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Abstract. This paper introduces a study of a physics-inspired extension of the Particle Swarm
Optimization algorithm for coordinated particle motion. The method reformulates Particle Swarm
foundations within a Lagrangian framework, which allows defining particle motion with each
particle possessing physical properties such as mass and size. Attractive and repulsive potential
fields, together with a spring—damper interaction model, control the swarm dynamics. Personal
and global best positions determine the collective movement of particles toward a target equi-
librium region. The proposed potential functions prevent collisions among particles and with
obstacles. The model also incorporates Rayleigh dissipation to account for energy loss, and a
semi-implicit Euler integration scheme computes the discrete-time motion. Validation in a two-
dimensional environment with obstacles demonstrates that the proposed approach results in pos-
itive net dissipation, and the energy-aware analysis provides engineers with quantitative metrics
for parameter tuning, interaction strength calibration, and performance optimization. The de-
veloped framework bridges bio-inspired optimization and classical mechanics, offering both a
principled foundation for swarm modeling and a diagnostic toolkit for understanding emergent
collective dynamics.

Keywords: Lagrangian dynamics, multi-agent systems, particle swarm optimization, swarm in-
telligence, physics-inspired algorithms.

1 Introduction

Motion dynamics grounded in nature-inspired metaheuristics and swarm intelligence
are widely studied in numerous works (Spears and Spears, 2012; Tzanetos and Dounias,
2017; Yang, 2020; Lu et al., 2025). The principles of coordinated movement observed
in the behavior of birds, ants, bees, and flocks form the basis not only for heuristic op-
timization methods but also complement approaches that model the motion of physical
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particles (Olfati-Saber, 2006; Morin et al., 2015; Zhou et al., 2024; Nguyen, 2024).
However, most well-established swarm-based algorithms, such as Particle Swarm Op-
timization (PSO) (Kennedy and Eberhart, 2002; Shami et al., 2022), Ant Colony Opti-
mization (Dorigo et al., 2006; Blum, 2024), and related families of methods are highly
abstract, and their derivations do not account for physically consistent aspects. Fur-
thermore, many nature-inspired and physics-inspired optimization algorithms (Biswas
et al., 2013) are based on processes found in nature, but they do not attempt to sim-
ulate them realistically. Instead, they significantly simplify these processes and keep
only basic rules that are useful for computation (Sérensen, 2015; Eiben and Smith,
2015). These shortcomings limit their use in multi-agent motion models that require
solid physical foundations and complex interaction rules.

In general, the motion of physical objects is described using Newtonian or La-
grangian dynamics (Wolf Pila, 2019), where motion emerges from forces, constraints,
and energy interactions. However, classical physical models do not explicitly incor-
porate mechanisms of collaborative swarm behavior, such as alignment, cohesion, or
flocking (Vicsek et al., 1995). Thus, this leads to a gap between the strict physical deter-
minism of object motion and nature-inspired swarm approaches that explicitly encode
collective organization and interaction rules.

Several studies have attempted to bridge this gap. For example, in works (Mikki
and Kishk, 2007, 2008), a rethinking of the standard PSO using the basics of molecu-
lar dynamics and thermodynamics is proposed in order to combine physical principles
with a nature-inspired swarm algorithm. Similarly, the Firefly algorithm (Fister et al.,
2013) incorporates simplified physical laws of light propagation, where attractiveness
decreases according to the inverse-square law and absorption effects, causing brighter
fireflies to attract dimmer ones.

More recent studies have introduced additional physical principles into swarm mod-
els. For instance, the Gravitational Search Algorithm (Yang et al., 2022) treats particles
as masses attracting via Newton’s law; Colliding Body Optimization (Kaveh, 2021) uti-
lizes Newtonian collisions between bodies to exchange momentum for particle velocity
updates; Artificial Physics Optimisation (Khan et al., 2025) uses candidate solutions as
physical particles with masses proportional to fitness, which interact via virtual gravity-
like forces. A more advanced approach comes from (Alvarez-Alvarado et al., 2021),
where quantum mechanical equations are used to derive rules for particle interactions.

