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1 Introduction

1.1 Definition of the problem

Understanding and simulating the behavior of pedestrian crowds, particularly
in emergency scenarios, presents a significant challenge. Human movement
in these situations is highly dynamic and influenced by a variety of factors,
including environmental conditions, individual goals, local interactions, and
limited information. These interactions often lead to emergent collective
behaviors, such as bottlenecks, herding, or congestion waves, which are
difficult to predict using centralized or static models.

Historically, pedestrian dynamics have been studied only through
empirical approaches that rely on observation and data collection. Although
useful for identifying average behaviors or response trends, these methods
lack predictive power, especially in complex or evolving environments. More
recently, traditional empirical methods have increasingly been integrated
and interfaced with computational approaches derived from applied physics,
mathematics, and engineering.

Physics-based models typically treat individuals as passive particles
with fixed goals and predetermined trajectories. As a result, they often
struggle to capture the dynamic and locally informed decision-making that
characterize real pedestrian behavior, particularly in emergencies, where
goals and constraints change rapidly.

To overcome these limitations, there has been growing interest in
agent-based and optimization-inspired models that treat pedestrians as
autonomous agents capable of making decisions sensitive to context. In these
models, pedestrian behavior can be viewed as a decentralized decision-making
process in which individuals continuously evaluate their surroundings
and adjust their movements accordingly. This perspective suggests that
pedestrian dynamics, particularly in evacuation contexts, can be framed as
an optimization problem: each individual seeks to minimize a personal cost
function while navigating a constrained, dynamic environment filled with
obstacles, other agents, and evolving dangers such as fire or smoke.

This mathematical formulation captures pedestrian behavior as a process
of continuous adaptation. Fach agent updates its position in response
to changing conditions in an effort to minimize perceived cost. However,
classical optimization methods are ill-suited to the decentralized, dynamic,
and multi-agent nature of such problems.

To address this, the present work adopts and extends a Particle Swarm
Optimization (PSO) framework.



1.2 Problem formalization

Under this framework, evacuation behavior can be modeled as a numerical
optimization problem. In general, optimization refers to the process of
minimizing (or maximizing) a function while satisfying some constraints on
its variables.

A numerical optimization problem can be formally defined as P = (X, F),
where:

e X represents the continuous set of feasible solutions, commonly referred
to as the search space;

e F(x): X — R is the objective function, which assigns a cost or fitness
value to each element x € X.

The goal of optimization is to identify the set of optimal solutions X*, defined
as:
X* = arg mi)r(l F(x) C X. (1)
x€

This implies that a solution x* belongs to X* if and only if it minimizes the
objective function F. For simplicity, we assume that the search space X,
which is also the domain of F, is a bounded region in the d-dimensional real
space, specifically a hyperrectangular domain (box), such that X C R¢, with
de{1,2,3}.

For the sake of completeness, in the case of maximization problems, X*
contains solutions that maximize F. However, we hereafter consider the
minimization one, as defined in Eq. (1).

1.3 Particle swarm optimization algorithm

There are three main categories of optimization methods: exact methods.
heuristics and metaheuristics. Exact methods are algorithms that guarantee
finding an optimal solution to a problem, given sufficient time and resources.
These include techniques like Branch-and-Bound, Dynamic Programming,
and Integer Programming. They are best suited for small to medium-sized
problems due to their high computational complexity.

Heuristics are problem-specific strategies designed to find good, though
not necessarily optimal, solutions in a reasonable amount of time. They are
based on domain knowledge and predefined rules. Examples include Greedy
algorithms and Nearest-Neighbor methods.

Metaheuristics, on the other hand, are high-level frameworks that
guide underlying heuristics in exploring the solution space. They are
problem-independent and are often inspired by natural or physical processes.



Common examples include Genetic Algorithms, Simulated Annealing, and
Particle Swarm Optimization.

Particle Swarm Optimization (PSO) is a population-based stochastic
optimization algorithm inspired by the collective intelligence of animal
swarms, such as bird flocks and fish schools. Introduced by Kennedy
and R. Eberhart, 1995, PSO has undergone significant refinements to
address various optimization challenges. As a metaheuristic approach, PSO
is particularly effective in solving complex, multidimensional optimization
problems where traditional deterministic algorithms fall short. It operates on
probabilistic transition rules, leveraging social cooperation and evolutionary
behaviors to efficiently explore solution spaces. Unlike Genetic Algorithms
and Differential Evolution, PSO does not require derivative information,
making it suitable for both continuous and discrete optimization tasks,
including constrained and unconstrained problems.

The PSO algorithm operates as a swarm-based search, where the position
of each individual, known as particle, represents a potential solution in
the d-dimensional search space. Each particle retains memory of both its
own best position and the best position found by the swarm, updating its
velocity according to a prescribed set of rules. This process continues until
convergence (i.e., when all particles reach the same position), an optimal
solution is found, or computational limits are reached. A flow diagram of the
algorithm is shown in Fig. 1.

1.4 Canonical version of the PSO

In PSO-based methods, a swarm consists of N point particles. FEach of
them moves within the search space X, aiming to find the minimum (or
the minima) of the objective function F. In this respect, the positions
of the swarm agents in X can be interpreted as possible solutions to the
optimization problem. Here specifically, any particle ¢ = 1,..., N, for any
iteration ¢t € T C N, U {0}, is characterized by the following state:

si(t) = (xi(t), vi(t), pi(t)) € X x R x X (2)
where:
e x;(t) is its current position;
e v;(t) is its velocity;

e p;(t) is a memory vector that store the best position found by the i-th
particle so far.
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Figure 1: Flowchart of the PSO algorithm from Wang et al., 2018.

The sequence of states acquired over time by the i-the agent gives its history,
and the sequence of positions gives its trajectory. The particle update
mechanism in PSO integrates four key factors:

1. Inertia: the tendency of the particle to maintain its previous velocity;

2. Cognitive component: the influence of the particle’s own past best
position;

3. Social component: the effect of the best known position within the
swarm;

4. Randomness.

Mathematically, the dynamics of the representative i-th particle follow
these equations, for any time step t € T"

Xi(t+1) =x;(t) +vi(t +1) (3)
v;“(t—&-l): inertia vi°8"(t+1): cognitive component v3°°(t+1): social component

(4)



where:
® p, is the global best position actually found by the entire swarm;
e m € [0,1], ¢; and ¢ are positive constants;

e Ri(t +1),Ro(t + 1) € R¥™? are diagonal matrices with randomly
distributed values, introducing stochastic variation into the movement.

The position is eventually corrected using a boundary operator 90X, i.e.:

x;i(t+1), ifx;(t+1) eX;
0X(%;(t+1)), otherwise.

xi(t+1)= { (5)

This ensures that the particles remain within valid search boundaries, as
0X maps a point X; ¢ X to one that falls within X.

