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Abstract—Recent advancements in autonomous swarm sys-
tems have made a pivotal point in robotic science. Utilising
a large-scale swarm of simple robots to accomplish complex
tasks offers efficient, robust, and reliable solutions inspired by
natural phenomena. Although bio-inspired methodologies have
presented competent algorithms, those approaches inspired by
the physical interactions in viscoelastic materials demonstrate
more structured methods to prove the stability and robust
performance of the algorithms mathematically. This paper
proposes a new viscoelastic swarm algorithm which applies
to heterogeneous swarm systems. In this paper, the algorithm
development utilises the Lyapunov method to determine stability
criteria and corresponding conditions. Therefore, the resulting
approach does not rely on complex optimisation to obtain the
parameters that guarantee stable performance. In addition to
the theoretical framework, a series of Monte Carlo simulations
have been conducted to assess the algorithm’s performance and
its sensitivity to the key variables. Furthermore, the algorithm’s
performance has been evaluated by a series of experiments with
real robots to examine the effect of different variables, such as
neighbourhood conditions and the stiffness coefficient, on the al-
gorithm’s output. The results obtained from the simulations and
experiments demonstrate the stable and bounded performance
of the algorithm and how the key variables, such as stiffness
coefficient and number of neighbours for each robot, affect the
swarm performance. The comparison results, obtained from
real-world experiments with a state-of-the-art algorithm, show
that the proposed framework significantly reduces the control
effort for the robots while improving the swarm behaviour.

Note to Practitioners: This paper presents a viscoelastic swarm
control algorithm for heterogeneous multi-robot coordination,
emphasising stability, robustness, and reduced computational
effort. Swarm robotics addresses complex tasks using simple
autonomous agents, offering adaptability and resilience. How-
ever, practical deployment faces challenges in ensuring sys-
tem stability and optimising performance under resource con-
straints. The proposed algorithm applies the Lyapunov method
for a theoretical stability proof. Its robustness was validated
through Monte Carlo simulations and real-world experiments
using the Mona robot platform. Key findings demonstrate that
increasing stiffness coefficients enhances swarm cohesiveness but
may induce fluctuations in alignment, while a larger number
of neighbours and scouts improves alignment stability and
robustness. Practitioners in automation, robotics, and related
fields can benefit from this work by applying the algorithm
to distributed systems requiring efficient coordination under
uncertain conditions, such as intelligent transportation and
warehouse automation. The approach reduces control effort,
a critical factor for battery-operated robots, and offers a sys-
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tematic framework for parameter tuning based on interaction
graph properties. Future work will extend this framework to
dynamic interaction networks, extending applicability to real-
world scenarios with time-varying constraints.

Index Terms—Heterogenous Swarm, Flocking, Monte Carlo
Simulation, Lyapunov method.

I. INTRODUCTION

Swarm control is an innovative solution to large multi-
agent robotic system management [I], [2] that is mainly
inspired by collective behaviour observed in nature, such as
swarms of bees, flocks of birds, and schools of fish [3]. The
main purpose of developing control systems to coordinate
a large group of autonomous agents is to achieve complex
objectives using a group of simple, small robots instead of
using a large, complicated system [4]. Following the natural
patterns allows the swarm of simple agents to exhibit intricate
behaviour, which makes the swarm intelligence a viable
candidate for a wide range of applications from autonomous
networks [5] to robotic domains due to advantages such as
adaptability, scalability, and robustness against uncertainties
and failures [0].

Although a wide range of applications can benefit from the
capabilities of bio-inspired swarm intelligence [7], [8], devel-
oping a practical solution implies resolving challenges such
as interaction constraints and unpredictable behaviours [9].
Furthermore, developing a computationally efficient frame-
work is vital, given the limited resources available for each
agent’s processing unit and the high level of reliability
required for many applications, such as intelligent transporta-
tion systems [10]. Studying the collaborative behaviour of
social animals and insects is the foundation for developing
novel swarm intelligence. For instance, [I1] investigated
the emerging group responses by mimicking the school of
fish behaviour, [7] utilised the pheromone communication
concept to drive a swarm of robots, and [12] demonstrated
different approaches in modelling the bird-flock dynamic to
promote the swarm algorithm inspired by nature. Further-
more, other approaches try to use herding behaviours in
animals to develop leader-follower structures for swarms of
autonomous agents. For instance, [13] made an exclusive
review on algorithms inspired by shepherding for swarm con-
trol. That work elaborated on the advantages and drawbacks
of the shepherding approach that make it complicated for
swarm guidance in many practical cases. In another case,
the hunting strategy of a grey wolf pack inspired a multi-
agent flocking control that benefits from a strict hierarchy
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but flexible communication. However, the presented result
does not demonstrate scalability for a large number of agents.
[14]. However, those investigations mostly focused on de-
scribing the collective behaviour when a biological model is
applied as an interaction model between robots. Because of
the complexities of such models, stability analysis will be
difficult or even impossible in particular cases [15].

