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This study extends the self-propelled particle (SPP) model by incorporating a limited vision cone and local density
sensing. The results reveal that clusters can simultaneously exhibit velocity polarization and spatial cohesion within specific
ranges of vision angle and density threshold. The dependence of the dynamical features, including the order parameter
and density variation, on the threshold and visual cone is investigated. Furthermore, a critical threshold is identified, which
governs the transition between ordered and disordered states and is closely linked to density fluctuations and noise intensity.
The clustering results show that the model is explained by the chasing mechanism responsible for cluster formation, density,
and shape. These results may stimulate practical applications in swarm maneuvering.
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1. Introduction

The phenomenon of collective motion exhibited by ac-
tive agents across diverse natural and artificial systems has
drawn substantial interest, prompting experimental and theo-
retical investigations. Systems that have been studied include
bird flocks,[1] fish schools,[2] bacterial colonies,[3] and human
crowds,[4] as well as engineered microswimmer assemblies[5]

and robotic/unmanned aerial vehicle (UAV) swarms.[6–12] The
local interactions within these systems are understood to give
rise to emergent flocking behavior or global order. This
phenomenon is well established in the self-propelled parti-
cle (SPP) models, wherein each agent tends to align its di-
rection of motion with that of its neighbors within a defined
spatial radius.[13] Recent studies have also highlighted the po-
tential influence of heterogeneity at both the individual and
environmental levels on collective motion dynamics.[14–17]

For example, the SPP model can be extended by introduc-
ing a certain proportion of misaligned agents,[15,16] multiple
subpopulations,[17] or spatial obstacles.[14,18] The evolution
of these systems exhibits complex features such as collec-
tive cohesion,[14] self-ordering,[15] and phase separation.[17]

In natural systems, heterogeneity within a population may
arise from individual differences or spatial position.[19] In a
homogeneous flock, changes in the behavioral patterns of cer-
tain individuals can induce behavioral shifts in a subset of the
flock.

In natural systems, collective organisms dynamically
transition between dispersed and cohesive states to adapt to
functional needs such as migration or predation.[20–23] These
transitions emerge from individual behavioral adjustments
guided by local environmental cues, which play a pivotal role
in reshaping group-level dynamics.[24–27] For instance, bac-
terial colonies exhibit density-dependent phase separation by
modulating motility through local chemical gradient sensing,
as demonstrated experimentally[24] and theoretically.[25,26]

Furthermore, recent studies have revealed that switching
movement mode based on local alignment degree enables
spontaneous phase coexistence and transformation in active
matter systems.[27] A notable example is Li et al.’s work,[28]

where synchronization of collective speed was achieved by
coupling individual propulsion speeds to local orientational
order. These findings collectively highlight that localized
sensing-driven behavioral plasticity serves as a critical mecha-
nism for initiating and regulating macroscopic pattern forma-
tion in living aggregates.

In both natural and engineered systems, constrained
perception through a limited visual cone is a ubiqui-
tous mechanism used by agents to acquire environmen-
tal information.[29–31] Crucially, the introduction of such
anisotropic perception breaks the symmetry of Newton’s third
law, creating nonreciprocal interactions when incorporated
into SPP models. These asymmetric social forces profoundly
reshape collective dynamics, enabling the emergence of exotic
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macroscopic patterns — including cohesive clusters,[7,32,33]

milling vortices,[34,35] and worm-like traveling bands.[35]

In our work, we extend the classical SPP model by in-
corporating visual perception through a limited vision cone
and local density sensing. Specifically, each agent is equipped
with a vision cone with an adjustable angular range and a finite
sensing radius. Agents dynamically adjust their orientation
based on the number of neighbors within their detection zone:
if the local density exceeds a predefined threshold, they align
with neighbors; otherwise, they maintain their current direc-
tion. We demonstrate that this perception-driven mechanism
simultaneously generates velocity polarization and spatial co-
hesion within clusters, provided the vision angle and density
threshold fall within specific ranges.

Furthermore, the dependence of the dynamical features,
including the order parameter and density variation, on the
threshold and vision angle is investigated. Notably, a critical
threshold governing the transition between ordered and disor-
dered states is uncovered, which is closely linked to density
fluctuations and noise intensity. Finally, the clustering results
show that the model is explained by the chasing mechanism
responsible for cluster formation, density, and shape. These
results may stimulate practical applications in swarm maneu-
vering.

