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Abstract

This work investigates crowd dynamics in evacuation scenarios by incorporating the effects of emo-
tional contagion. We develop a hybrid modeling framework that couples a mesoscopic kinetic approach
for pedestrian motion with an agent-based model describing emotional interactions. Each individual
adapts their emotional state based on the average emotion of nearby agents, which in turn affects
their walking direction and speed. Numerical simulations, conducted using a Monte Carlo particle
method for the kinetic motion model together with an agent-based scheme for emotional contagion,
examine three representative scenarios: calm crowds without contagion, fully emotional crowds, and
mixed populations. The results show that emotional contagion intensifies congestion and significantly
increases evacuation times. The proposed dual-scale model provides a first step toward a comprehen-
sive representation of panic dynamics, offering new insights into the interplay between motion and
emotion, with potential applications to crisis management and safety design.

Keywords: crowd dynamics; hybrid modeling; emotional contagion; kinetic theory; agent-based
simulation; emergency evacuation

1. Introduction

Human crowd dynamics play a crucial role in public safety management, particularly during
emergency evacuations where individuals must rapidly adapt to stressful and uncertain conditions.
As density increases, interactions among pedestrians become highly nonlinear, intertwining physical
motion with cognitive and emotional responses. In such situations, emotional contagion can spread
rapidly through the population, altering decision-making processes and generating emergent collective
patterns that cannot be captured by purely mechanical models. These phenomena underscore the need
for advanced mathematical frameworks that integrate both physical displacement and socio-emotional
dynamics within a unified multiscale perspective.

Mathematical models of crowd dynamics are commonly categorized into microscopic, mesoscopic,
and macroscopic descriptions [1,2]. Microscopic models explicitly track individuals, resolving their
positions, velocities, and behavioral states. Classical examples include the Social Force Model (SFM)
[3] and Cellular Automata (CA) [4], which have been successfully applied to evacuation dynamics
[5] and pedestrian counterflows [6]. These approaches have been further extended to incorporate
cognition, mutual influence, and panic effects. For instance, Xu et al. quantified collective disorder in
the SFM using mutual information [7], while the ASCRIBE cognitive—emotional framework has been
coupled with the SFM to study panic propagation [8]. CA-based models have also been enhanced
using game-theoretical rules to represent decision-making and herding behaviors during evacuation
[9].

Macroscopic (hydrodynamic) models describe pedestrian motion at the collective scale through
conservation laws inspired by fluid mechanics [10]. These models have evolved to include rational
path optimization and multiscale interactions [11]. More recently, macroscopic formulations have been
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coupled with epidemiological models to explore the interplay between human mobility and disease
transmission [12].

Mesoscopic or kinetic models bridge the microscopic and macroscopic scales. In this framework,
pedestrians are treated as active particles whose state includes both mechanical variables (e.g., position,
velocity) and social variables such as emotional intensity. The overall dynamics are described through
a distribution function evolving in time and space over these micro-states. This conceptualization is
rooted in the kinetic theory of active particles [13], where living systems are represented as interacting
entities endowed with internal variables that influence decision-making and adaptive behavior.

Significant advances in kinetic crowd modeling have been achieved since the pioneering studies
by Bellomo et al. [14-16], followed by developments considering interactions with walls, exits, and
obstacles in confined environments [17-19]. Behavioral and social components have also been incor-
porated to investigate emergent collective behaviors and the influence of emotional states on motion
patterns [20,21].

A recent review [22] highlights the complexity of human crowds as living systems and identifies
key challenges such as multiscale coupling and the integration of rich social dynamics. In this context,
general multiscale frameworks have been developed to describe large systems of interacting active
entities, incorporating internal variables—such as biological or behavioral states—that modulate
interaction rules and drive nonlinear emergent dynamics across scales [23,24]. Following this line
of research, a two-dimensional kinetic model for heterogeneous social groups in confined domains
was proposed in [25], extending the behavioral framework of [26]. Further contributions examined
evacuation processes under infectious disease exposure through unified mesoscopic formulations
incorporating behavioral variables [27].

Most kinetic models incorporating emotional or social interactions remain confined to a single
mesoscopic scale, where such effects are embedded solely within the distribution function. A few
recent works have begun exploring multiscale strategies. In particular, Bellomo et al. [28] proposed
a conceptual micro-meso-macro coupling framework, emphasizing the need to connect individual
decision-making with emergent macroscopic flow patterns. Other hybrid approaches, such as those
developed by Kim et al., inspired by the ASCRIBE framework, couple a microscopic agent-based
contagion mechanism with a kinetic model of crowd motion—first in one dimension [29] and later
extended to two dimensions [30].

In this work, we propose a hybrid multiscale modeling framework that explicitly couples a
continuous mesoscopic kinetic description of pedestrian motion with a microscopic agent-based model
governing emotional contagion. Each pedestrian adapts their walking direction through a decision-
making process influenced by multiple behavioral drivers: attraction toward the exit, avoidance of
obstacles and high-density regions, and aversion to areas of high emotional intensity. Emotional
interactions are modeled through a local consensus mechanism, whereby an individual’s emotional
intensity evolves toward that of neighboring agents. These emotional states, in turn, modulate both
the desired walking direction and speed, establishing a bidirectional coupling between motion and
emotion. The kinetic component builds upon previous formulations for heterogeneous pedestrian
populations [25,26], while the contagion dynamics are inspired by agent-based principles introduced
in [31,32]. The resulting multiscale framework provides a coherent and continuous representation of
collective motion that naturally integrates socio-emotional influences at the individual level.

