the fact
that, as it was mentioned before, we intended to work with
low crowd density inside the environment and, moreover,
because the behavioural rules we implemented actively
keep the pedestrians far from each other. They move
around, but always keeping into consideration that they
have to avoid others in order to remain comfortable. The
combination of these two factors lead the pedestrians to
remain at a distance from others and never actually occu-
pying the same space out of necessity, for example. A
generalization of the model here proposed, without the
clear limitations introduced regarding density and pedes-
trians’ behaviour, should then be able to properly address
conflicts for space and avoid collisions. There are already
some approaches, in the literature, that could be adopted in
order to deal with this issue, like the one presented in
Kirchner et al. (2003) regarding friction.

5.2 Preliminary results

Tables 1 and 2 show some preliminary results obtained by
making the 2D simulation run for 500 timesteps at a time,
each time with different pedestrian densities as initial
configurations, contemplating both an outdoor and an
indoor environment. The main objective of the performed
simulation was to observe the crowd movements around a
limitless environment, with no goal or destination to
pursue.

A note about the pedestrians and bystanders number has
to be given: it was previously shown how the densities of
moving people and non-moving people inside the simula-
tion can be set separately, in order to set them differently
for different trials, but in this case we kept them equal so
that, summed up, they could reach the densities that are
reported into the table. Nevertheless, it can be seen how the
moving and still people numbers recorded in the various
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Table 1 Table showing the

. Outdoor environment
percentage of pedestrians

remaining stuck for each Population density (%) Moving Still Pedestrians stuck per timestep (mean)
timestep in simulation
performed with different initial 1% 12.22 11.80 0.07 (0.60%)
densities in the outdoor 5% 63.56 65.02 21.46 (33.76%)
t

environmen 10% 123.07 129.77 75.99 (61.74%)

15% 179.26 194.08 135.86 (75.79%)

20% 23391 260.89 191.89 (82.04%)
Table 2 Table showing the I -

. ndoor environment

percentage of pedestrians
remaining stuck for each Population density (%) Moving Still Pedestrians stuck per timestep (mean)
timestep in simulation
performed with different initial 1% 12.13 12.98 0.07 (0.58%)
densities in the indoor 5% 63.02 65.61 21.03 (33.38%)
environment 10% 12401 13232 76.85 (61.97%)

15% 177.48 194.81 132.27 (74.52%)

20% 236.28 260.03 192.23 (81.36%)

experiments are different: this happens because they are
derived from the way the environment itself is set up, since
every empty patch randomly chooses a number than, if
smaller than the density set through the slider, allows them
to spawn a turtle representing a person.

As we can see from the data, as the pedestrian density
inside the environment grows, the number of events
recording how a moving person find himself/herself stuck
grows rather quickly, a detail that is clearly visible when
looking at the percentage indicating the mean of moving
people recorded as still per timestep. The percentage values
reached even with a density of only 20%, which is still not
considered a high population density in terms of crowding
of a space, indicates how, despite the environment not
being too cramped up for people to move around into, the
distances set by the affective state of every person are held
in high regard and prevent the pedestrians from moving
around when others are perceived too close to allow
movement.

Another interesting information about the results, more
clearly seen in Table 3, is that there are very few differ-
ences in percentages of people stuck per timestep when
looking at these values and comparing the two analysed
environments, indoor and outdoor. As the percentage deltas
show, in fact, the values recorded for the outdoor and
indoor simulations only slightly vary as the population
density grows, something that highlights how people do not
seem to have adopted radically different behaviours and
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distances at the environment change. However, this could
be due to the fact that the data we based our models on
come from an online experiment, in which the environ-
mental change was not as felt as it could have been in an
in-vivo experiment.

Despite being gathered from a preliminary 2D simula-
tion based on data coming from an experiment in a 1D
environment, the results here reported can be already
regarded as quite promising in terms of observing how
affective states modify pedestrian behaviour. The affective
state we modeled inside the CA effectively influences the
pedestrians’ choices, driving them to get farther from
people too close to them and making them stop the moment
every choice regarding direction they could take would
only make them uncomfortable. Of course, the present
model has limits: on the one hand, any discrete modeling
approach presents an intrinsic discretization error, and this
is proportional to the size of cells. Nonetheless, if we
consider the fact that we are naturally investigating situa-
tions in which density is limited, both by the regulations
and by the endogenous tendencies of pedestrians, the
results are already useful for estimations of the implica-
tions of affective states in situations similar to the COVID-
19 outbreak, especially in outdoor situations or in large
premises (e.g. transport stations). Discrete models adopting
finer discretization scales exist (see, e.g., Fu et al. (2016))
and their adoption could be investigated in smaller scale
scenarios, without altering deeply the adopted approach.
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Table 3 Table showing the delta difference between the percentages of pedestrians stuck for each timestep in the outdoor environment and in the

indoor one

Population density Outdoor percentage of pedestrians stuck per ts.