2. Model and methods
In our work, we consider the incorporation of a

perception-response mechanism into the SPP model. That
is, the direction of the propelling force is coupled with all
the other agents in the perception area (mimicking the SPP
model), and the kinetic mode (aligned or unaligned) is deter-
mined based on a perception function. Intuitively, the combi-
nation of the kinetic features may enable concurrent conden-
sation in both coordinate and momentum spaces.

Agent-based models have received attention in recent
years.[36] In our model, we consider N0 self-propelling agents
moving on a two-dimensional square area of linear size L
under periodic boundary conditions. An agent perceives a
defined spatial region, Ωi, of its surrounding environment
through a perception unit, such as a camera in the case of a
robot. The information obtained via perception can be trans-
formed into a perception function, Pi, which determines the
motion of agent i. Thus, the agent motion can be described by

θi(t +∆t) = θi(t)+Pi(t)

[
Θ( ∑

j∈Ωi

𝑢̂ j(t))−θi(t)

]
+
√

2DR∆tξi, (1)

𝑟i(t +∆t) = 𝑟i(t)+V0𝑢̂i(t +∆t)∆t, (2)

where ∆t = 0.5 is the time step of the simulation, 𝑟i is the posi-
tion of the agents, 𝑢̂i is a unit vector indicating the direction of

the propelling velocity, V0 is the size of the propulsion speed,
θi is the direction angle of 𝑢̂i, and Θ(𝑈) is the direction angle
of vector 𝑈 . Let θi, Θ(𝑈) ∈ [0,2π) be the counterclockwise
angles from the positive x-axis to 𝑢̂i and 𝑈 . DR is the rota-
tional diffusion constant, and ξi is Gaussian noise with zero
mean and unit variance. Agents j are in the perception area of
agent i. The perception area Ωi indicates the conical area from
the position 𝑟i, with a spanning angle of α , a central direction
of 𝑝i = 𝑢̂i(t), and a perception radius of R.

The perception function Pi(t) that determines whether
agent i aligns with the surrounding agents can be described
as follows:

Pi(t) =

{
1, if ki(t)> P∗ and ‖∑ j∈Ωi 𝑢̂ j(t)‖ 6= 0,
0, if ki(t)≤ P∗ or ‖∑ j∈Ωi 𝑢̂ j(t)‖= 0,

(3)

where ki is the number of agents j within the perception area
Ωi of agent i, and the threshold P∗ is a parameter in the model.
A schematic diagram is shown in Fig. 1. Our choice of this
perception function is inspired by the trade-off between indi-
vidual conformity and the maintenance of individuality. As P∗

increases, individuals retain their direction of motion, whereas
a decrease in P∗ promotes alignment with neighbors within
perceptual range. When α = 360◦ and P∗ = 0, our model is
similar to the Vicsek model.[13] In the absence of specific dec-
larations, the other parameter settings in the model are set to
N0 = 10000, L = 100, V0 = 0.2, R = 2, and DR = 0.01. The
parameter values were primarily selected based on those used
in Refs. [7,32]. Indeed, these dynamic rules do not include
volume exclusion, making such a setup easier to implement in
UAV/robotic systems. In Section 4, we discuss methods for
collision avoidance.

The initial state of the system consists of N0 agents ran-
domly distributed within a square area of side length L, with
the directions of the agents being random; the initial density
of the system is ρ0 = N0/L2. Therefore, the choice of P∗

cannot be arbitrary. We can assume that at the initial mo-
ment, the agent uses its perception unit to count the number
of agents within its perception area, resulting in a value of
Pα = (α/360◦)(ρ0πR2). The threshold P∗ can be selected
based on the value of Pα .

R

α

x

θi

i

Fig. 1. Schematic diagram of the motion mechanism. α is the perception
cone angle of the agent, R is the perception radius, and θi is the direction
of the propulsion velocity of agent i. The blue agents represent misaligned
states, and the red agents represent aligned states.
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3. Dynamics of condensation
Based on the kinetic rules indicated by Eqs. (1)–(3), the

system of agents should evolve and reach its destination af-
ter a sufficient time has elapsed (typically 5× 104 steps for
N0 = 10000). We observed that the agent group exhibits dif-
ferent cohesive shapes depending on the variations in the vi-
sual cone angle α and the threshold P∗; several snapshots of
the patterns are shown in Fig. 1. All subfigures have the same
spatial scales. The black arrows in Fig. 2 indicate the direc-
tion of motion of the clusters. It can be observed that un-
der certain α and P∗ limits, the group exhibits cohesion, as
shown in Figs. 2(b)–2(h). Furthermore, when the visual cone
is relatively small (α ∈ [20◦,140◦]), nearly all agents aggre-