Numerical simulations are performed using a Monte Carlo particle method to solve the kinetic
displacement model [26,33], while an agent-based simulation tool is employed to model the emotional
contagion dynamics [34]. Three representative scenarios are investigated: (i) a calm baseline without
contagion, used to validate the kinetic model through fundamental diagrams; (ii) an emotionally
responsive crowd, designed to examine how the propagation of emotional intensity impacts evacuation
time, pressure, and spatial dispersion; and (iii) heterogeneous populations composed of calm and
emotion-susceptible individuals, aimed at evaluating the influence of behavioral diversity. In the
present study, the emotional state of each pedestrian is updated according to the average emotional
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intensity of their neighbors, providing a first step toward modeling emotional contagion at the
mesoscopic level. In future developments, the framework will be extended to account for explicit
panic effects and for a broader spectrum of emotional responses—both positive or negative—thereby
capturing the full complexity of human affective behavior during crowd evacuations. Moreover, future
work may also incorporate the perception of external threats through sensory cues such as auditory
alarms or olfactory signals, which play a critical role in triggering emotional and behavioral responses
during emergency evacuations [35,36].

The remainder of this paper is organized as follows. Section 2 introduces the mesoscopic kinetic
model of pedestrian movement. Section 3 presents the agent-based emotional contagion mechanism
and its coupling with the motion dynamics. Section 4 is devoted to numerical simulations and analysis
of evacuation dynamics under emotional contagion. Section 5 provides conclusions and discusses
future perspectives.

2. Agent Displacement Model

The proposed agent displacement model extends the mesoscopic frameworks developed in
[25,26], aiming to describe pedestrian motion within confined environments by accounting for both
individual behaviors and emergent collective dynamics.

2.1. Mesoscopic Description

Consider a pedestrian crowd moving within a bounded domain O C R?. Each pedestrian,
modeled as an active particle, is characterized by a microscopic state defined by their position x and
velocity v. These quantities are expressed in dimensionless form as follows:

e x = (x,y) denotes the spatial position, normalized with respect to a characteristic length ¢ of the
domain Q.

e veV:={v:|v] < 4n}, where vy, represents the maximum walking velocity attainable under
free-flow conditions.

* u € Dy isanactivity variable that reflects the behavioral strategy of each pedestrian. For simplicity,
u is assumed constant throughout this study.

The crowd is subdivided into n distinct functional subsystems (FSs), each corresponding to a
social group or strategy (e.g., pedestrians heading toward a specific exit).

The mesoscopic state of pedestrians belonging to the i-th subsystem is described by the probability
density function f; = f;(t,x, v), which defines the distribution of microscopic states at time :

fi=filt,x,v):[0,T] xQxV =Ry, i=1,...,n,

where f;(t,x, v) dx dv represents the expected number of pedestrians in subsystem i whose state lies
within the infinitesimal phase-space element [x, x + dx] X [v, v + dv].

Macroscopic quantities can be obtained by taking moments of the distribution function with
respect to velocity. The local pedestrian density and mean velocity are defined by:

pi(t,x) I/Vfi(t,x,v) dv,
1
gi(t,x) = m/vvfi(t,x,v)dv.

Aggregating over all subsystems yields the total density and mean velocity:

ot %) = 21 oi(t,%),
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2.2. Derivation of the Mathematical Model

Following the general theory of active particles and stochastic game dynamics [16], we describe
the balance of fluxes in the phase space resulting from pedestrian motion and mutual interactions.
This balance leads to the following kinetic equation:

(0t +v-Vx)fi(t,x,v) =14 (/v A(vie = V) fi(t, x,vy) dvs —fi(t,x,v))
ey
+ 715(x) </V B(vie — v) fi(t,x, vy) dvs —fi(t,x,v)>,

where 774 and 775 denote, respectively, the interaction frequencies between pedestrians and between
pedestrians and walls. The transition probability densities .4 and B model the stochastic rules by
which pedestrians adapt their velocities due to these interactions. The inter-pedestrian interaction rate
14 is considered uniform across (), whereas #p depends on space, reflecting the increased likelihood
of wall interactions near boundaries.

2.3. Modeling Interactions Between Walkers: the A Term

Interpersonal interactions are a key determinant of collective pedestrian behavior, primarily
influencing direction and speed adjustments. The interaction term A, representing these behavioral
adaptations, can be factorized into independent components for velocity magnitude and direction:

=5(0—0W) 5(v — o).

where v(?) and (%) denote the magnitude and direction of the desired velocity in polar coordinates.
The corresponding velocity vector is defined as

V@) = o) o) @)

with e(@ = (cos 8@, sin §(4)) representing the unit vector along the desired direction.

Both v(%) and e(?) are influenced by the local emotional intensity and are determined according to
the behavioral decision rules presented in Section 3.4, which formalize the coupling between motion
and emotion.

2.4. Modeling Interactions with Walls: The 1B Term

In confined domains, pedestrians adjust their trajectories in anticipation of wall proximity. Fol-
lowing the methodology introduced in [26], we model these nonlocal interactions by assuming that
individuals located within a cutoff distance d;, from a wall modify their velocity v into a new velocity
v(®), This adjustment consists of a linear reduction in the normal velocity component, proportional to
the distance d from the wall, while preserving the overall speed. The resulting velocity reads:

d e 12
vi®) = d—(v -n)n + sign(v - t) {02 — —(v- n)z] t, (3)

where n and t denote the unit normal and tangential vectors to the wall, respectively. An illustration
of this velocity adjustment process is provided in Figure 1.
The associated transition probability density governing wall interactions is expressed as:

B(vi = v) =66 —0®)) (v —o®),

where v(®) = ||v(®)|| and §(®) denote the adjusted speed and direction, respectively, determined from
Eq. (3). The direction vector is computed as:
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Figure 1. Schematic representation of pedestrian velocity adjustment in the presence of a wall.

3. Emotional Contagion Model

The previous section described the mesoscopic kinetic formulation governing pedestrian displace-
ment. We now focus on the microscopic emotional layer, which captures how emotions spread among
individuals and, in turn, influence their motion. This coupling between physical and psychological dy-
namics is essential for understanding realistic evacuation scenarios, where local emotional interactions
can collectively alter global flow patterns.

Emotional dynamics exert a significant influence on crowd behavior, as emotions such as fear,
anxiety, or calmness can propagate rapidly through interpersonal interactions. This propagation shapes
collective motion, particularly in stressful or emergency situations. To capture these phenomena, we
adopt a multi-agent framework inspired by [31,32].