Indoor percentage of pedestrians stuck per ts. Percentage delta (A)

(%) (%) (%) (%)
0.60 0.58 — 0.02
5 33.76 33.38 —0.38
10 61.74 61.97 + 0.23
15 75.79 74.52 - 1.27
20 82.04 81.36 — 0.68

Negative values of deltas are reported in bold, while the positive one in italic

6 Concluding remarks

In the work hereby presented, an extension of our previous
work (Bandini et al. 2022), we describe the approach we
took in order to tackle the problem of introducing affective
states inside Cellular Automata modeling by starting from
realistic data, coming from experiment performed with a
human population, rather than starting from theoretical
frameworks and emotional paradigms already studied in
the literature of both psychology and pedestrian simulation.

We proceeded to show the 1D and 2D Cellular Auto-
mata models we designed in order to address the matter,
illustrating how data coming from a previously executed
online experiment was used in order to insert the concept of
affective states inside the models. Simulations showing
both of the models through NetLogo were then presented,
together with results deriving from some preliminary
simulations that highlighted the effects of affective states
influencing proxemic distances on pedestrians’ behaviour.
The obtained results already show how the approach has
promise, although in need for further investigation and
validation in order to understand if the models, especially
the 2D one, provide a correct generalization of real crowd
phenomena.

With this being a preliminary approach to the matter of
introducing affective states into a modeling effort, there are
numerous directions in which to pursue this work.

For example, a direction could regard the investigation
of more experiments performed to study pedestrian beha-
viour, in order to see if it is possible to also use other types
of data to model the affective states to be introduced in the
models. Moreover, more experiments could also be the
source of investigations regarding more types of pedestrian
interaction: in this work, in fact, only the pedestrian-
pedestrian interaction was taken into consideration, but
vehicles and obstacles can also be found while walking
inside an environment. Because of this, pedestrian-obstacle
and pedestrian-vehicle interactions can be studied in order
to gather more insight on pedestrian behaviour in those
particular instances.

Moreover, another road to take into consideration would
be the one proposing the experiment here presented to
other populations, also in other countries, in order to gather
more data to better generalize the obtained results and to
further analyze differences between people derived, for
example, from culture.

Then, a transition towards agent modeling is also to be
contemplated, as we started to do in another works (Ban-
dini et al. 2022; Gasparini et al. 2021): with the 2D CA
model, in fact, as other works in this same research area,
we focused on the behavioural rule for the single cell rather
than on the local rule used for the 1D model, which is a
method near to the concepts of agent modeling. Shifting
towards this approach would also help us manage more
easily the heterogeneity intrinsically present in the simu-
lation. Moreover, it would be interesting to evaluate the
practical possibility to employ Reinforcement Learning
approaches embedding results on affective states and their
implications, for instance in the state and reward function,
to learn the rules of pedestrian behaviour rather than coding
them (an approach investigated, for instance, in Vizzari and
Cecconello (2023)).

One aspect to be carefully considered in the evolution of
this research is the potential tension between the recon-
ciliation among measurements that can be quite precise and
the presence of a discretization, which intrinsically intro-
duces limits to the possibility to fine tune distances among
pedestrians. On the one hand, results presented here rep-
resent a useful baseline, on the other approaches adopting
finer discretization scales (see, e.g., Fu et al. 2016) should
be investigated to understand if the current scale of dis-
cretization represents a real limit.

Author contributions The involved authors contributed equally to the
composition, the drafting and the revision of this paper.

Funding Open access funding provided by Universita degli Studi di
Milano - Bicocca within the CRUI-CARE Agreement. This research
is partially supported by Fondazione Cariplo, for the project
LONGEVICITY-Social Inclusion for the Elderly through Walkability

@ Springer



S. Bandini et al.

(Ref. 2017-0938). Daniela Briola and Giuseppe Vizzari carried out
this work within the context of MOST-Sustainable Mobility National
Research Center and received funding from the European Union
Next-Generation EU (Piano Nazionale di Ripresa e Resilienza
(PNRR) - Missione 4 Componente 2, Investimento 1.4 - D.D. 1033
17/06/2022, CN00000023). Stefania Bandini and Francesca Gasparini
carried out this work with the co-funding of the European Union-Next
Generation EU, in the context of The National Recovery and Resi-
lience Plan (PNRR), Investment Partenariato Esteso PE8 “Con-
seguenze e sfide dell’invecchiamento”, Project Age-It (Ageing Well
in an Ageing Society). This manuscript reflects only the authors’
views and opinions, the funding agencies cannot be considered
responsible for them.