gate into linear formations, as shown in Figs. 2(b)–2(e). The
group forms several clusters, accompanied by a sparse gas
state for α = 360◦, as shown in Fig. 2(h). For intermediate
cone angles (α = 180◦, 230◦), the group exhibits a transi-
tional phase marked by the coexistence of linear distribution
and clusters, as shown in Figs. 2(f) and 2(g). However, con-
densation does not necessarily occur. For example, when α

is small (α = 20◦), the threshold is absent (i.e., P∗ = 0), and
the agents remain dispersed, as shown in Fig. 2(a). This seems
counterintuitive, as the presence of the threshold P∗ reduces
the tendency for agents to align with their surrounding agents.
Therefore, the control of cluster cohesion by the kinetic rules
and the features of the cluster are the main issues to be studied.

(a) (b) (c) (d)

(e) (f) (g) (h)

α=20Ο, P ∗=0 α=20Ο, P ∗=3P
α

α=60Ο, P ∗=2P
α

α=90Ο, P ∗=2P
α

α=140Ο, P ∗=2P
α

α=180Ο, P ∗=2P
α

α=230Ο, P ∗=2P
α

α=360Ο, P ∗=2P
α

Fig. 2. Typical snapshots of agents with visual cones of α = 20◦, 60◦, 90◦, 140◦, 180◦, 230◦, and 360◦ and varying thresholds P∗. The number of
agents is N0 = 10000, DR = 0.01, and the number of steps is 5×104. Blue agents represents misaligned states, and red agents represent aligned
states. The black arrows indicate the direction of cluster motion.

The simulation results indicate that clusters can main-
tain spatial cohesion over an extensive range of visual cone
(α ∈ [20◦,360◦]), although this is influenced by the threshold
P∗. The cluster density ρ = nc/S is used as a measure of spa-
tial cohesion, where nc is the number of agents in the clusters
and S represents the area of the clusters. Agents i and j are
considered to belong to the same cluster if their distance is
less than R and 𝑢̂i · 𝑢̂ j > 0.5. To calculate the cluster area, the
square simulation domain is discretized into grid cells of unit
length (1× 1). The cluster area is then determined by count-
ing the number of grid cells occupied by the clusters. It can be
observed that the clusters remain cohesive within a threshold
range of P∗ ∈ [Pα ,2.5Pα ], as shown in Fig. 3(a). The density
of clusters within this threshold range is significantly higher
than that of clusters without a threshold (P∗= 0). Moreover, as
P∗ increases, the density ρ of the clusters also rises, suggesting

that the modulation of motion patterns induced by the thresh-
old enhances the spatial cohesion of the clusters. However,
cohesion does not inevitably occur. When P∗ is excessively
large, the clusters tend to disaggregate. In addition to spatial
cohesion, the collective motion of clusters is also observed in
Fig. 2. To quantify the velocity condensation, an order param-
eter Ψ = |∑N

i=1𝑣i|/(N0V0) is defined. Ψ attains values close
to 1 within a threshold range of P∗ ∈ (0,2.5Pα ], implying that
clusters condense in velocity space, as shown in Fig. 3(b). Ψ is
notably higher in the presence of a threshold compared to the
P∗ = 0 case, indicating enhanced velocity condensation. Ψ re-
mains near one as P∗ increases until it abruptly diminishes to
zero beyond a critical value (e.g., 2.5Pα ). This sharp transi-
tion signifies a loss of velocity coherence and a shift toward a
disordered state. As shown in Fig. 3, simultaneous cohesion
in both spatial and velocity space is observed within a specific
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threshold range, P∗ ∈ (0,2.5Pα ]. This is understandable, as
inconsistent cluster velocities would promote fragmentation,
leading to decreased cluster density. This observation suggests
that the order parameter Ψ can be used to determine whether
cluster cohesion occurs.