3.1. Microscopic Formulation of Emotional Dynamics

Each pedestrian is modeled as an individual agent located at position x; and characterized by a
time-dependent emotional intensity

Ei(t) = E(xi, t) < [O, 1],

where E; = 0 corresponds to a completely calm state and E; = 1 represents maximal emotional
activation (e.g., extreme excitement). The emotional state evolves according to the following differential
equation:

dE;

= = vilni(BiPl+ (1= pi)NI) + (1 — i) Ef — Ei], 4

where y; > 0 is the adaptation rate, 77; € [0, 1] balances external amplification and social absorption,
and E; represents the average emotional state of the neighbors of agent i. Equation (4) integrates three
concurrent mechanisms: external stimulation, social contagion, and internal stabilization.

1. External stimulation:
vini (Bi P14 (1 — B;) NI),

represents the direct effect of external stimuli such as alarms, visible threats, or reassuring signals.
The coefficient §; modulates the sensitivity to positive (PI) versus negative (NI) influences.
2. Social contagion: The second term,

Yi(1 =) Ef,

models the alignment of emotional states through local interactions. The quantity E; is defined
as a weighted average of the emotional intensities of neighboring agents:

Ef =) wjE; Wi =
1 1 4 1 7
JENG e T Yken; exti
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where ¢; denotes the expressiveness of agent j, a;; measures the strength of the communication
channel between j and i, and N represents the neighborhood of i.

3. Self-regulation: Finally, the damping term —;E; describes emotional stabilization, ensuring the
boundedness of E;(t) within [0, 1] despite fluctuations.

The influence of positive and negative stimuli is quantified as:
PI=1—-(1—-E/)(1—-E), NI = E7E;,
which describe, respectively, mutual reassurance and amplification effects.

3.2. Model Parameters and Interpretation
The model parameters define individual heterogeneity and emotional responsiveness:

*  Adaptation rate ;: speed at which agent i reacts to emotional variations;

e Amplification-absorption balance 7;: #; = 1 corresponds to purely exogenous excitation, while
1; = 0 represents pure social contagion;

e  Bias coefficient ;: controls the relative sensitivity to positive or negative emotional cues.

This microscopic formulation captures a broad range of emotional regimes, from calm cooperative
crowds to rapidly destabilized groups under strong contagion effects.

3.3. Pure Absorption Regime
In the present study, we restrict attention to the pure absorption regime (17; = 0), in which no
external emotional amplification is considered. Equation (4) then simplifies to:

dE, .
— = vi(Ef —Ei), ®)

where each individual tends to align their emotional intensity with the local average of their neighbors,
leading asymptotically to a collective emotional consensus. Here, the local average E; is defined as:
£ ]‘Dé]'i

E¥ = Z wiE; Wi = —221 .
1 1 7 1
N 7 T Yken; exti

To obtain a tractable mesoscopic representation, we first consider a simplified configuration in
which individuals adapt their emotional intensity to the mean emotional state of surrounding agents.
This assumption is formalized through the following hypotheses:

(H1) Homogeneous interaction strength: communication weights are assumed to be locally uniform,
ie, aj; = & and ¢; ~ £ within the neighborhood of agent i;

(H2) Symmetric and isotropic interactions: emotional influence is considered symmetric among
neighbors, so that each neighboring agent contributes equally to the perceived emotional field;

(H3) Continuum approximation: the discrete set of neighbors N is replaced by a local density of
agents distributed around the position x;.

Under these assumptions, the normalized weights wj; become uniform,

b
NI

wﬁ ~
which yields the simplified form of the local emotional average:

1
Ef=_— Y E.
TP
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This continuous field E*(x,t) will later be used to modify the potential governing pedestrian
motion, thereby coupling emotional contagion with collective displacement dynamics.

3.4. Coupling Between Emotion and Motion

Pedestrian motion is governed not only by physical constraints and spatial organization but also
by emotional and cognitive factors that modulate perception and decision-making under stress.

In this work, we propose a unified formulation in which the desired direction of motion derives from
a total potential function ®(x, t), representing the perceived cost or discomfort associated with each
spatial location. This potential combines a mechanical reference component, accounting for environmental
and density-related effects, with an emotional component, reflecting the collective affective state of the
crowd.

Pedestrian decision-making is assumed to result from the superposition of several behavioral
drives, described as follows:

Al) Attraction toward exits: individuals are motivated to move toward the nearest exit, minimizin
g

the distance to safety;

A2) Avoidance of obstacles and congestion: pedestrians tend to favor regions of lower density to

g p g y

preserve comfort and avoid physical contact;

A3) Aversion to emotionally intense zones: highly stressed areas are perceived as undesirable,

y ghly P

generating a repulsive influence on motion.

The behavioral assumptions (A1)-(A3) provide the foundation upon which the potential fields
are constructed and parameterized in the following formulation.
The total potential is decomposed as:

q)(x, t) = q)ref(xr t) + Aq)(x' t)' (6)

where:

*  ®.(x,t) is the mechanical reference potential, representing the baseline tendency to approach
exits and avoid congestion;

e A®(x,t) is the emotional potential, capturing the influence of collective affective states on
pedestrian motion.

The reference potential reflects spatial and physical constraints that dominate under calm condi-
tions:
(Dref(x/ t) = wdD(x) + wpp(x/ t)/

where D(x) denotes the geodesic distance to the nearest exit, p(x, t) is the local pedestrian density,
and wy, wy > 0 are weighting parameters tuning the relative importance of evacuation urgency and
comfort. This term corresponds to the so-called “calm-class” behavior, describing pedestrian motion
in non-stressful environments.

The originality of the present formulation lies in the introduction of an emotional potential that
couples the collective emotional field to pedestrian dynamics:

AD(x,t) = wgE*(x,t),

where E*(x,t) denotes the local mean emotional intensity, and wg > 0 measures its influence on
decision-making. An increase in E*(x, t) elevates the perceived discomfort of a region, thereby acting
as a repulsive potential that diverts pedestrians from highly stressed or dangerous zones.

The total potential thus becomes:

D(x,t) = wyD(x) + wpp(x,t) +wpE*(x,t),

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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providing a compact yet interpretable representation of the coupling between physical and psychologi-
cal influences in crowd motion.