Taking into account the challenge of combining physically grounded multi-particle
dynamics with nature-inspired swarm algorithms, this paper proposes a motion model
that integrates Particle Swarm Optimization, Lagrangian dynamics, and the Rayleigh
dissipation function. The proposed unified Lagrangian framework describes the coher-
ent motion of a multi-particle system toward a target within a two-dimensional environ-
ment containing obstacles. To model collision avoidance between particles and obsta-
cles within the environment, potential-field interactions are incorporated directly into
the swarm motion equations. Based on the kinetic and potential energy profiles, along
with dissipative components, an approach and metrics for analyzing swarm behavior
are proposed. This establishes a physically consistent foundation for future trajectory
planning, navigation (Tarihmen et al., 2020), and collective motion methods rooted in
both swarm intelligence and classical dynamics.
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2 Lagrangian cooperative motion model

Let p; be a circular particle of radius r; with mass m;, velocity vector v;(t) = (vy,v3),
and position x;(t) = (z1, z2) in two-dimensional space at time step ¢. The swarm of all
particles is defined as S = {p1,pa, ..., pn }, Where N is the total number of particles.
Each particle is initialized within a radius r, of the starting location x4, and the initial
swarm S positions are normally distributed in the vicinity of x,. At every simulation
round, particles are placed at random, taking care to ensure they do not overlap or
collide with each other.

Particles are intended to move in two-dimensional space from their initial neigh-
borhood of radius rs to an equilibrium region predefined by the target coordinates
x7. By equilibrium region, we assume particle states where their movement stabilizes
around x7, i.e., in which the system reaches a minimum of its total energy Er(t),
Er(t) = Ur(t) + Kr(t), where Kr(t) is the swarm’s kinetic energy, and Ur(t) is the
potential energy at time step t.

To derive the particle movement in the swarm formation, we define the individual
particle Lagrangian function L;(x;,X;,t) as
mil[%]|*
2
and the total Lagrangian as the sum of individual particle Lagrangians as

Li(xi,%;,t) = U(x;,t) (D

N
L(xi, %i,t) = Li(xi, %, ) )
i=1
U(x;,t) is the particle’s potential, which contains attractive A(x;,?) (analogous to a
spring-damper system), T'(x;, t) (target attraction), and a repulsive term R(x;,t)

U(Xi,t) = A(Xi,t) +T(Xz7t) +R(Xi,t), (3)
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where Ny is the number of nearby obstacles within cutoff radius p, around the particle
position x;. Here, c1, c2, and c3 are attractive coefficients; c4 is the weight common to
the inter-particle and obstacle repulsion functions; g;(t) and p;(t) are the global best
swarm position and the personal best particle’s position, which are determined on the
basis of closeness, i.e., Euclidean distance to x7; € is a small positive regularization
parameter; n > 0 is the power of repulsion; xo is the closest point on the obstacle
boundary to the agent position x;.

The trajectory of a particle is determined by the principle of stationary action, which
states that the action defined as the time integral of the Lagrangian L(x;,X;,t) is sta-
tionary with respect to small variations of the path. In the presence of dissipative forces,
this leads to a modified Euler—Lagrange equation that includes the Rayleigh dissipation
term D(%;,t) = £7||%;]|?, and the equations take the form

d OL oL 0D
i) " o o =
dt " 0%; ox; 0%
The Rayleigh term introduces dissipation into the equations of motion, representing
the loss of a particle’s energy due to damping, and its strength is determined by the
parameter 7.
Based on (9), the equation of particle motion is

0. ©))

By substituting (1) and (2) into (10) and applying finite difference schemes
Xz(t) - Xz(t - At) - Xi(t + At) - 2Xl(t) + Xl(t - At)

X; & = v;(t), X; ~ , (D)

At At?

where At is the integration step, the rule for updating the unconstrained velocity of an
individual particle v} (t) is expressed as follows:

At At
vi(t+At) = (1 —y—)vi(t) = —VU(xi, 1) +&;. (12)

m; m;
Here, &, ~ N(0, 021) is Gaussian noise introduced to incorporate stochasticity into
particle motion, where the standard deviation o; is adaptively scaled by the magnitude
of the potential force: o; = 3+ 2L||VU (4, 1) - ﬁ, where d is the dimensionality of the

space, 8 < Vd is a small scaling parameter that controls the strength of fluctuations,
and I is the identity matrix.