(a) (b)
30

20

10

0

ρ

0 1 2 3 4 5 6 7 8

P ∗/P 
α

0 1 2 3 4 5 6 7 8

P ∗/P 
α

1.0

0.5

0

Ψ

α/Ο

α/Ο

α/Ο

α/Ο

α/Ο

α/Ο

α/Ο

α/Ο

α/Ο

α/Ο

α/Ο

α/Ο

Fig. 3. Cohesion and polarization of clusters with visual cones of α =
20◦, 60◦, 90◦, 140◦, 180◦, and 360◦. (a) The cluster density ρ as a func-
tion of the threshold P∗. (b) The order parameter Ψ as a function of the
threshold P∗.

In addition to the influence of the threshold P∗ on cluster
cohesion, noise is also an important factor affecting the cohe-
sion process. To establish a more comprehensive picture of
the formation of the structure, we further calculate the phase
diagram for various values of P∗ and rotational diffusion DR

at different visual cone angles α , as shown in Fig. 4. The
order parameter Ψ is used as a measure of cluster cohesion.
Red areas visually represent cluster cohesion. It can be ob-
served that compact clusters can only be realized in the lower-

left region of the phase diagram, corresponding to low values
of both P∗ and DR. As DR increases, the red regions grad-
ually contract, indicating a narrowing range of P∗ that sup-
ports cluster cohesion. Elevated values of DR impair cluster
velocity coherence, potentially inducing cluster fission. Fur-
thermore, distinct cohesion boundaries are typically observed
for smaller α (e.g., α = 20◦, 60◦, 90◦), signifying an abrupt
transition in Ψ at the transition point. Conversely, for larger α

(e.g., α = 360◦), Ψ exhibits gradual variation with both P∗ and
DR, suggesting that the internal properties of the clusters may
vary with α . Intriguingly, at intermediate visual cone angles
(e.g., α = 160◦, 180◦), as shown in Figs. 4(e) and 4(f), clusters
are not cohesive at P∗ = 0 and small DR. However, cohesion
emerges as DR increases. This counterintuitive result, given
the typically detrimental effect of DR on cluster cohesion, can
be explained by the larger angular rotations associated with
larger DR values. The increased rotational amplitude effec-
tively expands agents’ turning angles, thereby extending their
perceptual range. This mechanism simultaneously enhances
cluster stability and promotes global order formation. The
phenomenon whereby moderate noise promotes global order
or cohesion has also been observed in other SPP models.[37,38]

Thus, the boundaries of cohesion reflect the interplay of com-
peting factors.

0.2

0.1

D
R

D
R

D
R

D
R

D
R

D
R

D
R

D
R

0 1 2 3 4 5 6 7

P ∗/P 
α

α=20Ο

0 1 2 3

P ∗/P 
α

α=160Ο

0 1 2 3 4

P ∗/P 
α

α=60Ο

0 01 2 3

P ∗/P 
α

α=90Ο

0 1 2 3

P ∗/P 
α

α=270Ο

0 1 2

P ∗/P 
α

α=360Ο

P ∗/P 
α

α=140Ο

0.5 1.0 1.5 2.0 2.5

0

P ∗/P 
α

α=180Ο

0.5 1.0 1.5 2.0 2.5

0.8

0.6

0.4

0.2

0.2

0.1

0.8

0.6

0.4

0.2

0.8

0.6

0.4

0.2

0.8

0.6

0.4

0.2

0.8

0.6

0.4

0.2

0.25

0.20

0.15

0.10

0.05

1.0

0.8

0.6

0.4

0.2

0

(a) (b) (c) (d)

(e) (f) (g) (h)

Fig. 4. Phase diagrams as a function of the rotational diffusion DR and the ratio between the threshold and Pα , P∗/Pα . The calculations
use N0 = 10000 agents and different visual cone angles: α = 20◦ (a), α = 60◦ (b), α = 90◦ (c), α = 140◦ (d), α = 160◦ (e), α = 180◦ (f),
α = 270◦ (g), α = 360◦ (h).