The desired velocity of a pedestrian located at position x and time ¢, as defined in the displacement
model by equation (2), is expressed as:

v (x, 1) = 0@ (x, ) e@ (x, 1), 7)

where the desired direction e (x,t) is oriented along the steepest descent of the total potential,

normalized to unit length:
V&(x,t)

(d) _ __YE\WE
et = el

Hence, pedestrians naturally tend to move in the direction of decreasing potential, corresponding to
regions of lower perceived discomfort.

In addition to direction, emotional states also influence walking speed v(%) (x, t). The variation
of walking speed depends on local interactions among pedestrians. More precisely, individuals
continuously adjust their velocity magnitude in response to environmental conditions, local congestion,
and their own emotional state relative to that of nearby agents. In this study, the dependence of speed
on local density is grounded in the fundamental diagram of pedestrian flow [37], further extended to
incorporate emotional effects through a modulation function o(E(x, t)) that captures the influence of
emotional intensity on motion.

In the absence of emotional modulation, the desired speed is typically expressed as a monotoni-
cally decreasing function of the perceived local density p,(x, t). Following the classical exponential
formulation of the fundamental diagram, we define the desired speed as:

o) (x, ) = vM{l - exp{—é(pp(lxlt) - le)] } Lo (E(x,1)), ®)

where v) denotes the free (maximum) walking speed, p)s the jam (maximum) density, o, (x, t) the per-
ceived local density, and > 0 an empirical shape parameter fitted from experimental or observational
data [38]. This density-dependent relation reproduces the well-known decrease in pedestrian speed
with increasing congestion.

The function ¢ (E(x, t)) introduces the modulation induced by emotional interactions. It reflects
the tendency of individuals to adjust their pace according to the emotional intensity of both themselves
and their neighbors. A smooth logistic formulation is adopted:

1

T = e MEG 1)~ B ()]

©)
where E*(x, t) denotes the local average emotional intensity defined as

1
E; Y E,

TN

and x > 0 controls the sharpness of the behavioral transition.
This formulation ensures a smooth and adaptive modulation of walking speed:

e If E(x,t) = E*(x,t), the pedestrian’s emotional state matches the local environment, and the
walking speed remains close to the nominal desired value (o ~ 1);

e IfE(x,t) > E*(x,t), the individual exhibits a higher emotional activation than the surrounding
crowd, which may lead to hesitation or uncoordinated movements, thus reducing the effective
speed;

e IfE(x,t) < E*(x,t), the individual is calmer than the local average, and the modulation slightly
increases their effective speed to adapt to the surrounding flow.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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The proposed coupling mechanism constitutes the link between emotional contagion dynamics
and the motion model within a potential-based framework. This formulation consistently integrates
psychological and physical influences into a unified mathematical structure. The emotional field
modulates both the direction (via ®) and the magnitude (via o(E(x,t))) of motion, enabling emergent
behaviors such as the avoidance of emotionally charged zones and self-organized rerouting. This
coupling bridges micro-level emotional interactions and macro-level evacuation patterns, providing a
foundation for more realistic and predictive simulations of collective dynamics in emergency scenarios.

4. Numerical Experiments

This section presents the simulation framework and numerical results aimed at evaluating the
impact of emotional dynamics and the mobility laws defined in our model. The experiments are
designed to isolate and quantify the effects of density and emotional contagion on collective pedestrian
behavior. More specifically, the numerical campaign addresses two main objectives: (i) comparing the
reference case of a calm crowd with that of an emotional crowd, and (ii) providing a first extension
toward heterogeneous populations, paving the way for future developments, including the explicit
integration of panic phenomena.

4.1. Numerical Methodology

The coupled kinetic—agent model is solved using a hybrid Monte Carlo strategy that combines
a Direct Simulation Monte Carlo (DSMC) [33] approach for the kinetic transport equation with an
explicit agent-based scheme for the emotional contagion dynamics.

We consider the kinetic equation over a spatial domain Q) C R? and a velocity domain V C R?,
on a time interval [0, T':

(0t +v-Vx)f(tx,v) = 17A</v A(vie—=v)f(t,x,vy)dv, —f(t,x,v))
+ qB(x)( /v B(vy —v)f(t,x,v.) dvs — f(t, x,v)), (10)
f(0,x,v) = fo(x,v), xecQ, ve.

Here, 174 and 1p(x) denote the interaction frequencies associated with pedestrian—pedestrian and
pedestrian-wall interactions, respectively. The transition kernels .A and B encode stochastic velocity
updates toward the desired direction v(®) and wall-reflected velocity vi©),

4.1.1. Splitting Strategy

To solve the kinetic problem efficiently, we employ an operator-splitting approach that sep-
arates the distinct physical mechanisms acting on pedestrians. This decomposition allows each
process—interaction, boundary reflection, and free transport—to be treated independently within each
time step.

We discretize the time interval [0, T] into steps
tO/ tl/-~-/tNT, with tn+l —tn = At,

assuming a uniform time step At for simplicity. Within each interval [t", #"+1], the solution is advanced
as:
fn+1 — PétPBAtP,%tfnr (11)

where

o P! represents inter-pedestrian interactions,
e P23 accounts for wall reflections and boundary effects,

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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e P2 corresponds to the free transport of pedestrians.

Thus, the solution evolves sequentially as

nPﬁr n+1 Pgt n+1 Pét n+1
ffr=fu — fp — .

The first two operators are treated stochastically using a Monte Carlo approach, while PA! is computed
deterministically by particle advection.

(i) Inter-pedestrian interactions (P3?).

Af = '7‘*(/)/ A(Vs =) f(x,vs) dve —f(x,v)>,
f(0,x,v) = f*(x,v).

This term models the local adaptation of velocity due to mutual interactions. Each pedestrian tends

(12)

to align its motion with a desired direction e(®) and speed v(?), both influenced by cognitive and
emotional factors. The interaction kernel A is modeled as a Dirac delta centered at the desired velocity:

A(ve—=v) =6(v—vD), vid) = p@eld) — (@) (cos6@), sin p(4))

(ii) Wall interactions (P4").