At each iteration, the memory vector of i-th agent is updated based on
function evaluation:

bt +1) = {pi(t), if Fxi(t + 1)) > Fpi(t));

x;(t+1), if F(x;(t+1)) < F(pi(t)); (6)

with initial condition p;(0) = x,(0), and F denoting the objective function
to be minimized. Then the following chain rule is verified:

F(pi(0)) = F(pi(1)) = . = F(pi(t)) (7)

for any step t € T'.
The best global position is determined as:

py(t) = arg m}?{}“ (pi(t))},Vt €T, (8)
starting from
py(0) = arg miin{]:(pi(O))} = arg miin{]:(xi(O))}. 9)

Thus, each particle not only leverages its own experiences but also integrates
information from its group mates, enabling the swarm to explore the search
space more efficiently.

The following section provides an analysis of the previously described
version of the PSO and its parameters.



Analysis of the velocity components

e Inertia component

The initial formulation of the PSO algorithm, called original PSO, did
not involve an inertia term (m = 1). Although computationally simple,
this approach was not very effective in optimization problems as it
lacked mechanisms to effectively balance exploration and exploitation.
To address this, an inertia weight m # 1 was introduced into
the velocity update formula, significantly improving the algorithm
performance with minimal additional complexity. This modification
led to what is commonly called the canonical PSO.

The introduction of the inertia weight can be mathematically
interpreted by analyzing the effective forces acting on each particle.
In particular, for any t € T and i = 1, ..., N, we define

fi(t+1) = vy (¢ + 1) +vi*(t+ 1) (10)

and refer to f; as the resulting external force acting on the i-th particle,
where the cognitive and social component reflect the pull towards the
particle personal best and the global best positions, respectively. The
resulting effective acceleration can be expressed as:

Avi(t+1)=vi(t+ 1) —v;(t) =fi(t + 1) — (1 — m)v;(t). (11)

In this formulation, the term (1 — m) acts as a friction coefficient,
effectively capturing the viscosity of the environment through which
the particles move. Consequently, the inertia weight and the friction
coefficient are dependent. Higher values of m, that is, lower viscosity
and less friction, promote a more extensive exploration of the search
space. On the other hand, smaller values of m lead to a more dissipative
system, promoting exploitation.

e Cognitive and social components
In PSO, cognitive and social components represent internal and
external influences on the trajectory of each particle. The cognitive
term v;°®" reflects the self-confidence of the particle in its best position
previously found, whereas the social term vi°¢ embodies the attraction
towards the best solution found by the swarm. These components can
be interpreted as attractive forces produced by springs with varying
stiffness over time. Specifically, (¢c;R1)/2 and (c2Rz)/2 determine the
pull towards p; and pg, respectively. In this analogy, ¢;/2 and c¢y/2
represent the average stiffness of these springs. Consequently, adjusting
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these parameters, also known as learning factors, directly impacts the
way particles react or agitate: higher values of ¢; and ¢, lead to stronger
attractions, enhancing responsiveness, but risking instability. Thus, the
balance between cognitive and social terms fundamentally shapes the
ability of the swarm to explore the search space.

In general ¢; and ¢y are set to be constant in time and equal for all
agents. Early implementations of PSO set both coefficients equal,
typically ¢; = ¢ = 2.0. However, this choice often led to uncontrolled
oscillations. Subsequent empirical studies sought better control over
swarm dynamics by redefining the choice of ¢; and ¢y. Clerc and
Kennedy, 2002, suggested to fix both to approximately 1.49445 to
ensure convergence. In contrast, Carlisle and Dozier, 2001, proposed to
differentiate the two acceleration coefficients, recommending ¢; = 2.8
and ¢ = 1.3, emphasizing personal learning over social influence.
This setup was later supported by Schutte and Groenwold, 2005, who
observed that larger ¢; helped maintain diversity in the swarm and
reduced the risk of premature convergence by discouraging particles
from collapsing too quickly to a single solution, that is, to avoid
stagnation in suboptimal solutions.

As with the inertia weight, various PSO variants have explored
time-varying strategies for the acceleration coefficients. For example,
Ratnaweera et al., 2004, suggested decreasing both c¢; and c; over
time, while other works proposed complementary dynamics, such as
decreasing c¢; while increasing ¢y, to gradually shift the focus of
the swarm from self-exploration to collective refinement. Adaptive
approaches using evolutionary state information (Ide and Yasuda,
2005), genetic algorithms (Yu et al., 2005), fuzzy logic systems
(Juang et al., 2011), differential evolution (Parsopoulos and Vrahatis,
2002), and reinforcement-based methods such as adaptive critic design
(Doctor and Venayagamoorthy, 2005) have also been proposed.

From a sociological point of view, the components of the equation of the
velocity update can be interpreted as follows: the inertial and cognitive
terms embody individualistic behavior, reflecting the reliance of particle
on its current trajectory and past experiences; the social term instead
represents collective learning, arising from the exchange of information
among group members. This interpretation underlines the hybrid
nature of PSO, blending individual self-reliance with group-driven
cooperation to achieve efficient global optimization.

11



e Velocity initialization and clamping
Another critical aspect of PSO performance lies in the initialization
and control of particle velocities. If all particles are initialized with zero
velocity, their movement depends entirely on cognitive and social terms,
limiting exploration. Therefore, proper initialization and regulation of
velocity are crucial.

One of the earliest and most widely used strategies to regulate
particle velocity and maintain stable swarm behavior involves applying
component-wise velocity clamping.  For instance, Kennedy and
R. Eberhart, 1995, introduced a velocity clamping technique, bounding
each component of v; within a predefined range [—Vmax, +Vmax)-

More generally, it can be set the following rule: an upper limit on each
dimension of the velocity of the particle, ensuring that

|(vi(®));] = min{|(vi(£));], Vinax} (12)

for any t € T and 7 = 1,...,d, where vy, € R, is a predefined
threshold.

The choice of vy.x has a significant impact on the search behavior
of the swarm. Large values of v, allow for global exploration,
while smaller values of v, restrict movement, leading to localized
exploitative behavior. However, choosing an appropriate value for
Vmax 18 highly problem-specific, and there is no established heuristic
to reliably determine it.

To overcome this limitation, adaptive strategies have been proposed.
For example, Fan, 2002, introduced a linearly decreasing v ., over time
to gradually shift the focus of the swarm from broad exploration in the
carly stages to fine exploitation later in the run. Similarly, Fourie and
Groenwold, 2002, proposed to reduce v, dynamically, on the basis
of the recent success of the swarm, creating a feedback mechanism to
balance exploration and exploitation.

The inertia weight m can also serve as a velocity control parameter.
When m is large, the particle achieves higher velocities, thus enhancing
the exploration capability. In contrast, smaller values of m constrain
the speed of the particle and encourage a more localized search. This
can accelerate convergence, but the risk of premature stagnation in
local optima increases.

In parallel with the inertia-based approach, Clerc and Kennedy, 2002,
proposed an alternative method for velocity regulation based on the
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introduction of a constriction factor y, modifying the velocity update
rule to

vi(t+1) = x[vi(t)+Ea R (t41) (pi (1) —x4(t) )+ 2R (t+1) (py () —x:(1))].
(13)
The appropriate parameter mapping (i.e. from (x, é1,é) to (m,c1,¢1))
renders the constriction and inertia formulations equivalent. However,
the constriction factor must be carefully tuned: excessive values of x are
shown to lead to slow convergence, but high solution accuracy, while too
small values accelerate convergence at the expense of solution quality,
potentially leading to swarm stagnation Clerc and Kennedy, 2002.