As shown in Fig. 3, cluster cohesion is significantly influ-
enced by the threshold P∗. Once P∗ exceeds a critical value,
cohesion collapses. Since P∗ is predetermined, cohesion fails
to occur if this critical value is exceeded during parameter set-
ting. Thus, investigation of the critical threshold has signif-
icant implications. Furthermore, the mechanisms governing
the threshold that dictates cohesion are not immediately ap-
parent. Our next task is to investigate the factors controlling

the critical threshold, which we define as Pg. Clusters do not
aggregate when P∗ > Pg × Pα . Simulations reveal a mono-
tonic decrease in the critical threshold Pg with increasing α , as
illustrated in Fig. 5(a). With a finite viewing radius R, larger
values of α allow agents to interact with a larger number of
neighboring agents within their field of view. However, the
fact that the critical threshold is consistently higher than the
local average density observed in Fig. 3 suggests that the un-
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derlying mechanism is more complex than a simple density-
dependent effect. Therefore, we first investigate the effects
of density fluctuations within the visual cone region on co-
hesive boundary formation. To examine this relationship, we
initially set the agents to a nonaligned state (P∗ = ∞) to ob-
serve density fluctuations prior to cluster cohesion. Subse-
quently, we measured the density fluctuations within the de-
tection area at α = 180◦ for varying rotational diffusion coef-
ficients (DR = 0.01,0.1,1), as shown in Fig. 5(b). It can be
seen that the density fluctuations are largely independent of
DR and exhibit a scaling consistent with that of an ideal gas,
characterized by

µ(N) =
λ N e−λ

N!
, (4)

where µ represents the probability of observing N agents in a
region with mean agent number λ = Aρ , A denotes the obser-
vation area, and ρ is the agent density. In our model, λ = Pα .
This behavior is expected, as our model excludes volume
collisions, thus preventing the emergence of motility-induced
phase separation (MIPS), which is commonly observed in ac-
tive particle systems. Consequently, the density fluctuations in
our model are expected to converge to the ideal gas limit in the
long-time limit.

6

5

4

3

2

0 120 240 360
α (Ο)

µ

µ
eP

g
↪ 
P

g

(a) (b)

e

0 5 10 15 20
N

0.16

0.12

0.08

0.04

0

DR/.

DR/.

DR/

Ideal gas

Fig. 5. Critical threshold and density fluctuation. (a) The critical thresh-
olds for simulation Pg and theory Pe

g as a function of the visual cone α .
(b) Local density probability distribution µ as a function of local agent
number N, with DR = 0.01,0.1,1, and with a visual cone of α = 180◦.
The black line represents the local density probability distribution of an
ideal gas.

Substituting the critical agent count Ne(α = 180◦) =
Pg(α = 180◦)×Pα ≈ 15 corresponding to the visual cone α =

180◦ into Eq. (4), we found the associated µe = 1.3× 10−3

resides in the tail region of the probability distribution µ , as
shown in Fig. 5(b). While the area of the visual field Ωi varies
with different visual cones α , the local agent density distri-
bution prior to cohesion remains consistent with the ideal gas
model. Consequently, the functional form of µ(α) is identi-
cal for different α (although with different λ values for dif-
ferent α). Therefore, we postulate that, for a fixed rotational
diffusion DR, the corresponding µe(α) values for Pg(α) all
lie in the tail of the µ function with approximately the same
value. Given that α = 180◦ represents an intermediate view-
ing angle, we select µe(α) = µe(α = 180◦) = 1.3×10−3. For
each α , the µe determines the expected critical agent num-
ber Ne(α) through Eq. (4) and the expected critical threshold

Pe
g = Ne(α)/Pα . The value of Pe

g is shown in Fig. 5(a). The
predicted critical threshold Pe

g decreases monotonically with
increasing α , following the same trend as the critical thresh-
old Pg. This agreement validates our hypothesis that, for a
fixed DR, the critical threshold Pg at different values of α cor-
responds to an identical µe. This finding suggests that the crit-
ical threshold is partly determined by density fluctuations. Let
us summarize the microscopic mechanisms underlying cluster
formation. At the start of the simulations, before any cohesion
occurs, the number of agents, ki, within the field of view of
agent i fluctuates according to Eq. (4). When the count ki ex-
ceeds the threshold P∗, agent i transitions to an aligned state
(Pi = 1). The stability of this alignment is strongly influenced
by DR. Specifically, for small values of DR, the alignment per-
sists, facilitating the formation of stable clusters. Conversely,
for large DR, agents exhibit frequent reorientation, resulting
in the loss of alignment (Pi = 0) and subsequent cluster disas-
sembly.