2f = ma(x)( [ B v v, —f(x,v>),

f(0,x,v) = ;“H (x,v).

(13)

The kernel B is a Dirac delta centered at the reflected velocity v(®), determined by the wall rule (3).
Numerically, when a particle approaches a wall (d;, < dyp), its velocity is replaced by v(®).

(iii) Free transport (P2Y).

{atf+v-vxf:0, )

£(0,x,v) = fitl(x,v),
whose analytical solution is
f(x,v,t+At) = g+1(x — VAL v, 1),

so that each particle moves linearly as

n+l _ n n
Xp =Xy + vat.

4.1.2. Agent-Based Emotional Contagion Scheme

Emotional contagion is modeled through an explicit agent-based update derived from Eq. (5). For
each particle i:

EMY = El + Aty (Ef —E}), Ef= |/\1/| ) El (15)
jeN;

where N denotes the set of neighbors within perception radius Rp. This averaging mechanism drives

local emotional alignment, while the relaxation coefficient 7y; controls the rate of convergence. The

updated emotion E?H influences the desired speed and orientation through the modulation function

o (E) and the decision potential ®(x,t).
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4.1.3. Monte Carlo Resolution of Inter-Pedestrian Interactions Pﬁt
Applying a forward Euler discretization to (12) yields
F06w) = (1= 180 £ 069) 148t [ A=) f1(x,v.) dv.. (16)
Substituting A(v. —v) = (v — v(?)) gives
/]}A(v*%vd)f"(x,v*)dv* =0"(x)6(v—v), p'(x)= /Vf”(x,v*)dv*.
Hence, the updated distribution reads:
1 (x,v) = (1 = gaAt) f1(x, V) + 1aAt " (x) (v — v(d)), (17)

which preserves the local density p" (x).
If f is normalized as a probability density, then p"(x) is replaced by 1 in (17), yielding

FrH = (1 =nabt) f"+ a0t (v —vD),

Under the condition 4At < 1, f n+1 is thus a convex combination of two probability densities.

This admits the following probabilistic interpretation at the particle level: at each time step, each
particle updates its velocity according to
e  With probability 1 — 774 At, the particle retains its current velocity: Vn+1 Vi
e With probability 174 At, the particle adopts the desired velocity: v ”+1 v(@),

The desired direction is obtained from the decision potential ® and the desired speed combines density
effects and emotional modulation:

@) (x V(1) x,t) = wyD(x) 4+ wyp(x wpE* (x

€ ( /t) ||V(D( )H QD( rt) dD( )+ Pp< 't)+ EE ( 't)' as)
1 1

(@ (x,t) = opm [1 — exp(—é(pp - pM>)]a(E(x,t)), o(E) = T expe(E = Eon)]

where D is the distance-to-exit potential, p the perceived local density, and E* the averaged emotional
field.

Let {(x3, v}, E}) };Ll denote the simulated particle time #". The stochastic update of P4’ proceeds
as follows:

Algorithm 1: Nanbu-like Monte Carlo algorithm for P4
1forp=1,...,Ndo

2 | 1. Compute desired direction e(?) (X, t") = =V&/||VP| and desired speed o(d),
3 | 2.Set desired velocity v;d) = p(d) (E;H)e(d) (xp t");

4 | 3. Update velocity probabilistically:

e With probability 1 — 174 At, keep the current velocity: v ”“ =Vl

p/
¢ With probability 74 At, adopt the desired velocity: vgﬂ = v;d).

The full hybrid algorithm advancing the solution from " to t**! = " + At combines emotional
contagion dynamics with stochastic inter-pedestrian and wall interactions, as well as deterministic
free transport. Each time step consists of the operations described in Algorithm 2.
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Algorithm 2: Complete Monte Carlo-Agent Coupled Time Step

1 forn=0,..., Ny —1do

2 Step 1. Emotional contagion update.
3 forp=1,...,Ndo

4

s

Eptl = Ep + Aty (Ey —Ej), Ep=
P P PA=p P/’
|Np|je/\/,,

p

This step models local emotional alignment within perception radius Rj.

5 Step 2. Compute decision potential and desired direction.
6 | Evaluate the potential field and direction at each particle position:

P ) = waD(xh) +pp(xh, ) +weE (5, 1), e 1) = —

7 Step 3. Compute desired velocity.
8 | The desired speed is determined by perceived density p, and emotion EZ“:

1
"~ 14 exp[k(E — Eqit)]’

v;d) =op [1 — exp(—é(é — PLM)”U(EZH), o(E)

and the desired velocity is v,g,d) = v;d) e (x, ).

9 Step 4. Inter-pedestrian interaction step (P4).
10 Each particle updates its velocity stochastically according to:

¢  With probability 1 — 574 At, keep the current velocity: VZH =V
e With probability 77 4At, adopt the desired velocity: VZ“ = vg,d).
Step 5. Wall reflection step (P5").
For each particle close to a wall (dw(x};) < dy,), apply the stochastic reflection rule:
*  With probability 1 — 77p(x})At, keep the velocity: v ™ = vi*1;

e With probability 75(x};) At, adopt the reflected velocity:

V= v = 2V () m ().

Step 6. Free transport step (Pét).
Each particle moves deterministically according to its current velocity:

n+l __ _n n+1
Xp =X, + vy At.

| Step 7. Reconstruction of macroscopic fields: p(x, 1), E* (x, "), pp.

This splitting-based hybrid scheme preserves local mass, ensures probabilistic consistency of
velocity updates, and naturally couples emotional, cognitive, and physical dynamics in a unified
Monte Carlo framework.