If the resulting unconstrained velocity vector has a magnitude larger than the pre-
defined vyq4, Vi (t + At) is scaled to Vg

In the presence of convex obstacles, a tangential projection matrix P = I — Aan’
is introduced, where 1i is the outward unit normal vector to the obstacle boundary at
the closest point to the particle position. It is used to remove the normal component of
the velocity vector, which, in turn, allows the particle to slide along the boundary. Fur-
thermore, this represents a dissipative force, which decreases the energy of the swarm
system. The tangential projection is activated when the particle enters the cutoff radius
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p and approaches the obstacle (v} - n < 0), which ensures energy dissipation occurs
only during boundary approach. Thus, the velocity update rule becomes

Pvi(t+ At), if [x;(t) — xoll < p,

13
vi(t+ At),  otherwise. (13)

The proposed tangential projection can also be applied to the force vector VU (x;, t),
which allows the particle to be directed along an edge of the obstacle by the force. Since
no extra potential energy is injected into the system, this allows us to study the energy

distribution without incorporating any additional complications.
Finally, the particle position is updated as:

x;(t + At) = x;(t) + vi(t + At)At. (14)

The components of the gradient VU (x;, t), which represent the actual forces acting
on the particle, are presented below:

VA(x;,t) = c1(x:(t) — gp(t)) + ca(x:(t) — po(t)), (15)
VT (x;,t) = e3(x4(t) — x7), (16)
N
VR;;(x;,Xj,t) = —ncy Z x;(t) — x,(t) . (17)

o, (i) — DI + )72

The gradient V R;,(x;, O, t) is expressed similarly to VR;;(x;,%;,1).

In equation (12), the term w = 1 — yAt/m, is the first-order approximation of the
PSO inertia term, which stands for the particle’s ability to preserve its velocity across
consecutive time steps.

The proposed particle motion model, derived from Lagrangian mechanics, provides
the foundation for studying safe and collision-free multi-particle movement in a con-
strained two-dimensional space.

3 Numerical experiments

To study the proposed approach, we consider a 300 x 300 two-dimensional environment
containing randomly generated obstacles. Obstacles are modeled as static polygons of
arbitrary shape, defined by their vertex coordinates. We assume that all obstacles are
known a priori; thus, particles do not perform any online sensing or scanning to detect
them. Each obstacle O induces a repulsive field R;,(x;, O, t), which influences particle
motion within a cutoff radius pg. If a particle reaches the cutoff distance p near the
obstacle edge, the normal component of the velocity vector v} (¢ + At) is removed and
only the tangential part is used to slide along the edge. All simulations are implemented
in Python using open-source scientific computing libraries.
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For each numerical experiment, we record the swarm’s total tracked energy Er(t) =
Kr(t) + Up(t), where Kr(t) denotes kinetic energy and Urp(t) represents a model-
defined potential energy functional. In addition, we track kinetic energy Kr(t), po-
tential energy Urp(t), and performance metrics including success rate, time-to-target,
swarm cohesion, minimum safety distances, and path efficiency. In order to study the
energy profiles, power dissipation, energy phase portrait, and potential energy dissipa-
tion fraction are also provided.

3.1 Experimental setup

For all numerical experiments, the following parameters are set:

1. Number of particles N € {20, 30};

2. All particle masses m; = 1;

3. All particles are of the same size, defined by radius r; = 1;

4. Integration step At = 0.01 is constant over all runs;

5. Repulsion power n = 2 and cutoff radius py = 10 are constant over all runs;

6. Damping coefficient v = 6 and regularization parameter ¢ = 0.001;

7. Attractive weights ¢, ¢2, ¢3 € [0, 100] and repulsion weights ¢4, ¢5 € [300, 2000]
are within a defined range of values, since they have a significant effect on the motion
dynamics, 8 = 0.1 for all runs;

8. The maximum particle velocity is set to v,,4, = 10, that is, if the velocity update
in (12) produces a vector whose magnitude is larger than v,,,, = 10, the vector is
re-scaled to the magnitude v,,,4,. This limitation may be interpreted as the effect of an
additional dissipative force acting on the particle during At. Therefore, it is possible to
estimate both the work done by this force and its average value;

9. Two map scenarios are defined by the ratio of obstacles to map size: (A) easy
(few obstacles, path largely open), (B) advanced (a moderate number of obstacles, path
partially constrained).