Empirical investigations R. C. Eberhart and Shi, 2000, also show that
the combination of inertia weight or constriction factor with velocity
clamping, limiting the maximum velocity of the particle, substantially
improves the convergence rate and the quality of the solution.

Neighborhood topologies and information propagation
Particle interaction in PSO is governed by a communication topology,
often modeled as a social network. Different topologies, such as
fully connected (global best) and localized neighborhoods, shapes
how information spreads through the swarm and thus affects the
convergence behavior.

The definition of the global memory vector p, implies that there is a
transmission of knowledge throughout the entire swarm, as p, relies
on the information shared by all particles. This option, which gives
rise to the so-called global version of the method, has been shown to
lead to fast convergence, but to increase the possibility of premature
stagnation. To mitigate this limitation, local variants of the PSO were
proposed in which each particle communicates only with a limited
subset of the swarm. In these cases, each representative particle i, has
its own ”global” best solution vector that depends on the information
received by the subgroup of agent it is actually communicated with,
defined by the set N;(t):

Pyi(t) = argmin {F(p;(t))}, vt € T. (14)
JEN:(BULi}

The vector p,;(t) has then to replace its counterpart py. both in the
state of the i-th particle and in the velocity update rule.

These local communication structures introduce multiple social
attractors, which promotes greater population diversity. As a result,
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Figure 2: Neighborhoods defined by either the metric distance or topological
distance, from Duan et al., 2018.

the speed of convergence decreases, but the possibility of finding global
optima improves.

More specifically, the set N; can be defined as metric-based (i.e., defined
by spatial distance) or topological (i.e., defined by a network structure)
neighborhood. Although metric-based methods were explored in early
studies, such as in Kennedy and R. Eberhart, 1995, and Heppner
and Grenander, 1990, their computational cost and poor convergence
properties led to a shift towards topological structures. The difference
between these structures is shown in Fig. 2.

Topological networks, usually referred to as a social network, can be
static (fixed connectivity) or dynamic (time-varying). Static examples
include ring, star, and von Neumann structures, whereas dynamic
networks adapt over time based on particle performance or stochastic
rules.

In principle, the choice between open (excluding self) and closed
(including self) neighborhoods affects local best sclection as well.
However, studies have indicated that this choice has only a minor
influence on overall algorithm behavior (Kennedy and Mendes, 2002,
Mendes et al., 2003). Furthermore, Suganthan, 1999, suggested
a gradual transition from local to global connectivity to combine
early-stage exploration benefits with late-stage convergence advantages.

1.5 Limitations of classical PSO

Thanks to its efficiency in solving complex optimization problems, PSO is
widely used in machine learning, engineering, and computational intelligence.
Advances in computational techniques and GPU technology have further
expanded its applications across scientific and engineering domains. However,
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ongoing research continues to refine PSO variants to improve robustness and
efficiency.

1.5.1 Generic limitations

Despite its simplicity, minimal parameter tuning, and intuitive
implementation, canonical PSO can suffer from stagnation and premature
convergence. Consequently, to address these issues, numerous variants have
been developed to improve performance and adaptability.

In its canonical form (see Eq. (4)), each particle updates its velocity
based on a combination of inertia, its personal best position (cognitive
component), and the global best of the swarm (social component). A key
issue in this structure is the use of the global best position p,, which assumes
full information sharing throughout the swarm and continuous attraction
towards a fixed, static target.

Moreover, the stochastic elements R; and Rg, typically sampled from
uniform distributions, are simplistic and do not represent structured or
directional uncertainty. Another limitation lies in the inertial term mwv;(t),
which implies a continuous and smooth motion. Although effective in static
environments, this behavior limits the responsiveness of the algorithm in
rapidly changing or noisy settings.

Lastly, the canonical PSO assumes fixed or slowly evolving parameters
and lacks mechanisms for adaptive information or role differentiation between
agents, factors that are often critical in complex, dynamic systems. In
particular, the coefficients ¢; and ¢y in Eq. (4) lack a precise physical
interpretation, as they merely act as empirical scaling factors for the cognitive
and social components. This limits their explanatory power to modeling
real-world phenomena. In contrast, in the proposed model introduced in
the following chapter, the new coefficients are defined as weights with a
clear physical meaning, providing a more interpretable link between the
mathematical formulation and the underlying behavior.

1.5.2 Limitations in pedestrian evacuation scenarios

These limitations become especially critical when PSO is applied to a
dynamic multi-agent system such as pedestrian evacuation modeling. In
real-world evacuation scenarios, pedestrians operate with limited information
and interact locally. As such, the assumption of a global attractor like p, is
therefore behaviorally unrealistic and may lead to premature convergence or
synchronized motion that neglects spatial awareness and heterogeneity.
This limitation motivates the replacement of p, with a local best pg;,
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calculated over a dynamically defined neighborhood N;(t), which better
reflects visibility constraints, proximity-based interactions, and personal
space in crowded environments.

Additionally, in real environments, randomness is influenced by factors
such as partial visibility, perceived danger, and crowd density. Thus, these
terms should be redefined to encode bounded, directional uncertainty, and
heterogeneous environmental awareness (Colombi et al., 2017).

The inertial component mv;(t) also poses issues when modeling
pedestrian behavior. In contrast with the smooth and continuous motion
implied by inertia, pedestrians can stop, reassess, change direction, or start
moving again, especially in response to local signals such as fire, smoke, or
crowd movement. This behavior suggests that the inertial term should be
minimized or removed, providing a more flexible and reactive model that
is better suited to simulate sudden changes in motion. This approach is
supported by first-order pedestrian models that eliminate inertia to better
reflect stop-and-go dynamics.

Furthermore, the canonical PSO does not account for the dual role of walls
and obstacles. In real evacuation scenarios, walls can pose danger by creating
entrapment risks, but may also serve as navigational aids in low-visibility
conditions due to smoke. Modeling this duality requires incorporating
context-sensitive interactions between agents and environmental boundaries,
where walls may exert repulsive or attractive influence depending on the
situation.

Finally, while the canonical PSO assumes fixed or gradually evolving
parameters, it lacks mechanisms for adaptive information transfer that
reflect human communication. Recent alternative swarm methods, such
as Swarm-Based Gradient Descent (SBGD) proposed by Lu et al., 2024,
address this by introducing mass redistribution and communication-based
adaptation. These models distinguish between heavy agents (stable leaders)
and light agents (explorers), allowing more realistic dynamics where behavior
evolves through both individual learning and inter-agent communication.