With a clearer understanding of the mechanisms influenc-
ing the cohesion boundaries, we now shift our focus to the
internal structure of the resulting clusters. Notably, the clus-
ter shape is sensitive to the visual cone α , changing from a
linear (chain-like) configuration to a disk-like structure as α

increases, as shown in Fig. 2. A particularly interesting obser-
vation is that for small α , agents at the front of the cluster of-
ten exhibit misalignment (Pi = 0), whereas for large α , almost
all agents inside the cluster are in an aligned state (Pi = 1).
To quantify the degree of agent alignment within clusters,
we define the alignment fraction as Φ = n(Pi = 1)/nc, where
n(Pi = 1) is the number of aligned agents and nc is the total
number of agents in the clusters. The dependence of Φ on α

is illustrated in Fig. 6(a). For α < 180◦, the alignment frac-
tion is relatively low, around 0.1, with a minimum observed
near α = 90◦. In contrast, a significant jump in Φ is seen near
α = 180◦, reaching a value of 0.9. Moreover, we calculated
the cluster density ρ as a function of α , as shown in Fig. 6(b),
finding a nonmonotonic relationship with a maximum density
around α = 90◦.
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0

Φ

0 90 180 270 360

α (Ο)

0 90 180 270 360

α (Ο)


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



ρ

ρ/

(a) (b)

Fig. 6. Proportion of aligned agents and cluster cohesion. (a) Proportion
Φ of aligned agents as a function of the visual cone α . (b) The density
ρ of the cluster as a function of the visual cone α . The initial density is
ρ0 = 1.

This behavior aligns with the ‘chasing effect’ described
in Ref. [32]. For α < 180◦, leading-edge agents lack neigh-
bors within their field of view, promoting a misaligned state
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(Pi = 0) and reducing the alignment fraction Φ . The rotational
diffusion DR further disrupts the ballistic motion of these mis-
aligned agents, causing trailing agents to close the gap. This
leads to spatial compaction and an increase in cluster density
ρ . The interplay between low Φ and high ρ is most pro-
nounced at α = 90◦, where Φ reaches its minimum and ρ its
maximum. Conversely, for α > 180◦, leading-edge agents can
perceive their neighbors, favoring alignment (Pi = 1). This
alignment reduces the chasing effect, resulting in a decrease
in cluster density ρ . Thus, ρ monotonically decreases with in-
creasing α for α > 180◦. Furthermore, a higher threshold P∗

increases the proportion of misaligned agents within the clus-
ter, which enhances the chasing effect and leads to a higher
cluster density ρ . This explains the observed monotonic in-
crease in ρ with P∗, as shown in Fig. 3(a). Similarly, as α

increases, the chasing effect weakens, causing the cluster to
expand spatially along the direction of collective motion. This
results in a morphological transition from a linear to a disk-
like geometry, as demonstrated in Fig. 2.

4. Conclusions and outlook
In this article, we have shown that the self-assembly of

active agents into compact, velocity-polarized clusters can be
achieved through the joint regulation of agent motion by vi-
sual perception and threshold. It can be seen that by selecting
an appropriate threshold, spatial condensation and concordant
motion emerge concurrently within a certain range of viewing
angles. The effects of density fluctuations and noise on the
cohesion boundaries and critical threshold were investigated.
The chasing mechanism was applied to explain the cohesion
and density variations of clusters.

The agent arrangement achieved in our model satisfies
key requirements for robotic deployments, demonstrating both
robustness and scalability. Specifically, the self-organizing be-
havior of the group remains stable under perturbations, in-
cluding kinetic noise and the addition or removal of individ-
ual agents. While similar behaviors have been reported in the
literature,[39–42] the integration of these features within a sin-
gle framework is nontrivial. We attribute this emergent behav-
ior to the heterogeneous kinetic properties of the agents.

Our model offers a potential framework for generating
directed collective behavior in robotic/UAV systems, as each
agent simply adjusts its motion based on its own perception,
without the need for controlling interactions with multiple
neighbors. High-density stable formations enable efficient and
reliable interagent communication and perception,[43,44] while
also reducing detectability in complex terrains and electro-
magnetic environments. However, increased density raises
the risk of collisions, which necessitates careful design con-
siderations. Our studies provide clues about the connection

between the perception rule and density, potentially inform-
ing the design of robot/UAV swarms. A strategy for preclud-
ing collisions among robots/UAVs centers on providing agents
with vision sensors or radar systems that monitor the loca-
tions and spatial separations of other nearby agents. When
the distance separating agents decreases below a predefined
safety parameter, the agent modifies its speed to prevent a col-
lision from occurring.[45–47] The comprehensive consideration
of collisions in collective motion systems is a topic for explo-
ration in future studies.
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