4.2. Simulation Strategy

We adopt a two-step complementary simulation strategy:

*  Calm crowds (reference case without emotion): In the first step, we consider crowds composed
exclusively of agents from the calm class, without accounting for emotional contagion. This
configuration allows us to validate the mobility model against the fundamental speed—density
relation and to compute the following baseline indicators:
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-  Fundamental diagram (speed-density relation),
—  Average pedestrian flow,

- Average kinetic pressure,

- Average kinetic dispersion,

—  Mean evacuation time.

e  Crowds with emotional contagion: In the second step, emotional dynamics and contagion are
introduced into the population. This setup enables us to analyze how individual and collective
emotional intensity modifies pedestrian trajectories, speeds, and evacuation efficiency. The
comparison with the calm case highlights the effect of emotional reactivity and its modulation of
speed and direction.

e  Heterogeneous crowds (calm + emotional contagion): Finally, we investigate mixed scenarios
where a fraction p of agents is subject to contagion, while the remaining agents remain calm. The
objectives are to identify:

- the impact of the fraction p on evacuation performance,
—  the possible existence of critical thresholds beyond which contagion significantly disrupts
collective dynamics.

4.3. Simulation Scenario and Parameters

The evacuation scenario is inspired by a section of the platform at Casablanca Voyageurs station
(Morocco). The computational domain is a rectangular area of 20 m in length and 5 m in width,
featuring a single 2 m wide exit located along the lower boundary.

Initially, 45 agents are uniformly distributed within a 10 m x 2 m region centered in the domain,
yielding an initial density of p = 2.25ped /m?.

The simulations rely on the following physical and emotional parameters:
¢  Maximum walking speed: vj; = v, =2m/s,

e Reference density: py; = 7ped/m?,
e Emotional influence radius (for contagion effects): R = 2 m,
e Adaptation rate: y; ~ U(0,1).

Figure 2 presents snapshots of the agent density at successive time instants for the calm scenario.

e J— e
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Figure 2. Density plots of a calm crowd at different times: (a) t =05, (b) t =2.6s,(c)t =4.2s,and (d) t = 5.8 s.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.



https://doi.org/10.20944/preprints202512.0466.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 4 December 2025 d0i:10.20944/preprints202512.0466.v1

14 of 22

These results provide a qualitative validation of the kinetic model through its consistency with the
fundamental speed-density relationship, and they establish a baseline for comparison with simulations
incorporating emotional contagion.

4.4. Quantitative Indicators

To evaluate the simulations, we compute a set of kinetic and emotional indicators characterizing
both microscopic and macroscopic features of the evacuation dynamics.

1. Fundamental diagram (speed—density relation).

As a first validation step, the model is tested against the classical relation between walking speed
and density. The average speed is measured as a function of the average density and compared with
the Kladek—-Weidmann formulation [37].

2. Average pedestrian flow.

The pedestrian flow at position x and time f is defined as

q(t, x) = p(t,x) £(t, x),
where p(t, x) is the local density and &(t, x) the mean velocity.

3. Local kinetic pressure.

The kinetic pressure quantifies the fluctuation of individual velocities around the local mean
velocity:

P(t,x) = [, o= &(t0)|Pf(t,x,0) do,

where f(t, x,v) is the distribution function and ¢ (¢, x) the mean velocity:

é(tx) = p(tl,x)/Rz vf(t,x,v)do, p(t,x) = /sz(t,x,v) do.

Kinetic pressure therefore measures the local agitation of pedestrians around their collective motion.

4. Local kinetic dispersion.

The dispersion, or velocity variance, is defined by:

Disp(t,2) =~ [ [0~ &(t.2) (1 x,0) o,

which is directly related to the kinetic pressure by:

P
Disp(t, x) =
p(t, x) ;

It provides a normalized measure of velocity fluctuations, independent of density, and is thus suitable
to quantify heterogeneity of motion.

5. Evacuation time.
The global evacuation time Teyac is defined as the earliest instant when the domain is effectively
empty:
Tevac = inf{t > 0| [lo(t,)||1 =~ 0}.
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6. Average emotional intensity.

The emotional intensity of individual i at time f is denoted by E;(t). The population-wide average
is defined as:

_ 1 N
B0 = LE),

which provides a macroscopic measure of the collective emotional state. Its temporal evolution
highlights how contagion modulates group behavior during evacuation.

4.5. Numerical Results and Analysis
4.5.1. Numerical Results and Discussion for a Calm Crowd Scenario

In this first scenario, the population consists exclusively of calm agents, without any emotional
contagion. The objective is to validate the proposed kinetic mobility model under neutral behavioural
conditions and to establish a baseline for subsequent scenarios involving emotional dynamics. To this
end, five quantitative indicators are evaluated—mnamely the speed—density relation, the flow—density
curve, the evacuation time, the kinetic pressure, and the kinetic dispersion—as summarised in Figure 3.

Fundamental diagram (speed-density relation).

The relationship between mean walking speed and density exhibits the expected monotonic
decrease (Figure 3A). At low densities, pedestrians move near their desired velocity, whereas higher
densities induce progressive slowdowns due to increased interactions. This behaviour aligns with
classical empirical laws and confirms that the kinetic formulation captures fundamental pedestrian-
flow properties [37].

Average pedestrian flow.

The flow—density curve displays the typical concave profile (Figure 3B). Flow increases with
density until reaching a peak around p ~ 2 ped/m?, after which congestion reduces throughput. The
maximum flow, approximately 0.45 ped-m~!:s7!, is consistent with empirical benchmarks reported
for unidirectional motion [39].

Evacuation time.

The evacuation time increases nonlinearly with the initial density (Figure 3C). For densities below
2 ped/m?, clearance is rapid (less than 3 s), while higher densities yield a sharp escalation, with
evacuation times exceeding 10 s for p > 5 ped/m?. This reflects the onset of near-jamming conditions
and the associated decline in collective mobility.

Local kinetic pressure and dispersion.

Kinetic pressure and microscopic dispersion quantify velocity fluctuations and local disorder
(Figure 3D,E). Both remain low during free-flow phases but increase significantly near the exit where
density accumulates. A pronounced dispersion peak appears around t ~ 1000 iterations, corre-
sponding to the most congested phase, before decreasing as the domain clears. These trends provide
complementary insight into the internal stability of the crowd in the absence of emotional effects.