These limitations are especially pronounced in evacuation scenarios,
where agents must constantly adapt to changing environments, moving
obstacles, and varying goals. The assumptions of static topology, uniform
behavior, and full information do not hold in these settings. Therefore, the
canonical PSO needs to be extended with mechanisms such as visual and
auditory local neighborhoods, context-aware stochasticity, and behaviorally
grounded dynamics. The following chapter presents a modified PSO model
that incorporates these extensions to more accurately simulate pedestrian
evacuation behavior under realistic constraints.
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2 Proposed model

In order to overcome the limitations of the classical Particle Swarm
Optimization model and better adapt the algorithm to simulate pedestrian
behavior, this chapter introduces a modified PSO framework. Each of the
previously identified limitations of the classical model is now analyzed and
re-examined in the context of behavioral realism, and the corresponding
algorithmic modifications are proposed to align the model with the observed
dynamics of human crowds.

2.1 Compact formulation of the modified PSO model

The modified PSO formulation can be expressed in a compact form that
generalizes the classical PSO formulation while adapting it to the context of
pedestrian dynamics. The proposed model integrates cognitive, social, and
stochastic contributions into a single velocity update rule and separates the
magnitude and direction of the velocity. This structure mirrors the canonical
PSO but introduces a separation of speed and direction, making it more
suitable for pedestrian dynamics.
For cach agent i at time ¢t € T, the update rule is written as:

—

vi(t +1) = vi(t + D)w;(t + 1), (15)

where v;(t + 1) denotes the speed (that is a scalar quantity bounded above
by the maximum admissible velocity Vi), and Wﬁl) = %
the unit vector indicating the direction of motion. This separation ensures
that the model respects physiological speed limits while preserving realistic
orientation dynamics.

The direction w;(t 4+ 1) results from a convex combination of behavioral

stimuli:

18

wit+1)=> ol(t+ 1)wﬁ1), (16)

jeT;

where 7 is the set of behavioral contributions and the coefficients o () the
corresponding adaptive weights that satisfy, for any ¢t € T' and agent i:

{a{(t) €01, VjeT; a7

dic, ol (t) = 1.

In order to maintain consistency with classical PSO variants, we assume that
pedestrian movement is dictated by social and cognitive inputs, affected by

17



random aspects, i.e., J; = {cogn, soc, rand} for any . The update rule of
the direction of the particle ¢ at time ¢ € T' therefore amounts to:

wi(t+1) = afP (L)W (¢ + 1)+af (t+ 1) wie(t + 1) +al™ (t+ 1) wid(t + 1).
(18)

The coefficients O{g capture the relative importance of each behavioral input
and can evolve over time depending on internal factors such as stress and
urgency, and external conditions such as visibility and crowding. This
convex combination ensures balanced contributions, preventing any single
component from dominating the others non-proportionally.

2.2 Cognitive component

The cognitive term models the tendency of the agent to move toward its own
goal or target. It is defined as:

WgogT_\ _ pi(t)_xi(t)
) = I =T

where p;(t) is the personal best position associated with the agent i, for any
telT.

In canonical PSO, p; corresponds to the best position found so far by the
particle in terms of the optimization objective. In the pedestrian context, this
concept is reinterpreted as an agent-specific desired position, for example, an
exit or a safe zone, reflecting the intentional, goal-directed nature of human
motion. This reinterpretation grounds the cognitive component in behavioral
realism, ensuring that each agent maintains a clear objective.

(19)

2.3 Social component

A structural limitation of the canonical PSO is the assumption of
global interactions, where all particles are influenced by the same best
position. Although suitable for abstract optimization tasks, this assumption
is unrealistic in the context of pedestrian dynamics, particularly in
the evacuation scenarios considered, where obstacles, partial visibility,
and perceived danger can affect pedestrian behavior. To address this,
neighborhoods are redefined as sets of agents that fall within perceptual
ranges. Here, visual neighborhoods are considered.

Before detailed analysis, it is important to define what kind of
neighborhood will be used in this formulation. For evacuation modeling,
metric neighborhoods seem more realistic, since in emergency situations
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J2

Figure 3: Visual field of particle i: j; € N;(t), j2, j3 & Ni(¢).

pedestrians tend to react to spatial proximity, not fixed interaction ranks.
Consequently, the following formulations adopt the metric approach.

The social component reflects the influence of other agents through
a local neighborhood. Unlike the canonical PSO, which assumes global
communication, here interactions are restricted to perceptual ranges. The
visual neighborhood of agent i at time ¢ € T' is defined as (Fig. 3):

Nilt) = {J’ =L N # il (0) = xi]] < i
arccos (<Xj<t> — xi(t)) -wi@)) - 9:&;}

|1 (1) = x4 (2)] 2

where 7Y% is the maximum visual range (vision depth) of the individual and

0¥ is the angle of vision. This definition identifies the visual neighborhood

as a circular sector centered at the position x;(t), with radius r¥$_and angle
vis
Hmax'

The social influence is then based on the local best position p,; among
these neighbors:

(20)

Py,i(t) = ,zﬁg(gbig}{F (p;(1))}, (21)
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yielding the normalized social direction:

soc/\ _ pgl(t)_xl(t)
WD) = 1, — %@

2
This formulation captures perception limits and the directional dependence of
vision, leading to realistic emergent effects such as clustering, lane formation,
or clogging at exits. It also ensures that interactions remain local and
bounded, in contrast to the unrealistic global awareness assumed in the
canonical PSO.

(22)

2.4 Random component

In the canonical formulation of the algorithm, stochasticity is introduced by
the random diagonal matrices R; and Rs, whose components are typically
sampled from a uniform distribution ¢(0, 1). Although intended to promote
exploration, the resulting randomness is isotropic, uniform across all agents,
and insensitive to environmental variability.

In pedestrian dynamics, uncertainty is rarely uniform: it is often
directional, context-dependent, and heterogeneous, influenced by visibility,
crowding, and perceived danger Colombi et al., 2017. To address this,
stochasticity is introduced in Eq. (4) as an explicit velocity component,
independent of cognitive and social terms:

— N I'Z(t+1)

wind(p 1) = TG (23)

(2
where r;(t) is a bounded random vector that can encode context-specific
variability.

In a first version of the model the random component will be a vector of
diffusive type, i.e.

ri(t+1) = (cos(n;(t + 1)), sin(n;(t + 1)) (24)

with n; ~ U]0,27),Vi = 1,..., N and ¢ € T". This formulation allows agents to
explore alternative directions and prevents premature alignment. Moreover,
it introduces heterogeneity among agents, ensuring that their trajectories
remain diverse even under similar conditions.

2.5 Advantages over the canonical PSO

The modified formulation differs from the classical PSO in the following key
ways:
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1. Absence of inertia and explicit random component: the model avoids
the rigid momentum effects of the canonical algorithm and incorporates
a flexible exploration mechanism. This improves adaptability and
reflects the reactive nature of pedestrians, who may stop, reorient, or
react suddenly to local stimuli such as crowd congestion, alarms, or
smoke;

2. Decoupling of velocity magnitude and direction: the separation of speed
from orientation ensures that agents respect physiological velocity
limits while maintaining flexibility in their directional choices;

3. Local rather than global interactions: unlike the canonical PSO,
where all agents are influenced by the same global best, the modified
model restricts interactions to perceptual neighborhoods. This makes
the dynamics behaviorally plausible, since pedestrians have limited
information and act based on local visibility and proximity, not global
knowledge of the environment.