3.2 Key experiment metrics

To measure and compare motion dynamics within the numerical experiments, the fol-
lowing metrics, along with the energy dynamics K (t) and U (¢), are introduced:

a) the success rate, Sy, is defined as the proportion of particles that successfully
reach the target region, defined as a circle of radius rx, = 35 centered at the target
position x7, within at most max scps = 10,000 simulation steps;

b) the motion-to-target time ¢ f;,,4; is the number of time steps required to reach the
target area;

¢) swarm cohesion, C'(¢), is defined as

1N
t) = — X;(t) — x.(t
C(t) = 5 D_Ixi(t) = x (@)l (18)

where x.(t) is the swarm’s centroid,;
d) the safety distance S;(t) is the minimal gap between particle contours
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t) = mi i) —x; ()] = (ri +75 1

Salt) = min_[|xi(t) = x; (0)]| = (rs +75) (19)
e) the path efficiency, P, is defined as the ratio of the average full particle path

length to the reference diagonal distance, Dy, from the starting point x to the target

XT

=¥ = Doy (20)
N izt 2o [Xi(t + At) = x; ()]
where T is the total number of time steps;

f) the potential-energy dissipation fraction, y, measures the fraction of the potential
energy released during a simulation step that is dissipated after accounting for stochastic
energy injection. Let AU = U (t + At) — U(t) denote the change in the total potential
energy of the swarm. The dissipation fraction is then defined as

€

o AE/‘diss. PRayleigh At + Esliding + Eclip - Enoise

X="Ap = AT , —AU >0, (21
where v
Prayteign (1) = >_~lIva(®)II*, (22)
=1
N e
Euiaing = ¥ 5+ (Wil = [vi(t + A#)[2). (23)
i=1
m; *
Buoise = Y = (V71> = IViaetl®) » (24)
=1
m; «
Bap= > 5 (VI = vhad) (25)

i |V > vmax

Here the velocity update of a single step forms the chain v; qet — Vi — Vicip —
v;(t + At): v; qet is the velocity after the deterministic update (damping and conserva-
tive potential forces) before the stochastic perturbation; v is the unconstrained velocity
of (12) after the Gaussian noise has been added; v; ., is the velocity after the vy, Te-
scaling, so that ||v; qlip|| = min(]|v}||, max); and v, (¢t + At) is the final velocity after
the tangential projection of (13).

3.3 Scenario (A) results

This scenario assumes a relatively simple obstacle map geometry (12 obstacles of dif-
ferent shapes) with a largely open path towards the target (Fig. 1). Here, only a few big
obstacles are placed in the center of the map, thus, agents aim to find a safe path to
the target area while being aware of the repulsion field generated by the obstacles. The
visualization of the motion results of 20 particles is shown in Fig. 2.
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To study agent motion, the attractive and repulsion weights were set as ¢; = co =
15, c3 = 0.2, ¢4 = 1500, while the rest of the parameters were kept as described in
Section 3.1. Parameters ¢y, c2, 3, and ¢4 were chosen on the basis of numerical experi-
ments to ensure stable swarm motion. Within the current setup, all the particles reached
the target area without observed collisions in ¢ ;41 = 4508 steps, i.e., the success rate
S, = 100%. The average number of steps among particles to reach the target is 4448.
Likewise, during the motion, particles successfully circumvented obstacles by sliding
near their edges using repulsive potentials.

During the run, the following metrics were observed: swarm cohesion mean value
C(t) = 6.37, swarm cohesion median 6.05, swarm cohesion 95th percentile (p95)
7.7 (Fig. 3). Near the largest central obstacles, the swarm of particles showed slightly
tighter geometrical organization. However, under the influence of repulsive potentials,
to get around the obstacle, the particles stretched, and their cohesion increased. When
approaching the target and due to the absence of obstacles, the value of the swarm’s
cohesion stabilized almost to its value at the beginning of the route.