The results for the calm crowd validate the kinetic model against well-established pedestrian
dynamics laws. All indicators exhibit consistent and physically meaningful behavior. The walking
speed decreases progressively with increasing density, while the pedestrian flow reaches its maximum
at intermediate density levels before declining under congestion. The global evacuation time shows a
nonlinear growth pattern as density rises, highlighting the increasing difficulty of collective motion
near jamming conditions. Moreover, the local amplification of velocity fluctuations—reflected in
the pressure and dispersion fields—reveals intensified interactions at bottlenecks. Overall, these
outcomes confirm that the kinetic formulation successfully reproduces classical collective dynamics
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in the absence of emotional factors, thus providing a robust baseline for evaluating the influence of

emotional contagion in subsequent simulations.

Fundamental Diagram: Speed-Density Relation Mean Flow vs Average Density
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Figure 3. Numerical indicators for a calm crowd: (A) fundamental diagram, (B) flow—density relation, (C)

evacuation time, (D) kinetic pressure evolution, (E) kinetic dispersion evolution.

4.5.2. Effects of Emotional Contagion on Crowd Dynamics

We simulate evacuation scenarios in which emotional states propagate among pedestrians, and
compare the results to a calm (non-reactive) baseline. Figure 4 illustrates six key metrics capturing how
contagion alters collective motion. In each case, emotional stress amplifies the usual density-dependent
trends.

The fundamental diagram (speed—density relation) predicts that walking speed decreases as
density increases [40,41]. With emotional contagion, this decline becomes more pronounced: for a
given density, the mean speed remains consistently lower than in the calm configuration. As shown
in Figure 4(A), this reduction stems solely from the coupling between emotional intensity, desired

velocity, and decision potentials.
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Fundamental Diagram: Average Speed vs Density Mean Flow vs Average Density

—e— Calm class 0.45 —e— Calm class
—& Emotional class

-= Emotional class
05 040

Average Speed (m/s)
g
Mean Flow (ped-m~'-s71)
9
S

T - / T~
il S .
L P — - 010 4
0.0
1 2 3 4 5 1 2 3 4 5
Average Density (ped/m?) Average Density (ped/m?)
(A) Fundamental diagram: average speed vs density. (B) Pedestrian flow as a function of density.
Evacuation Time vs Average Density Pressure Evolution - 4 ped/m? (Calm vs Emotional)
—e— Calm class L] —— Calm class
175 —® Emotional class ot 400 —— Emotional class

bt o
o o
w
S
3

o
o

Evacuation Time (s)
Average Pressure (Pa)
8
8

]
3

1 2 3 4 5 0 500 1000 1500 2000 2500
Average Density (ped/m?) Iteration (time step)

(C) Global evacuation time vs density. (D) Evolution of local kinetic pressure.

Dispersion Evolution - 4 ped/m? (Calm vs Emotional) Temporal Mean of Emotional Intensity vs Density
0.040 —— Calm class
—— Emotional class

4
o

0.035

0.030

o

=

S
° °
= &

e

o

@
e
w

0.010

Average Dispersion
o
o
2
S
Mean Emotional Intensity
o
Y

0.005 |I h'

o

0.000

0 500 1000 1500 2000 2500 1 2 3
Iteration (time step) Density (ped/m?)

(E) Average local dispersion vs time. (F) Temporal evolution of average emotional inten-
sity.

Figure 4. Impact of emotional contagion on crowd dynamics: (A) fundamental diagram, (B) pedestrian flow, (C)
evacuation time, (D) kinetic pressure, (E) dispersion, (F) emotional intensity.

A similar effect appears in the flow—density relationship (Figure 4(B)). The maximum flow
decreases and congestion occurs at lower densities. This behaviour reflects the reduced coordination
induced by emotional alignment, which modifies local decision-making and leads to less efficient
collective motion. Although qualitatively compatible with studies incorporating emotional factors [42,
43], the present dynamics result exclusively from the simplified mean-contagion mechanism used here.

Consequently, the evacuation time increases for all initial densities (Figure 4(C)). Emotional
contagion alters interaction patterns and decision outcomes, which slows down global motion. Similar
trends have been reported in models that include internal-state or emotion-related variables [44].

The spatial distribution of kinetic pressure (Figure 4(D)) also exhibits higher and more hetero-
geneous peaks when contagion is active. This behaviour should be interpreted as a mechanical
consequence of decreased coordination rather than as an indicator of physical competition. Compara-
ble pressure patterns have been observed in interaction-based models [45].
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The dispersion (Figure 4(E)) also increases, indicating more irregular local trajectories. This
emerges from fluctuations in emotional intensity and their influence on directional choices.

Finally, the average emotional intensity (Figure 4(F)) increases during congestion phases and
decreases as pedestrians exit the domain. This trend is consistent with the mean-contagion formulation:
higher densities produce stronger interaction rates, leading to faster emotional alignment. Similar
density—emotion feedbacks appear in other contagion-based frameworks [32]. In summary, the six

indicators collectively show the impact of emotional contagion on evacuation dynamics:

*  steeper decrease in walking speed with density,

¢ reduced maximal flow and earlier transition to congestion,
¢ longer evacuation times,

*  higher kinetic pressure and greater trajectory dispersion,

* increased emotional intensity during high-density phases.

Overall, these results demonstrate that even a minimal emotional-contagion mechanism can sig-
nificantly influence emergent evacuation behaviour. Emotional alignment modifies desired velocities
and local decision processes, reducing coordination and flow efficiency. The proposed framework
therefore provides a first step toward more detailed modelling of emotional influences or panic-related
phenomena in future work.

4.5.3. Impact of Emotional Proportion on Heterogeneous Crowd Dynamics

In this scenario, the crowd is composed of a mixture of calm and emotional agents. The propor-
tion of emotional individuals p varies from 0% to 100%, allowing a systematic assessment of how
emotional contagion influences both global evacuation performance and local dynamic indicators.
This configuration represents a realistic situation where only part of the population initially reacts to
an emotional stimulus, while the rest remains calm or progressively adapts through social interaction.

(A) Fundamental diagram — Speed versus density.