Availability of data and materials Not applicable.

Code availability Not applicable.

Declarations

Conflict of interest The authors have no competing interests to
declare that are relevant to the content of this article.

Ethical approval The experiment here presented was performed after
an ethical committee approval, in compliance with the Ethical
Committee of the University of Milano-Bicocca (protocol number
0071919/21).

Consent to participate Not applicable.
Consent for publication Not applicable.

Open Access This article is licensed under a Creative Commons
Attribution 4.0 International License, which permits use, sharing,
adaptation, distribution and reproduction in any medium or format, as
long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons licence, and indicate
if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless
indicated otherwise in a credit line to the material. If material is not
included in the article’s Creative Commons licence and your intended
use is not permitted by statutory regulation or exceeds the permitted
use, you will need to obtain permission directly from the copyright
holder. To view a copy of this licence, visit http://creativecommons.
org/licenses/by/4.0/.

References

Bandini S, Manzoni S (2006) Towards affective situated cellular
agents. In: El Yacoubi S, Chopard B, Bandini S (eds) Cellular
automata. Springer, Berlin, Heidelberg, pp 686-689

Bandini S, Manzoni S, Vizzari G (2009) Agent based modeling and
simulation: An informatics perspective. J Artif Soc Soc Simul
12(4):4

Bandini S, Crociani L, Vizzari G (2017) An approach for managing
heterogeneous speed profiles in cellular automata pedestrian
models. J Cell Autom 12(5):401

Bandini S, Crociani L, Gorrini A, Nishinari K, Vizzari G (2020)
Unveiling the hidden dimension of pedestrian crowds: introduc-
ing personal space and crowding into simulations. Fundam
Inform 171(1-4):19-38

Bandini S, Briola D, Dennunzio A, Gasparini F, Giltri M, Vizzari G
(2022) Integrating the implications of distance-based affective

@ Springer

states in cellular automata pedestrian simulation. In: Cellular
automata: 15th international conference on cellular automata for
research and industry, ACRI 2022, Geneva, Switzerland,
September 12-15, 2022, Proceedings. Springer, pp. 259-270

Bandini S, Briola D, Gasparini F, Giltri M (2022) Furthering an
agent-based modeling approach introducing affective states
based on real data. In: Proceedings of twelfth international
workshop on agents in traffic and transportation (ATT@IJCAI-
ECAI). CEUR, pp 124-136

Blue VJ, Adler JL (2001) Cellular automata microsimulation for
modeling bi-directional pedestrian walkways. Transp Res Part B
Methodol 35(3):293-312

Burstedde C, Klauck K, Schadschneider A, Zittartz J (2001)
Simulation of pedestrian dynamics using a two-dimensional
cellular automaton. Phys A Stat Mech Appl 295(3-4):507-525

Crociani L, Zeng Y, Vizzari G, Bandini S (2018) Shape matters:
modelling, calibrating and validating pedestrian movement
considering groups. Simul Model Pract Theory 87:73-91

De Raad B (2000) The big five personality factors: the psycholexical
approach to personality. Hogrefe & Huber Publishers,
Newburyport

Dosey MA, Meisels M (1969) Personal space and self-protection.
J Personal Soc Psychol 11(2):93

Ekman P (1992) An argument for basic emotions. Cognit Emot
6(3-4):169-200

Ezaki T, Yanagisawa D, Ohtsuka K, Nishinari K (2012) Simulation of
space acquisition process of pedestrians using proxemic floor
field model. Phys A Stat Mech Appl 391(1-2):291-299

Feliciani C, Nishinari K (2016) An improved cellular automata model
to simulate the behavior of high density crowd and validation by
experimental data. Phys A Stat Mech Appl 451:135-148

Fu L, Song W, Lv W, Liu X, Lo S (2016) Multi-grid simulation of
counter flow pedestrian dynamics with emotion propagation.
Simul Model Pract Theory 60:1-14

Gasparini F, Giltri M, Briola D, Dennunzio A, Bandini S (2021)
Affectivity and proxemic distances: an experimental agent-based
modeling approach. In: Proceedings of the Italian workshop on
artificial intelligence for an ageing society 2021, vol 3108.
CEUR, pp. 81-92

Gorrini A, Vizzari G, Bandini S (2016) Age and group-driven
pedestrian behaviour: from observations to simulations. Collect
Dyn 1:1-16