Other approaches attempt to develop collective motion
control methods inspired by the interaction between the
particles in elastic materials [16], [17]. Although the sim-
plicity of such frameworks allows for a more convenient
implementation and parameter optimisation [18], [19], such
algorithms show difficulties regarding marginal stability and
fluctuation in some situations [20]. Behavioural swarm is
another approach that incorporates more complex methods,
such as the fuzzy algorithm, to achieve desirable collective
behaviour in complex environments [21]. Other examples of
such methods were proposed in [22], applying the hedge
algebra to outperform the fuzzy algorithm, and in [23],
applying multi-agent reinforcement learning to avoid the
requirements for re-training and fine-tuning for each agent
individually. Although those methods exhibit reasonable per-
formance in some scenarios, there is no way to analytically
investigate the stability and robustness.

Distributed and decentralised control algorithms devel-
oped for multi-agent systems allow for the development of
frameworks that consider more sophisticated and complex
models for the agents and a more intricate communication
network [24], [25], [26]. For instance, the development of
state and output feedback nonlinear H., algorithms for
nonlinear agents proposed in [27] and [28] demonstrated a
stable and robust framework for a group of nonlinear agents
analytically. Although small-scale multi-agent systems with
complex agents can benefit from such algorithms, they would
be inefficient for large-scale swarms of simple robots [2].

In this paper, a new self-organised swarm control algorithm
is proposed to adopt a viscoelastic interaction between the
agents and overcome the marginal stability of the former
active elastic sheet (AES) algorithms for swarm control. The
development of the new algorithm encompasses a theoret-
ical framework for stability, along with the corresponding
conditions for the parameters in this regard. The devel-
oped theories not only showcase the asymptotic stability
of the coordination algorithm, but also the robustness of
the proposed method to bounded perturbations. Previous
studies incorporated consensus-based estimation to address
the heterogeneous time-varying delays [29], [30] as one
of the serious perturbing effects on practical multi-agent
systems. However, the proposed framework in this paper
applies a different approach to demonstrate the robustness of
the coordination to bounded small delays, which is essential
for real-world applications. In addition to the theoretical val-
idation, an extensive Monte Carlo simulation was conducted
to evaluate the robustness of the algorithm compared to
previous forms of AES methods. In the proposed algorithm,
the parameters are determined based on the stability criteria
and the network configuration of the swarm. Therefore, the

computational effort is significantly reduced compared to the
cases that require a sophisticated optimisation to calculate the
parameters for the algorithm [31], [32]. In addition to the nu-
merical simulation, different series of experiments have been
conducted to investigate the performance of the algorithm in
different scenarios and how different aspects of the algorithm,
such as the neighbourhood condition, the number of different
agents, or the stiffness coefficient between the agents, can
affect the performance of the algorithm. Therefore, the main
contributions of this paper are expressed as follows:

o Development of a distributed and scalable viscoelastic
coordination algorithm for heterogeneous multi-agent
systems that guarantees a stable tracking of arbitrary
time-varying desired formation geometries. The pro-
posed minimal scout-seeker coordination strategy con-
siders a subset of agents (scouts) that are informed about
the target geometry, while the remaining agents (seek-
ers) rely solely on local interactions, ensuring distributed
coordination with limited global information.

o Systematic method of determining the algorithm’s gain
based on an analytical approach for asymptotic stability
using a structured Lyapunov function and block matrix
decomposition that reduces computational burden.

o Robustness analysis of the proposed controller that
demonstrates the Input-to-State Stability (ISS) in the
presence of bounded perturbations and the system’s
resilience to small communication delays.