Together, these modifications provide a framework that preserves the
strengths of PSO while adapting it to the specific requirements of evacuation
dynamics, where reactivity, heterogeneity, and perceptual constraints are
critical.
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3 Numerical results

To assess the performance of the proposed PSO algorithm, it was applied to
two standard benchmark functions: the paraboloid (or sphere) function and
the Ackley function.

3.1 Search space and test functions

All simulations were conducted within a two dimensional square search space
X = [—L, L)?, where the position vector of the particle i is defined as:

XL(t) = [ZL’Li(t), $27z‘(t)]/ eX,VteT. (25)

A two-dimensional setup was selected to simplify the visualization of
swarm trajectories and reduce the computational cost, while still being
adequate to demonstrate the effectiveness of the proposed modification.

To examine the performance of the algorithm across different fitness
landscapes, two standard benchmark functions were selected, the sphere and
the Ackley functions, representing respectively a unimodal and a multimodal
optimization problem.

3.1.1 Sphere Function

The sphere function is a classic unimodal function, commonly used to test
the convergence efficiency and precision of optimization algorithms. In the
two-dimensional case, it is defined as:

F(x1,2a) = a:f + ZU% (26)

This function has a unique global minimum at x* = (0, 0), with F(x*) = 0, as
shown in Fig. 4. Its smooth and convex nature makes it particularly suitable
for evaluating the exploitation capacity of the algorithm.

3.1.2 Ackley function

The Ackley function is a complex multimodal function employed to test the
ability of the algorithm to avoid stagnation in local minima and to maintain
a proper balance between exploration and exploitation.

In two dimensions, it is defined as:

+20+e.
(27)

2 2 5 5
F(z1,x2) = —20exp {—0.2 1+ 25 }—CXp{COS( ) -;— cos(2mxs)



3D surface plot of the paraboloid function

Figure 4: Plot of the sphere function defined in Eq. (26).

This function is characterized by a global minimum in x* = (0,0), with
F(x*) = 0, and numerous local minima distributed uniformly throughout
the domain, as shown in Fig. 5.

This landscape presents a significant challenge for optimization
algorithms, which can easily become trapped in suboptimal regions.

3.1.3 Boundary conditions

A critical aspect in the simulations concerns the management of particles
that attempt to leave the search space X. A reflective boundary condition
was implemented to ensure that all particles remain within the domain.

As defined in Eq. (3), the candidate new position is computed as:

Xi(t+1) =xi(t) + vi(t +1) (28)

and then corrected according to Eq. (5). In the reflective scheme, 0X maps
any point X; ¢ X back into the feasible region by reflection across the violated
boundary. This is achieved as follows:
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3D surface plot of the Ackley function
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Figure 5: Plot of the Ackley function defined in Eq. (27).
1. Compute the overshoot distance of the particle. For example, if the
particle trespasses the right boundary

d=x;(1) - L, if x;(1) > L. (29)

2. Reflect the position back into the domain by the same distance, e.g.
%,(1) = L—d. (30)
while maintaining the other component.

3. Invert the corresponding component of the direction vector (that is
w;(1) = —w;(1) in the above example), simulating a physical reflection
of the visual field.

The described procedure is repeated properly over the entire boundary until
x; € X and then x;(t + 1) = x;(t + 1).
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3.2 Classification of the results

The performance analysis focuses on a homogeneous swarm in which all
particles have the same level of exploration and exploitation behavior, which
is constant in time, i.e. a®" = a8 ¢ = o*°, and ! = ol =
1,...,N. The aim of our first analysis is to identify the set of weighting
parameters a = (a®®" a*°¢, o) that produces the best convergence
behavior and solution quality.

Given the stochastic nature of the algorithm, each considered
configuration of o was tested over R independent runs, each limited to a
maximum of T,,,, iterations.

For every simulation run r = 1,..., R, the swarm of N particles was
initialized as follows:

e initial positions: randomly distributed within the domain X, with
.’L’Li(O),.’I)QJZ(O) ~ U[—Q,Q];

e initial velocities: random directions, i.e. randomly distributed in
[0,27), with a constant magnitude v = 0.01 across all particles and
runs.

The results were evaluated using two types of metrics: success rate
indicators and swarm learning analysis.

Success and convergence rates The success of convergence is assessed
at the final iteration Tp,.., based on the distance of all particles from the true
global minimum x*, within a tolerance tol.

For each simulation r = 1,..., R, two performance indicators are
computed:

1. Success rate (SR):

&
SR =4 2_; S,, (31)
where
S = 1(,min [[Pi(Thax) — x| < tol), . (32)
and 1 denotes the indicator function.
2. Convergence rate (CR):
1B
CR=4 Zl C,, (33)



Swarm learning curve = [0.1 0.6 03] one Swarm learning curve -« = [0.6 0.3 0.1]

Figure 6: Learning curves of the Ackley function for different sets of a. The
plots show the cumulative fraction of stopped particles as a function of the
iteration t.

where
C, = ]1( max ||pi(Tmax) — X7|| < tol)

i=1,..,N

- (34)
The success rate measures the fraction of runs in which at least one particle
reaches the global minimum, while the convergence rate quantifies the
fraction of runs in which all particles converge within the tolerance.

Swarm learning and stopping analysis The proposed modification
introduces a particle-stopping mechanism, which requires additional
performance metrics related to the learning dynamics of the swarm. A status
vector of size N is initialized to zero. When the personal best position
of one particle p; lies within the tolerance of the global minimum (i.e.
llp; — x*|| < tol) at a given time t € T, its corresponding entry is set to
1. From that moment on, the velocity of the particle is set to zero:

vi(t) =0, Vt > 7. (35)

This mechanism models the behavior of an agent that, upon reaching the
optimum, stops moving and communicates its optimal position to the rest of
the swarm. Consequently, its position remains fixed at the optimum for all
subsequent iterations.

The stopping time o, of each agent is recorded, and the cumulative
fraction of stopped particles is plotted as a function of iteration ¢, as shown
in Fig. 6. This curve, referred to as the swarm learning curve, provides insight
into the collective learning speed and efficiency for different o configurations.

As illustrated in the plots, in the first case almost all particles stop and
reach the minimum of the Ackley function, while in the second case only
about 13% of the particles stop, indicating incomplete convergence.
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Parameter Description Value
N Swarm size 100
Tinax Maximum number of iterations 1000
R Number of repetitions 10
L Domain size X* = [~L, L]? 2m
Ovis Visual angle of the particles 1.48 rad
Tyis Visual radius (depth) of the particles 1m
% Constant particle speed 0.0l m s~!
tol Convergence tolerance 0.01 m

Table 1: Summary of the parameters used in the simulations.

3.3 Parameter settings

All simulations were performed using N = 100 particles, uniformly initialized
within the squared domain, with R = 10 repetitions per each choice of a to
ensure statistical robustness. The maximum number of iterations was set to
Tax = 1000. A summary of parameters is reported in Tab. 1.