Figure 5(A) shows the average pedestrian speed as a function of density for various emotional pro-
portions. For all cases, the average speed decreases monotonically with increasing density, confirming
the expected congestion effect. However, as p increases, the overall velocity levels drop significantly.
In particular, a fully emotional crowd (p = 1) exhibits the lowest mobility due to stronger avoidance
interactions and increased hesitation, whereas the calm case (p = 0) maintains smoother and faster
movement. This clearly indicates that emotional activation negatively impacts local coordination and
mobility.

(B) Flow—density relation.

The corresponding flow—density relation is presented in Figure 5(B). For each emotional propor-
tion, the flux first increases with density, reaches a maximum (the capacity point), and then decreases
due to congestion. As the proportion p rises, both the peak flow and the optimal density shift down-
ward, showing that emotional contagion reduces the efficiency of collective movement and triggers
earlier saturation. This behavior reflects a degradation of cooperative motion and an enhancement of
self-interaction among emotional agents.

(C) Evacuation efficiency.

Figure 5(C) depicts the total evacuation time as a function of the emotional proportion for a fixed
density (o = 2.0 ped/m?). The evacuation time increases almost linearly with p, indicating that even a
moderate fraction of emotional individuals can significantly slow down the evacuation. This is mainly
caused by the amplification of local blockages and hesitation zones induced by emotional feedback,
which decrease the global outflow rate.
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(D) Emotional indicators.

Finally, Figure 5(D) shows the evolution of the average emotional intensity and the fraction of
panicked agents with respect to p. The mean emotional level increases nearly linearly, confirming
the collective amplification of emotions through contagion mechanisms. Nevertheless, the fraction of
panicked agents remains small, meaning that while emotions propagate widely, only a limited subset
of agents reaches the panic threshold. This demonstrates the model’s capability to capture graded
emotional responses rather than binary panic transitions.

Fundamental Diagram - Speed vs Density (Various p) Flow-Density Relation for Different Emotional Proportions
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Figure 5. Influence of the proportion of emotional agents on evacuation dynamics: (A) fundamental diagram, (B)
pedestrian flow, (C) evacuation time, (D) mean emotional intensity.

Overall, these results highlight the substantial impact of emotional heterogeneity on evacuation
dynamics. As the proportion of emotional agents increases, the crowd exhibits lower average speeds,
reduced flow efficiency, and longer evacuation times. The interplay between density effects and
emotional contagion provides a plausible explanation for the deterioration of evacuation performance
observed in realistic high-stress scenarios.

5. Conclusion and Future Perspectives

This work presented a hybrid kinetic-agent modelling framework for crowd evacuation dynamics
that integrates emotional contagion, decision-based motion, and stochastic interaction operators. On
the modelling side, the approach combines a mesoscopic kinetic description of pedestrian motion with
an agent-based formulation of emotional interactions, enabling a unified representation of physical
movement, cognitive decisions, and affective influences.

On the numerical side, coupling a Nanbu-like Monte Carlo scheme with the agent-level contagion
mechanism allows the simulations to capture the nonlinear interplay between interactions, decision
making, and emotions. The results show that emotional activation plays a decisive role in shaping
evacuation performance: increasing the proportion of emotionally affected individuals reduces flow
efficiency, accelerates congestion, and disrupts coordinated motion, as reflected in the fundamental di-
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agrams, evacuation times, and emotional intensity fields. These observations highlight the importance
of incorporating emotional feedback when modelling crowd behaviour under stress.

It is worth emphasizing that the present study focuses exclusively on mean emotional contagion,
whereby each agent aligns its emotional intensity with the local average of its neighbours. This
simplified formulation was deliberately adopted to isolate and quantify the influence of emotions on
evacuation efficiency. Within this controlled setting, we were able to assess how emotional amplification
alters decision potentials, desired velocities, and ultimately the collective dynamics. As such, this
work should be viewed as a foundational step toward more detailed modelling of panic phenomena in
emergency scenarios.

Several natural perspectives arise from this first level of emotional modelling. A key direction con-
cerns polarity-dependent contagion, in which calming, neutral, and destabilizing emotions propagate
differently. Recent studies using modified social-force and agent-based models have demonstrated
that personality traits modulate panic spread, and that moderate levels of emotional arousal can
improve evacuation efficiency, whereas excessive panic can significantly reduce coordination and flow
performance [46]. Introducing polarity-dependent contagion would enable competitive contagion
patterns and richer collective behaviours than the simple averaging scheme adopted here.

Another promising avenue involves adaptive decision strategies, where individuals adjust the
weights of their decision potential according to local density, perceived threat, or evolving emotional
cues. Data-driven kinetic models have recently been proposed to infer stress levels in real time
and dynamically adjust agent decision-making parameters [47-49]. In addition, agent-based studies
indicate that competitive agents can imitate cooperative behaviours according to the social context,
profoundly influencing evacuation dynamics [49].

Beyond these extensions, it is also relevant to situate this work within broader developments
in kinetic modelling of social systems. In particular, the evolutionary artificial-world framework
proposed by Bellomo and Egidi [50] provides a conceptual foundation for modelling heterogeneous
populations whose interaction rules evolve over time. Incorporating such ideas into the present
kinetic-agent structure would allow emotions, decision mechanisms, and interaction patterns to co-
evolve dynamically, thus bridging the gap between static contagion rules and more realistic, adaptive
behavioural dynamics.

Additional extensions include the study of complex geometries, multimodal interactions, dynamic
visibility conditions, as well as theoretical analysis of the kinetic operators. For instance, recent kinetic
models introduce “awareness” states that influence agent movement and decision-making, offering
a pathway to extend the framework to more realistic geometrical and environmental scenarios [51].
Finally, data-driven calibration of emotional parameters represents a crucial direction: multi-source
contagion models, including those developed in social media contexts, demonstrate the value of
calibrating emotional dynamics from heterogeneous input channels, which could improve the realism
of crowd simulations [52].

Overall, the proposed framework establishes a mathematically consistent basis for coupling
emotions, interactions, and decision making in evacuation modelling. While intentionally restricted
to mean emotional alignment, this study provides a solid foundation for developing more advanced
descriptions of panic emergence and heterogeneous behavioural responses in future work.
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