Additionally, a sensitivity analysis framework incorporat-
ing numerical simulation and experimental setup is intro-
duced to evaluate the algorithm’s performance in terms of
stability, robustness, and output boundaries.

A. Related Works

Swarm robotics explores different methods of collabora-
tion between the members of a large group of robots. In
this domain, early works often featured frameworks inspired
by nature, such as foraging [33] and bird flocking [34].
Those bio-inspired algorithms offer decentralised, robust, and
scalable control methodologies, particularly for cases where
robots have communication and computational capability
limitations [35], [36]. However, providing a formal guarantee
for stable performance was a challenge, as it is a substantial
aspect for practical applications [37].

On the other hand, multi-agent systems (MAS) offered
more structured approaches to develop collaborative methods
addressing the coordination and communication to obtain
collective behaviour [38]. Although MAS approaches demon-
strate promising results in cooperative robotic applications
such as [39] and benefit from more sophisticated planning
and interaction capabilities [40], [41], the computational
complexity can be an impediment for practical implemen-
tation on large-scale swarms of simple robots [42]. On the
other hand, although structured swarm algorithm develop-
ment frameworks, such as the Fokker-Planck approach [43],
offer systematic behavioural predictions, particularly for
large-scale statistical key performance indices by considering
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random elements that affect the agents, they do not address
the microscopic stability and coordination of different agents.
Accordingly, recent studies aim to apply more structured
control theories to enhance the reliability of swarm systems
for real-world applications. For instance, incorporating the
Lyapunov method yields promising solutions to stability
analysis [44], [45], [46].

The viscoelastic model used for robot interaction facilitates
the development of a distributed, structured swarm algorithm
while maintaining simplicity in the local controllers. That
model was inspired by the physical interaction between the
particles in elastic materials [47]. Such models are even
investigated in different contexts, such as utilising the fluid
dynamic model for swarm algorithm development [48]. Fur-
thermore, the research that was outlined in [19] showed the
potential of using the viscoelastic model for a heterogeneous
swarm of robots.

Addressing the stability criteria mathematically for swarm
control algorithms is a complicated procedure [49], [50].
However, applying methods such as Lyapunov theory [51],
[52], [53] and eigenvalue analysis [54] enabled the mathemat-
ical solution to stability in various cases, including directed
and undirected networks, the potential field approach, and
interaction based on relative position. Nevertheless, utilising
the viscoelastic framework makes the swarm coordination
more complicated regarding the analytical stability.

Although the theoretical validation of stability justifies the
eligibility of an algorithm, it is necessary to evaluate the
algorithm’s performance by other approaches, such as nu-
merical simulation and real-world experiments. Monte Carlo
simulation is a reliable approach that can handle robustness
analysis by considering different types of uncertainties and
environmental conditions. Therefore, in multiple studies, that
approach was applied to investigate the swarm behaviour in
various scenarios [55], [56]. The probabilistic nature of the
Monte Carlo simulations allows for studying different aspects
of the developed framework, such as potential failure modes,
behavioural boundaries, robustness, and the likelihood of
achieving the desirable outcome [57]. As a complement
to the Monte Carlo simulation for performance evaluation,
systematic sensitivity analysis helps determine the significant
variables for the algorithm and how the system’s outcome
varies according to their changes [58]. Therefore, for complex
systems such as a swarm of robots, sensitivity analysis
provides a valuable perspective on how the algorithm should
be implemented to achieve satisfactory results [59].

II. PRELIMINARIES

The following subsections present the preliminary infor-
mation necessary for algorithm development, specifically
regarding the robots’ model and graph theory.

A. Robots model

In this paper, each robot is driven by an acceleration
command determined according to its interaction with its
neighbours and an interactive force with the environment.

Therefore, the robots’ individual motion can be described as
follows:

¥, = Fi, (L
F, = Yjenty+17,

where r; = [1;,7]7 € R? is the position vector of the
robot i and accordingly the ¥; € R? is the acceleration
vector, F; € R? is the specific force exerting on the robot
i, £i; € R2, j € N is the contribution of the robot-to-robot
interactive force to the specific force regarding the interaction
between the robot i and its jy;, j € N; neighbour, f? € R?
represents the contribution to specific force regarding the
robot’s interaction with the environment and it is determined
according to robot’s local information.