3.4 Variation of the a weights

The main goal of this analysis is to determine the optimal combination of
the weight parameters a = (a®®" a°, o), which govern the cognitive,
social, and random components of the modified PSO dynamics. A total of 18
unique a sets were tested. Performance was evaluated using the previously
defined SR and C'R metrics, for both the sphere and the Ackley functions.

The aggregated results are summarized in Tab. 2, allowing for a direct
comparison between the two problems. The results obtained for the sphere
and Ackley functions reveal consistent trends, but also highlight the different
demands of unimodal and multimodal optimization. The sphere function
primarily tests exploitation capability, while the Ackley function requires a
more delicate balance between exploration and exploitation due to its many
local minima.

SOC

Edge-case configurations The results from the “edge-case” parameter
sets serve to validate the implementation of the model.

e Cognitive-only (o = (1,0,0)): in this configuration, the direction of the
velocity reduces to w; = 1-w; " Vi = 1,..., N. At the first iteration,
the personal best of each particle coincides with its current positions,
i.e. p;(0) = x;(0), leading to w;**"(1) = 0, Vi = 1, ..., N. Consequently,

the simulation shows that all particles never move from the initial
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Values of F—Sphere Ackley
acosn | soc arand SRb CRb SRA CRA
1 0 0 0 0 0 0
0 1 0 0.6 0 0.6 0
0 0 1 0.5 0 0.3 0
0 |1/2] 1/2 1 1 0
2 [ 0 | 12 | 1 0 1 0
1/2 1/2 0 0.6 0 0.4 0
13 [1/3 | 1/3 | 1 1 1 0
0.6 0.2 0.2 1 1 1 0
0.2 0.6 0.2 1 1 1 0.5
0.2 0.2 0.6 1 0 1 0
0.6 0.3 0.1 1 1 1 0
0.6 0.1 0.3 1 1 1 0
0.1 0.6 0.3 1 1 1 0.3
0.3 0.6 0.1 1 1 1 0.9
0.3 0.1 0.6 1 0 1 0
0.1 0.3 0.6 1 0 1 0
0.05 | 0.6 | 0.35 1 1 1 0.4
0.05 | 0.5 | 0.45 1 1 1 0

Table 2: Statistical success and convergence rates for the 18 tested « sets,
compared across sphere (SRY, CR®) and Ackley (SR#, CR*) functions.

position x;(0), resulting in the total absence of full convergence for both
the tested functions, (i.e. CR% =0, CRA = 0), while a nonzero success
rate (SR > 0) may occur only by chance if a particle is initialized
exactly at the global minimum.

e Social-only (e = (0,1,0)): the swarm is influenced exclusively by
the global best position. The model successfully reaches the optimum
(SR% = SR* = 0.6) for both functions, but fails to achieve full swarm
convergence (CR® = CR#* = 0), as once the global best is found,
particles continue to be attracted toward it without any stabilizing
cognitive component, resulting in oscillations and dispersion around
different regions of the search space.

e Random-only (a = (0,0,1)): the motion degenerates into a pure
random walk, as particles lack both memory and social interactions.
This configuration performs poorly, failing to converge in either test,
resulting in CR® = 0, CR = 0 in both scenarios. Occasionally, a few
particles may reach the minimum by chance, yielding in partial success
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(SR% = 0.5 and SR* = 0.3).

Performance on the sphere function The results for the sphere function
highlight the sensitivity of full swarm convergence, even for a simple unimodal
landscape. As shown in Tab. 2, at least one particle reaches the global
minimum in all the configurations tested (SR® > 0, Va), confirming that
the algorithm consistently identifies the optimal region of the search space
regardless of the set of parameters chosen. This behavior indicates a strong
intrinsic stability of the swarm dynamics.

However, complete convergence of the swarm (C'R® = 1) is achieved only
for a subset of the tested set of a. Failures typically occur when social
or random weights are set to zero (a**¢ = 0 or o™ = (), implying that
both collective interaction and a stochastic component are essential for the
full alignment of all agents. On the other hand, when the random weight
becomes dominant (a**d = 0.6), the added noise prevents the particles from
settling precisely at the minimum, leading to oscillatory behavior around the
optimum.

Overall, the results indicate that for smooth unimodal problems, the best
performance arises from a dominant social term combined with a moderate
random perturbation.

Performance on the Ackley function The Ackley function represents a
much more challenging multimodal scenario, where the swarm must balance
exploration and exploitation to avoid being trapped in local minima.

Despite the increased complexity, every configuration leads to at least
one particle reaching the global minimum (i.e. SR4 > 0, Vo). This
is a remarkable result, particularly considering the limited communication
network among agents in this model.

However, global swarm convergence (CR? = 1) occurs only in a few
specific cases, all characterized by a strong social influence (o*°° = 0.6) and
a low cognitive weight (a®®" < 0.3), combined with a moderate random
contribution (0.1 < o™9 < 0.4). Configurations lacking randomness
(a4 = 0) do not converge, as particles remain trapped in local minima
without sufficient stochastic energy to escape, resulting in stagnation. This
is also confirmed by the low success rate obtained for e = (0.5,0.5,0) (i.e.
SRA = 0.2), indicating that the absence of the random component prevents
particles from escaping from local minima.

The stagnation effect is illustrated in Fig. 7, showing the final positions
of all particles after T,,., iterations. The background of the plot represents
the contour lines of the Ackley function, with the global minimum at (0,0)
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marked by a black star. The particles (blue dots) are visibly clustered
around multiple local minima, failing to converge to the true global optimum.
Adding randomness restores exploratory capability, allowing the swarm to
escape local minima and converge toward the global optimum.

These results emphasize that successful optimization on multimodal
landscapes requires a well-balanced interplay between social cohesion and
controlled randomness, while excessive self-reliance on personal bests impedes
collective progress.

General observations and optimal configuration Comparing the
results obtained for both functions, a clear pattern emerges:

e the absence of either the social or random component (a*° = 0 or
a4 = () leads to failure in both test cases;

e the sphere function penalizes excessive randomness, whereas the Ackley
function requires it to overcome stagnation in local minima.

Among all tested, the set a = (0.3,0.6,0.1) emerges as the most robust
configuration across both tests. It achieves perfect convergence on the
unimodal function (CR® = 1) and the highest convergence rate on the
complex multimodal Ackley function (CR4 = 0.9).

This optimal configuration validates the theoretical principles underlying
the modified PSO model: low cognitive bias, strong social consensus, and
moderate random exploration provide the most effective balance to solve
complex multimodal problems without sacrificing precision on simple ones.

While Tab. 2 provides detailed quantitative results, visualizing the
performance of the swarm within the a space offers a more intuitive
understanding of the relationships between parameters.

Fig. 8 presents a 3D scatter plot in which each of the 18 tested « sets is
represented as a point according to its (a®*, a*°¢, o) components. The
performance is encoded using the following color map:

e white dots: no particles have reached the global minimum of the
function, i.e. SR = 0;

e light blue dots: at least one particle has reached the global minimum,
but without full convergence, i.e SR > 0and CR < 1;

e blue dots: all particles have successfully converged to the true minimum
of the function, i.e. CR = 1.