Normalized cohesion and safety gap values
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Fig. 3: Normalized Cohesion and Safety Gaps in Scenario (A): N = 20

The averaged safety distance demonstrated a more oscillatory behavior with sharp
jumps near obstacle surfaces and map boundaries, but overall repeated the cohesion
pattern.

A more representative picture of the swarm dynamics can be obtained from the dis-
tribution of the normalized energy indicators (Fig. 4a), where each component is nor-
malized by its own maximum absolute value. First, the behavior of the kinetic energy
distribution clearly reveals the influence of obstacles, which manifests itself as oscil-
lations in the energy profile beginning near the center of the map caused by Rayleigh
dissipation and Gaussian noise injection. These oscillations reflect the effect of dis-
sipative (non-conservative) forces on particle motion. Furthermore, the kinetic energy
decreases to nearly zero in the vicinity of the target region, which is consistent with the
underlying physical formulation of the model.
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The normalized attraction potential exhibits a clear decreasing trend toward the
target area, with small local fluctuations indicating the presence of obstacles and the
clustering of particles near their boundaries. The repulsive potential allows for clear
repulsion from the obstacles within their reach, which is visible from the central hump.
Furthermore, during the movement of particles, the repulsive force between them de-
creases, but it increases at the end of the movement near the target area, where the
particles accumulate. Since the proposed particle-dynamics model includes several non-
conservative mechanisms, such as Rayleigh damping, tangential sliding, Gaussian noise,
and velocity-limiting effects, the total mechanical energy of the system is not conserved.
It is therefore of particular interest to examine the spatial distribution of the scaled dis-
sipative components shown in Fig. 4b.

As illustrated in Fig. 4b, navigating around obstacles induces changes in the sys-
tem’s energy dissipation rate. Rather than indicating systemic instability, these fluc-
tuations reflect rapid, localized energy exchanges driven by the effects of the system’s
non-conservative mechanisms. Specifically, the bump in the middle of the plot is mostly
caused by continuous energy loss via Rayleigh damping, and velocity clipping pro-
cesses. The spatial distribution of energy dissipation provides valuable insights into the
swarm’s energy behavior within the potential field. This information can serve as the
basis for predictive models that optimize swarm trajectories by incorporating additional
energy terms, such as conserved particle energy.

Fig. 5a presents the energy phase portrait of the swarm, where the total potential
energy is plotted against the kinetic energy throughout the entire simulation. The tra-
jectory reveals that the swarm rapidly reaches a high-energy state and subsequently
evolves along a nearly horizontal branch, which indicates that the kinetic energy re-
mains close to its maximum while the potential energy gradually decreases. A deviation
from this regime occurs between approximately 2000 and 3000 simulation steps, where
distinct “canyons” appear in the phase trajectory. These features correspond to tempo-
rary reductions in kinetic energy and are consistent with the evolution of the dissipation
fraction, , shown in Fig. 5b. The simultaneous decrease in kinetic energy and increase
in y indicates episodes of enhanced energy dissipation, when the particles entered the
obstacle zone. Starting from the middle of the map, a larger fraction of the available
kinetic energy is converted into dissipative losses instead of being transformed into par-
ticle motion. Occasional negative values of x correspond to time steps in which the
stochastic energy injection temporarily exceeds the dissipative losses. This results in a
net gain of kinetic energy from the non-conservative terms.

The energy phase portrait provides a clear view of the swarm dynamics and helps
identify changes in its behavior that are difficult to observe from energy time series
alone. The nearly horizontal branch indicates a stable motion regime with almost con-
stant kinetic energy, and the local perturbations correspond to short periods of increased
energy dissipation and swarm reorganization caused by interactions within the potential
field and Gaussian noise.

Increasing the number of particles to N = 30 produced slightly different results
(Fig. 6). In this setup, due to the larger number of particles and dense formation, five
particles became stuck near the obstacles for more than 20 steps, and were eliminated
from the simulation.
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Fig. 5: Scenario (A): N = 20