Guo R-Y, Huang H-J (2008) A modified floor field cellular automata
model for pedestrian evacuation simulation. J Phys A Math
Theor 41(38):385104

Hall ET (1966) The hidden dimension. Anchor books, New York

Kennedy J, Eberhart R (1995) Particle swarm optimization. In:
Proceedings of ICNN’95-international conference on neural
networks, vol 4. IEEE, pp 1942-1948

Kirchner A, Nishinari K, Schadschneider A (2003) Friction effects
and clogging in a cellular automaton model for pedestrian
dynamics. Phys Rev E 67(5):056122

Li X, Yan X, Li X, Wang J (2012) Using cellular automata to
investigate pedestrian conflicts with vehicles in crosswalk at
signalized intersection. Discret Dyn Nat Soc. https://doi.org/10.
1155/2012/287502

Li X, Guo F, Kuang H, Zhou H (2017) Effect of psychological tension
on pedestrian counter flow via an extended cost potential field
cellular automaton model. Phys A Stat Mech Appl 487:47-57

Lovreglio R, Ronchi E, Nilsson D (2015) Calibrating floor field
cellular automaton models for pedestrian dynamics by using
likelihood function optimization. Phys A Stat Mech Appl
438:308-320

Lu L, Chan C-Y, Wang J, Wang W (2017) A study of pedestrian
group behaviors in crowd evacuation based on an extended floor


http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1155/2012/287502
https://doi.org/10.1155/2012/287502

Distance-based affective states in cellular automata pedestrian simulation

field cellular automaton model. Transp Res Part C Emerg
Technol 81:317-329

Lubas R, Was J, Porzycki J (2016) Cellular automata as the basis of
effective and realistic agent-based models of crowd behavior.
J Supercomput 72(6):2170-2196

Nowak S, Schadschneider A (2012) Quantitative analysis of pedes-
trian counterflow in a cellular automaton model. Phys Rev E
85(6):066128

Ortony A, Clore GL, Collins A (1990) The cognitive structure of
emotions. Cambridge University Press, Cambridge

Saifi L, Boubetra A, Nouioua F (2016) An approach for emotions and
behavior modeling in a crowd in the presence of rare events.
Adapt Behav 24(6):428-445

Schadschneider A, Klingsch W, Kliipfel H, Kretz T, Rogsch C,
Seyfried A (2009) Evacuation dynamics: empirical results,
modeling and applications. In: Meyers RA (ed) Encyclopedia
of complexity and systems science. Springer, Heidelberg,
pp 3142-3176

Schadschneider A, Kirchner A, Nishinari K (2002) CA approach to
collective phenomena in pedestrian dynamics. In: International
conference on cellular automata. Springer, pp 239-248

Sirakoulis GC (2014) Cellular automata for crowd dynamics. In:
International conference on implementation and application of
automata. Springer, pp. 58-69

Vizzari G, Cecconello T (2023) Pedestrian simulation with reinforce-
ment learning: a curriculum-based approach. Future Internet
15(1):12

Wang G-n, Chen T, Chen J-w, Deng K, Wang R-d (2022) Simulation
study of crowd dynamics in pedestrian evacuation concerning
panic contagion: a cellular automaton approach. Chin Phys B
31:060402

Was J, Gudowski B, Matuszyk PJ (2006) Social distances model of
pedestrian dynamics. In: International conference on cellular
automata. Springer, pp 492-501

Was J, Lubas R, Mysliwiec W (2012) Proxemics in discrete
simulation of evacuation. In: Sirakoulis GC, Bandini S (eds)
Cellular Automata—10th international conference on cellular
automata for research and industry, ACRI 2012, Santorini Island,
Greece, September 24-27, 2012. Proceedings. Lecture Notes in
Computer Science, vol 7495. Springer, Heidelberg, Germany,
pp 768775

Weifeng F, Lizhong Y, Weicheng F (2003) Simulation of bi-direction
pedestrian movement using a cellular automata model. Phys A
Stat Mech Appl 321(3-4):633-640

Wilensky U (1999) NetLogo. Center for Connected Learning and
Computer-Based Modeling, Northwestern University, Evanston,
IL. http://ccl.northwestern.edu/netlogo/

Publisher's Note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.

@ Springer


http://ccl.northwestern.edu/netlogo/

	Distance-based affective states in cellular automata pedestrian simulation
	Abstract
	Introduction
	Background
	Affective state design: data from experiments
	Mood parameter
	Hall’s space and distance parameters

	Focusing on linear distance: 1D CA model
	Implementation and results

	Generalizing on planar environment: 2D CA model
	Implementation
	Preliminary results

	Concluding remarks
	Author contributions
	Funding
	Open Access
	References