This visualization highlights how the balance between cognitive, social,
and random weights directly affects the ability of the swarm to solve the
optimization problems.
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Figure 7: Example of stagnation in Ackley function.

3.5 Note on the influence of velocity and domain scale

In addition to the o weights analysis, a complementary set of experiments
was conducted to evaluate the sensitivity of the model to the speed v.
Keeping all the other parameters identical to the previous simulations, the
swarm was tested with three additional velocities: v € {0.05,0.1,0.5}. The
corresponding success and convergence rates for both the sphere and the
Ackley functions are reported respectively in Tab. 3 and Tab. 4, together
with the results already examined for v = 0.01.

Overall, the results indicate that the velocity magnitude strongly
influences swarm convergence. For both functions, at least one particle
always succeeds in reaching the global minimum (SR > 0, Vv), confirming
the robustness of the exploratory mechanism of the model. However, full
swarm convergence (C'R = 1) is highly sensitive to the chosen speed.

For the sphere function, convergence progressively deteriorates as v
increases. The best results are obtained for v = 0.01, where most
configurations achieve CR® = 1. At intermediate velocities (v = 0.05,v =
0.1) particles tend to overshoot the minimum, leading to oscillatory
stabilization, while at the highest speed tested, convergence becomes unstable
for nearly all parameter sets. This behavior reflects the balance between
movement resolution and attraction dynamics: excessively fast particles lack
the precision required to settle within the narrow tolerance region of the
minimum.

For the Ackley function, the overall trend is similar, but with stronger
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Figure 8: 3D representation of the tested a parameter sets in the
(aen a%c¢ arand) gpace. On the left the 3D plot for the sphere function,
on the right for the Ackley function.

sensitivity to v. While the success rate remains high for most parameter sets,
reflecting the observations done above, the convergence rate is consistently
zero for all tested velocities. Moreover, increasing v does not enhance
exploration: larger velocities cause particles to skip over narrow attraction
basins and oscillate between local minima, preventing stable convergence.

To further investigate the role of velocity scaling relative to the search
space, an additional test was performed on the Ackley function with an
expanded domain X = [—10, 10]? and a significantly higher particle velocity
v = 1. In this configuration, an apparent increase in the success rate was
observed., due to the high velocity-to-domain ratio (v/L = 0.1, compared to
v/L = 0.005 in the main experiment).

At such speed, the particles take steps that are too large to perceive or
be captured by the local minima of the Ackley function. As a result, the
algorithm effectively “jumps” over the small-scale traps, perceiving only the
large-scale global basin of attraction. This behavior artificially simplifies the
optimization problem, leading to apparently easier convergence that does not
reflect true exploratory capability.

These finding confirms that small velocities (e.g. v = 0.01) are best suited
for assessing the true dynamic balance between exploration and exploitation,
while larger velocities can distort the search process by suppressing the effect
of multimodality. The choice of v seems to be made in proportion to the
spacial scale of the domain and the expected complexity of the objective
function.
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Values of o vi=0.01]vy=0.05| v3=0.1 | v, =0.5
acoen | gsoc [ qrand | R T CR| SR CR|SR|CR| SR | CR
1 0 0 0 0 0 0 0 0 0 0
0 1 0 06| 0 1 0 1 0 |06]| O
0 0 1 05| 0 1 0 {07] 0 |08 O
0 1/2 | 1/2 1 1 1 1 1 0
1/2 0 1/2 1 0 1 1 1 1 0
12 [1/2] 0 |06 0 | 1 [0 ] 1] 0 01] 0
1/3 | 1/3 | 1/3 1 1 1 0.9 1 0 |04]| O
0.6 0.2 0.2 1 1 1 0 1 0 0.8 0
0.2 0.6 0.2 1 1 1 0 1 0 0.2 0
0.2 0.2 0.6 1 0 1 1 1 0.1 1 0
0.6 0.3 0.1 1 1 1 0 1 0 [04] O
0.6 0.1 0.3 1 1 1 0.3 1 0 |06]| O
0.1 0.6 0.3 1 1 1 0.2 1 0 0.1 0
0.3 0.6 0.1 1 1 1 1 0 |06]| O
0.3 0.1 0.6 1 0 1 1 0.2 1 0
0.1 0.3 0.6 1 0 1 1 0.2 1 0
0.05 | 0.6 | 0.35 1 1 1 0.9 1 0 [02] O
0.05 | 0.5 | 045 1 1 1 1 1 0 |08] 0

Table 3: Success and convergence rates for the sphere function, compared
across the 18 tested a sets and different velocities.

3.6 Simulation on a real search space

To further validate the proposed model beyond the benchmark functions,
a simulation was conducted in a simplified real-world environment: Piazza
Vittorio Veneto in Turin. The search space is modeled as a rectangular
domain X = [—Ly, L] X [—Ls, Ly|, representing the accessible area of the
square.

Domain and exit configuration The environment includes six exit
points: two main exits (Via Po and the access to the Vittorio Emanuele
I bridge) and four secondary exits located along the two lateral sides of the
square (see Fig. 9).

In an evacuation scenario, only the main exits ensure safe outflow.
Secondary exits, although physically accessible, are too narrow and
structurally inadequate to be considered viable evacuation points. Despite
this, pedestrians may still be drawn toward them if they approach closely
enough to visually detect them.
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Values of o vi=0.01]vy=0.05| v3=0.1 | v, =0.5
acoen | gsoc [ qrand | R T CR| SR CR|SR|CR| SR | CR
1 0 0 0 0 0 0 0 0 0 0
0 1 0 06 0 |09 0 |09 O |05] O
0 0 1 03] 0 [09] 0 09| 0 |09] O
0 1/2 | 1/2 0 1 0 1 0 0
1/2 0 1/2 1 0 1 0 1 0 0
1/2 | 1/2 0 04] 0 (03] 0 |08] 0 |01 0
1/3 | 1/3 | 1/3 1 0 1 0 1 0 |06]| O
0.6 0.2 0.2 1 0 1 0 1 0 |08]| O
0.2 0.6 0.2 1 0.5 1 0 1 0 0.4 0
0.2 0.2 0.6 1 0 1 0 1 0 1 0
0.6 0.3 0.1 1 0 1 0 1 0 | 0.1 0
0.6 0.1 0.3 1 0 1 0 {09 0 |06 O
0.1 0.6 0.3 1 0.3 1 0.2 1 0 0.1 0
0.3 0.6 0.1 1 09109]| 0 1 0 |08] 0
0.3 0.1 0.6 1 0 1 0 1 0 1 0
0.1 0.3 0.6 1 0 1 0 1 0 1 0
0.05 | 0.6 | 0.35 1 0.4 1 0.2 1 0 [02] O
0.05 | 0.5 | 045 1 0 1 0 1 0 |08] 0

Table 4: Success and convergence rates for the Ackley function, compared
across the 18 tested a sets and different velocities.

To correctly capture the different nature of the two types of exits, the
objective function was designed to feature two global minima (corresponding
to the main exits) and four local minima (associated with the secondary
exits). Importantly, each local minimum becomes detectable only when
the agent is sufficiently close to the corresponding secondary exit. This
models the architectural occlusions created by the porticoes, which prevent
pedestrians from visually identifying the side exits until they approach them
closely.