B. Graph Theory

A swarm of N4 robots that interact with their neighbours
can be illustrated by a graph G. Therefore, the graph’s
node v = {v;}¥ 4, describes the robots and the edge set
e C v x v describes the interactions between the robots. In
this paper, it is assumed that the interactions between the
robots are mutual and therefore f;; = —f;;. Accordingly, the
illustrative graph becomes an undirected graph. Furthermore,
the neighbourhood for each robot, A;, can be described as
the set of nodes that are connected to the robot’s node in the
graph by an edge, as presented as follows:

{eij}, €j = (vi,v;) )
{Vk|€kj S 6} .

€ =

M:

The adjacency matrix of the graph, Ag € RV*N is deter-
mined as follows:

Ag = [ay], 3)

aij = {1 Zf (V“.VJ)EE >iaj:1a"'»Nag-
0 otherwise

For an undirected graph, the adjacency matrix is symmetric

and therefore a;; = aj;. Describing the graph degree matrix,

Dg € RNas*Nag a5 a diagonal matrix of each robot’s total

number of neighbours leads to obtain the Laplacian matrix

Lg € RNasxNag a5 follows:

Lo=Do— Ag . @)

Considering the undirected, time-invariant, and connected
structure of the interaction graph, Lemma 1 shows that the
Laplacian matrix of the graph presented in (4) is a positive
semi-definite matrix [60].

Lemma 1. if {1} is a column vector with all elements
as 1, then 0 is an eigenvalue of the Laplacian matrix
Lg with {1} as a corresponding right eigenvector and all
nonzero eigenvalues have positive real parts. Furthermore,
0 is a simple eigenvalue of Lg if and only if there exists a
directed spanning tree in G. For an undirected graph G, the
smallest nonzero eigenvalue Ao of Lg satisfies the following
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equation [60]:

T
o= min 29T 5)
©£0,{1}Tz=0

Ty

III. COLLECTIVE MOTION CONTROL

This section introduces the collective motion behaviour
according to the robots’ dynamic model discussed in the
previous section and the control law proposed in this paper.
Afterwards, the Lyapunov approach will be leveraged to
demonstrate the controller’s effectiveness and validate the
stability of the swarm flocking.

A. Flocking Control Policy

The flocking problem in swarm intelligence refers to a sit-
uation in which a group of individuals exhibit a dynamic pat-
tern of movement. The flocking pattern, L = {1;, 1, lz},z =
1, ..., Ny, the desired flocking pattern is defined by 1; € R?,
giesired velocity, L- € R2, and desired acceleration vector,
1, € R2?, for each robot in the workspace. Therefore, the
relative position and velocity between two robots ¢ and j
in the desired pattern can be described as 1;; = 1; — 1,
and 1;; = 1; — 1,. According to the double integrator model
described for the robots in the previous section, the proposed
control law for each individual has the structure described in
the following equation:

fij = —kij(ryy —Lj) —cy (Fzg - iij) ;o (0
f7 = =i —L) =y - L)+ 1,
where r;; = r; —r; and r;; = r; — 1; represent the

relative position and velocity vector between two robots ¢
and j respectively. Also, k;; € R?**? and ¢;; € R?*?
demonstrates the stiffness and damping coefficients between
two robots 7 and j respectively. It is assumed that k;; and c;;
are defined based on the adjacency coefficient between each
pair of robots. Furthermore, 7{“ > 0 e R2x2 presents the
target attraction coefficient for robot i and 7§ > 0 € R?*?
presents the target velocity adjustment coefficient for robot
1 according to the target point velocity. Also, l; € R?
represents the target acceleration for robot <. Therefore, each
robot is influenced by its neighbour, and meanwhile, it can
be affected by the desired position in the target flocking
geometry according to (6). Although the proposed controller
for each agent considers the position and velocity error, and
the target position can have acceleration, it is not necessary to
include the acceleration error in the control policy to achieve
stability. The following subsection discusses the reason why
the proposed control law can stabilise the swarm dynamics
following a moving desired geometry, applying the Lyapunov
method.