Only 25 out of 30 particles reached the target area in 5686 steps; i.e., the success
rate S, = 83%, and their path efficiency value P, = 0.97. Swarm cohesion mean value
C(t) = 13.6, swarm cohesion median is 10.3, and the 95th percentile (p95) swarm
cohesion is 31. Regarding safety gaps during the simulations, the mean safety gap is
0.88, the median safety gap is 0.83, and the 95th percentile (p95) safety gap is 1.16.
Normalized cohesion and safe gap values are depicted in Fig. 7. Increasing the swarm
size from N = 20 to N = 30 significantly changed the system’s dynamics due to the
higher particle density. Because inter-particle repulsion (Eq. 7) is pairwise, the denser
swarm amplifies the net repulsive forces on each agent. The larger group also shifts the
centroid and global best position g, which modifies the attractive forces. Together with
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the changed obstacle repulsion forces, these factors drive the particles along distinctly
different trajectories. This formation caused five particles to become stuck near the
obstacles.
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Fig. 6: Agents Trajectories: N = 30

In this dense state, the combined repulsion from the obstacle and the swarm behind
them creates a local potential minimum, which could not be resolved using only the
tangential force and velocity projections, i.e., the tangential and attractive forces guiding
the agents toward the target are insufficient to overcome this repulsive barrier, leaving
the five particles stuck. Since the swarm operates solely within the configured potential
field, with only a small Gaussian noise injection and without incorporating the particles’
individual potential energy, this behavior is consistent with the constraints of the model.

The normalized energy profiles and dissipation power are shown in Fig. 8. The ki-
netic energy profile (Fig. 8a) exhibits several decreases as the swarm passes through
obstacle-constrained regions. In these areas, the particles slow down while moving
through narrow passages and accelerate again after leaving them. The attraction po-
tential gradually increases after approximately step 2000, when the swarm reaches the
central obstacle, and reaches a maximum near step 4000 as the particles approach the
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target region. This increase occurs because the obstacle prevents the particles from mov-
ing directly toward their cognitive and social attractors, which causes deviations from
their preferred trajectories. After passing the obstacle, the repulsion potential decreases
as the initially compact swarm stretches along the obstacle boundary. The resulting
increase in the average distance between neighboring particles reduces the overall re-
pulsive interaction energy.
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Fig.7: Normalized Cohesion and Safety Gaps in Scenario (A): N = 30

In Fig. 8b, the dissipation power shows how the interaction with obstacles affects
the energy losses of the swarm. The sliding dissipation increases when the particles
move along the boundary of the final triangular obstacle, which indicates active con-
tact between the swarm and the obstacle surface. After leaving the contact region, the
sliding contribution rapidly decreases. During most of the simulation, velocity clipping
accounts for the largest part of the energy dissipation. The contribution from Rayleigh
damping decreases as the particle velocities become lower during the final stages of
convergence. The increase in noise power during the obstacle interaction partially com-
pensates for the dissipative losses, reducing the net dissipation rate in this region.

Fig. 9a demonstrates a more intricate kinetic-potential behavior than that observed
for N = 20 particles. From step 4000 onward, the swarm rapidly moves toward the
target without hitting obstacles, causing both kinetic and potential energy to steadily de-
crease. In contrast, when navigating near obstacles, the dense swarm formation causes
potential energy to rise while kinetic energy drops. The loops in the phase portrait show
that the swarm first slows down and builds up tension, then releases it as it squeezes
through the walls. In Fig. 9b, the dissipation fraction y shows how the energy released
from the potential field is distributed between particle motion and non-conservative
losses. Higher values of x indicate that a larger fraction of the released potential energy
is dissipated rather than converted into kinetic energy. Such regions typically corre-
spond to stronger interactions with obstacles, where particle motion is restricted by
sliding and velocity constraints.
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The value of y is evaluated only when the potential energy decreases, since the ra-
tio requires a positive amount of released potential energy for normalization. Therefore,
gaps in the time series correspond to periods when the swarm accumulates potential en-
ergy, for example, when particles are compressed near obstacles. The occasional sharp
peaks in y appear when the change in potential energy approaches zero. Since the dis-
sipated energy remains finite while the released potential energy becomes very small,
the ratio increases significantly. These peaks therefore reflect a regime of low energy
release rather than exceptionally high dissipation.
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It should be noted that in the case of 30 particles, jamming near obstacles occurred
only in the configuration specified in the setup of Scenario (A). However, when the
weight of ¢4 was doubled to 4000, the swarm reached the target area in its entirety. In-
creasing the repulsive potential in a given configuration of obstacles within the proposed
model allows the swarm of particles to reach the target without jamming or inter-particle
collisions.