Objective function The objective function acts as a cost function, guiding
agents toward safe exits while penalizing movements toward secondary ones.
It combines a global cost component based on the distance from the main
exits with a local attraction term representing the temporary influence of the
secondary exits. It is defined as:

F(x) = max (0, Frpan(x) — C(x)). (36)
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¥ Po Luigi Cadan

Figure 9: Map of the simulated environment showing the positions of the
main (red) and secondary (green) exits, together with the rectangular domain

X.

The first term,
Enain(x) - mlD(HX - dl||~, ||X - d2||)7 (37)

represents the distance to the nearest main exit d; or ds. The second term,

A

C(x) = max(0, A — i d (38)

min)7
models the local attractions cone generated by the closest secondary exit. Its
formulation incorporates two key aspects:

1. visibility constraint: the cone becomes positive only when the agent is
at a distance dp;, < o, meaning that secondary exits influence the cost
only when they become visible;

2. depth modulation: the attraction increases as the agent approaches the
exit, reaching depth A at its center. This reflects the natural tendency
of pedestrians to be increasingly attracted to what appears to be a
viable exit once it enters their field of view.

The resulting function is characterized by two global minima in xj =
(—180,0) and x5 = (180, 0). corresponding to the two main exits located on
opposite sides of the square, and four local minima: x; = (=15, —55),xs =
(—15,55),x3 = (95, —55) and x4 = (95, 55).

The goal of the swarm is to reach one of the global minima, where F(x*) =
0, representing safe evacuation.
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Parameter Description Value
N Swarm size 100, 200, 300
Tinax Maximum number of iterations 1000
R Number of repetitions 10
Lqi,Ls Domain size X* = [— Ly, L1] X [—La, Lo] 180,55 m
Ovis Visual angle of the particles 1.48 rad
Tvis Visual radius (depth) of the particles 50 m
v Constant particle speed 1.5ms™!
tol Convergence tolerance 1.5 m
A Deepness of the cone 30 m
o Radius of influence of the secondary doors 30m

Table 5: Summary of the parameters used in the real-case scenario
simulations.

Evaluation metrics To assess the performance of the swarm in the
realistic evacuation scenario, the same convergence metrics used for the
benchmark functions were employed:

e success rate (SR): fraction of repetitions in which at least one particle
reaches a global minimum;

e convergence rate (C'R): fraction of repetitions in which all particles
reach a global minimum.

In addition, the time of full convergence T,y is computed by collecting the
stopping times of all particles within each simulation and averaging them,
following the same analysis procedure as before.

Parameter settings The simulation was performed using only the «
configuration that yielded the best performance across all previous tests,
i.e. a=(0.3,0.6,0.1). Three different population sizes N where tested, with
agents uniformly initialized in the domain and I = 10 repetitions per each
choice of N. Also in this case, the maximum number of iterations was set to
Tax = 1000. A summary of the parameters is reported in Tab. 5.

Results analysis The results are summarized in Tab. 6.

For every population size tested, SR = 1 and CR = 1, i.e. in every
repetition all particles reach one of the global minima. This means that
no particle remains trapped in any of the four local minima, despite their
presence and their attraction cones. The swarm consistently identifies the
two safe exits, demonstrating that the optimal parameter configuration
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Population size N | SR | CR | Time of full convergence
100 1 1 155
200 1 1 143
300 1 1 147

Table 6: Success rate (SR), convergence rate (C'R), and average time of full
convergence (T,y) for the real-case objective function, reported for the three
tested population sizes N.

a = (0.3,0.6,0.1) generalizes well from synthetic multimodal functions to
a realistic spatially structured scenario.

Convergence times remain stable across different swarm sizes. The values
of T, are extremely close for all population sizes, indicating that:

e increasing the number of particles N does not significantly alter the
speed of convergence;

e convergence is dominated by the strong attraction toward the main
exits;

e secondary exits create temporary perturbations, but do not induce
stagnation.

Although the objective function includes four local minima, none of the
simulations ended with particles trapped in these points. Some particles
may temporarily enter the attraction cones of secondary exits, reflecting
perceptual limitations, but the strong social component encourages the to
re-align with the overall swarm direction and follow the collective movement
toward a main exit.

A representative plot of the final particle distribution in Fig. 10 illustrates
that all agents consistently accumulate at the two global minima, visually
confirming the quantitative results.

Final observations The real-case scenario confirms the robustness and
scalability of the proposed model. Despite the presence of misleading local
minima and visibility constraints, the swarm consistently converges to the
safe exits with perfect success and convergence rates across all population
sizes. The stability of convergence times and the absence of stagnation near
secondary exits highlight the effectiveness of the balance between individual,
social, and environmental components encoded in the parameter set ¢ =
(0.3,0.6,0.1).

37



Final positions - N = 100, run 10)
v

Ol .

=

-150 -100 -50 0 50
X

Figure 10: Final particle distribution at the end of a representative simulation
with N = 100: all agents converge to the two global minima, while no agent
remains trapped in a local minimum.

These results demonstrate that the modified PSO algorithm successfully
captures evacuation-like behaviors in simplified spatial domains and performs
reliably when transitioning from synthetic benchmark functions to realistic
environments.
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4 Conclusions

This thesis presented a modified Particle Swarm Optimization (PSO)
model tailored to simulate pedestrian behavior in evacuation scenarios.
The canonical PSO framework was extended by incorporating a random
component into the velocity update, introducing perceptual constraints
through a visual neighborhood, and adapting the interaction rules to reflect
features of human crowd motion. These modifications were designed to
overcome the limitations of the canonical algorithm when applied to realistic
and spatially structured environments.

The performance of the proposed model was assessed on two benchmark
functions, a simple unimodal function (the sphere) and the highly multimodal
Ackley landscape, and on a real-scenario objective function representing
Piazza Vittorio Veneto. Across all tests, the model exhibited robust and
stable behavior. In particular, the results obtained with the Ackley function
highlight the ability of the model to avoid local minima and maintain a
balance between exploration and exploitation, a property that is essential
in evacuation settings. The real-scenario simulation further confirmed the
effectiveness of the model: for every population size tested, all agents
successfully reached one of the two global minima, demonstrating reliable
convergence and strong resilience to misleading local minima generated by
secondary exits.

The outcomes of this work indicate that the proposed modifications of the
PSO are suitable for modeling pedestrian evacuation, while ensuring good
scalability and consistent convergence properties.

Several directions remain open for future resecarch. A natural extension
could consist in the introduction of obstacles into the domain to more
accurately reflect real urban geometry and to test the ability of the model
to navigate constrained environments. Additional perceptual neighborhoods,
such as auditory ones, could be incorporated to capture richer forms of human
awareness. Finally, the objective function could be expanded to account for
environmental hazards such as smoke, reduced visibility, or dynamic changes
in the accessibility of exits.

Overall, the results seem to indicate that the modified PSO framework
constitutes a flexible tool to simulate pedestrian dynamics in evacuation
contexts, offering both methodological insights and practical potential for
real-world applications.
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