3.4 Scenario (B) results

In this scenario, the number of obstacles (from 12 to 24) and complexity of the map
are increased, the path to the target area becomes cluttered, which in turn significantly
complicates the movement of particles in the potential field. On the right-center side of
the map, there are relatively thin tunnels and a large obstacle, which obscures the target
area. For this simulation, due to the more complex obstacles, the number of particles is
set to N = 20, and the repulsion weight is increased to ¢4 = 5000.

The resulting particle trajectories are shown in Fig. 10. As seen in Fig. 10, particles
struggled to squeeze into the narrow tunnel between two obstacles at coordinates (90,
40). Nevertheless, they all managed to pass through the corridor and continued their
motion toward the target. Finally, after a few detours near coordinates (240, 150) and
(270, 200), all 20 particles reached the target area with a success rate S,, = 100% in
tinal = 5362 steps. Among all surviving particles, the average time steps to reach the
target is 5081, and the resulting path efficiency value is P, = 0.83.

The current simulation produced a swarm cohesion mean value C(t) = 11.6, a
swarm cohesion median value of 12.2, and a 95th percentile (p95) swarm cohesion
value of 16.6. The increase of the particle repulsion weight ¢4 from 1500 to 5000 re-
sulted in overall larger cohesion, whereas the swarm maintained cohesive motion dur-
ing the whole run. The mean, median, and 95th percentile (p95) safety gaps are 1.84,
1.73, and 2.67, respectively. The normalized mean cohesion and safety gap values are
presented in Fig. 11. The circumvention of obstacles under the combined action of at-
tractive and repulsive forces causes particles to become spatially separated during their
relative motion, resulting in increased cohesion.

The energy profiles are shown in Fig. 12. The kinetic energy profile shows a distinct
drop in the vicinity of step 900, which indicates the presence of nearby obstacles (Fig.
12a). As particles moved through the narrow passage between the obstacles, their ve-
locity continuously increased as they approached the end of the tunnel. The remaining
jumps in values are explained by the repulsion of obstacles.

Under the increased repulsive force exerted by the obstacles within the tunnel, the
particles were compressed from both sides, while the attractive force toward the target
stretched their configuration, giving rise to an attractive potential. Then, it gradually de-
creased during their movement toward the target. However, a slight increase in attractive
potential was observed in the vicinity of the last three obstacles.

Almost all power dissipation of the swarm is explained by Rayleigh dissipation and
velocity clamping (Fig. 12b); no sliding dissipation was observed during the simulation.
The deceleration of the particles within the narrow passage between the two obstacles
reduced the average swarm velocity, which led to a sharp decrease in Rayleigh dissipa-
tive power.
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The kinetic-potential energy profile is presented in Fig. 13a. A significant drop in ki-
netic energy accompanied by a relatively subtle increase in the potential term indicates
particle braking near the obstacles. This behavior, along with the corresponding varia-
tions in kinetic and potential energies, is associated with rapid acceleration toward the
target and a temporary increase in inter-particle distances (Fig. 11). A similar picture
can be observed between steps 3500 and 4000, but with much lower intensity. Then,
the swarm consistently continued its motion to the target area, until the total potential
energy drops to a minimal value.
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The large peaks observed in the dissipation fraction plot (Fig. 13b) are attributed
to persistent attraction—repulsion fluctuations, causing particles to oscillate due to the
high repulsion weight. Compared to simulations with a lower repulsion weight ¢, =
1500, where such pronounced peaks are absent, a higher value of ¢4 = 5000 leads
to unstable and inefficient particle motion and reduces the overall effectiveness of the
swarm. These observations suggest that, to ensure more stable and effective swarm
motion, the attraction—repulsion weights ¢, c2, c3, and ¢4 should be adapted according
to the geometry of the environment rather than kept constant.

4 Discussion of results

The mathematical model presented in this study has been developed to investigate the
motion of particles as a cohesive group or an intelligent swarm formation. To establish
the foundation of this study, the particles were considered as physical objects with unit
mass moving in a potential field, with a small noise injection introduced to produce
slight stochastic behavior. The model derivations are based on the Lagrangian frame-
work, which enables the incorporation of detailed energy terms, including kinetic, po-
tential, and dissipative components. Using the Euler-Lagrange and Rayleigh dissipation
equations, a particle motion model has been introduced. To properly incorporate swarm
behavior, representing cohesive and purposeful movement, Particle Swarm Optimiza-
tion concepts were applied as part of the potential functions. Collision avoidance be-
tween particles, as well as with obstacles, was implemented using a repulsive potential
field. The study of particle motion was conducted on two-dimensional maps contain-
ing convex polygonal obstacles, which had to be avoided in order to reach a predefined
target region.

The qualitative and quantitative analysis of swarm motion is based on measures
of cohesion, minimum inter-particle spacing, path efficiency, and the distribution of
energy components, including dissipative losses. In addition, the dissipation fraction,
defined as the proportion of the potential energy released that is dissipated through
non-conservative mechanisms, is used to evaluate the energy efficiency of the swarm
motion.

The study of the developed model results in the following contributions:

1. A hybrid Lagrangian-based framework for swarm particle motion is proposed, es-
tablishing an energy-based formulation that provides a rigorous physical descrip-
tion of the system dynamics. Particle Swarm Optimization concepts were utilized
to build a physically-inspired swarm motion model.

2. The proposed model incorporates both conservative and non-conservative forces
through the Lagrangian formalism and generalized forces, allowing systematic anal-
ysis of their effects on particle motion and the overall swarm behavior.

3. The integration of repulsive potentials into the Lagrangian framework enables the
particle swarm not only to converge toward the target region while effectively pre-
venting collisions and particle tunneling, but also to successfully avoid obstacles
encountered along its trajectory.
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4. A set of motion quality metrics is proposed to assess swarm behavior in terms of
formation geometry, trajectory characteristics, and the temporal evolution of the
swarm’s kinetic and potential energies.

5. The temporal profiles of kinetic energy, potential energy, and dissipated power pro-
vide insights into the quality of the model configuration. In particular, oscillatory
behavior and transient disturbances reveal an imbalance between the attractive and
repulsive potential fields, which indicates suboptimal parameter tuning.

6. The power dissipation profile quantifies the contributions of Rayleigh dissipation,
velocity clamping, stochastic noise injection, and tangential sliding along obstacle
boundaries to the overall energy dissipation of the swarm dynamics.

7. The energy dissipation fraction measures the fraction of released potential energy
that is irreversibly dissipated by non-conservative mechanisms. This metric pro-
vides a direct measure of the energetic efficiency of the proposed model and serves
as an indicator of suboptimal parameters.

8. Given a known obstacle map and the current parameters of the swarm particle mo-
tion model, the energy profiles provide the information required to adaptively tune
the coefficients cy, ca, c3, and ¢4 by solving an optimization problem formulated to
minimize mechanical work and irreversible energy losses.

5 Conclusions

This paper is devoted to studying a particle swarm as a mechanical system rather than
as an abstract optimization heuristic. First, swarm behavior is described using quantities
with a clear physical foundation. Classical PSO-style methods are typically evaluated
only on whether the swarm reaches the goal. The energy-based formulation shows how
efficiently it arrives there: how much of the released potential energy went into useful
motion, how much was lost, and through which mechanisms. Second, the energy pro-
files aid in diagnostics. Oscillations in kinetic energy, non-efficient exchange between
energy components, or a high dissipation fraction all indicate a poor balance between
the attractive and repulsive fields. These signs can appear in the energy plots before
issues such as particle escape or trapping appear in the trajectories.

This has practical implications for parameter selection. Instead of tuning the coef-
ficients ¢y, co, c3, and ¢4 by trial and error, the process can be formulated as an opti-
mization problem: for a given map, find the parameters that minimize mechanical work
and irreversible energy losses. The model has one clear limitation. Each particle has an
unlimited energy supply, which means that all particles can move within the potential
field without energy depletion. The latter is not the case for real-world robotic swarm
systems. Adding a finite energy reservoir to each particle will be the next step in future
research, along with testing the model in more complex environments where obsta-
cles are non-convex and contain blind corners. In addition, incorporating a Hamiltonian
function could qualitatively complement this study.
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