B. Collective Motion Dynamic

In this subsection, the control law introduced in (6) is
incorporated to obtain a unified model which describes
the entire swarm dynamics. In this study, the interaction

network among agents is modelled as a static, undirected,
and connected graph, which means that communication links
are mutual and do not change over time. According to
the robots’ model described by (1) and the control policy
illustrated by (6), the swarm collective motion dynamics can
be described as follows:

R R
H —A [R} +BU, (7)

where R = col{r;} € R*Nes, R = col{i;} € R*Nes,
U = col{F;} € R*Nas are the column vector of collective
position, velocity, and control vectors respectively. Accord-

. 0 I
mgly, A = [ ]2Nagx2Na,g 2Nag c R4Nagx4Nag
[0lan,,x2N., [0]2n,, x2N.,
0 ..
and B = [ ]Zﬁ\/ ag X2N, “gl are the state and control transition
2N,
. 2Nag ..
matrices. Considering the joint swarm geometry error as
follows:
E = col{ei}, e, =r;, — li; (8)

E == COl{éi}, ez = f‘i — L‘,

where E = R~ L € R?Mws and E = R — L € R?Nes
are the collective vectors represent the flocking error and its
time gradient according to the difference between the current
swarm collective position vector R and the desired geometry
described by L = col{l;} € R?Nes. According to the control
law proposed for each robot in (6), the collective control
vector, U, can be described as follows:

E .
U= [—(Kg +1I) —Cg} {E} +L, )]
where Kg € R(ZNagx2Nag) ' ¢ R(2Nagx2Nag) - and Cg €
R(2Nagx2Nag) gre defined according to the Laplacian graph

Lg associated with the interaction network between the
robots as follows:

Kg ks ®Lg , (10)
C; = cf + diag{~{}
I = diag{y},

where ky € R2%2 and ¢9 € R?Nes*2Nas gre the associated
swarm stiffness and damping coefficient for each individual
according to its interaction with the neighbours, diag{.}
introduces the operator to make a diagonal matrix from the
arguments, and ® represents the Kronecker product.

C. Viscoelastic collective control

The swarm coordination algorithm should regulate the inte-
grated state error, which comprises the collective position and
velocity errors. Considering the collective motion dynamics
introduced by (7), (8), and (9), a collective state error vector
can be defined to quantify the weighted flocking geometry
tracking error.

g A [0]2Nagx2Nag] [E]
[0]2n,, x2N,, Q E|”’

Y
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where A € R2NagX2Nag gpnd Q € R2Nag*2Nag gre positive
definite and symmetric weight matrices for collective position
and velocity errors. The weighted state error vector enables
the controller to adjust the relative importance of position
and velocity errors. Therefore, the state error transition for
a steady flocking geometry, which implies L=o, through
time can be formulated as follows:

§_ [0]2N,, x2N., A E
-Q(Kg+T) —-QCg| |E|

Considering (11) and (12), Theorem 1 demonstrates the con-
ditions that constitute the asymptotic stability for the swarm
flocking, which follows an arbitrary time-variant geometry.

12)

Theorem 1. The collective system described by (12) will be
asymptotically stable and converge to the origin, S = 0, if
the following conditions are satisfied:

0<(Kg+T)<I
Cg=Q ' (AM(Kg+TD)"'A+ (Kg +T1)Q)

13
Q< AKg + F)flA (13)
QKg+T)>0
Proof. Assuming the Lyapunov function as follows:
1
Vo= 5STPS : (14)
(Kg + F)71 AT
P = AL Qfl

According to the Schur complement theorem and con-
sidering the conditions for @ and A in Theorem 1, P
is a symmetric positive definite matrix and therefore the
Lyapunov function stated in (14) results in V > 0 if S # 0.
Determining the time differentiation of the Lyapunov func-
tion results in the following equation:

v = s'pS
1 [A 0 0 A TIE
= [T B {0 Q}PLQ%H) *QCJ H
o A O 0 A
considering P, = {0 Q}P[_Q(Kg—f—f‘) —ch]
which is equal to:
_[AKg+T)t T 0 A
Pt[ QA H] [—Q(KgH) _ch]' )

By substituting Cg from (13) and decompose P, as a block

)
12

11
matrix P; = (PP?)T P’?}, the result for each block
becomes:

P/'! = —-Q(Kg+1), (16)

P%Z - (KQ + F) Q ’

sz = Q—-0Cg.

According to (16), P; = P22 — (P}2)T(P}1)~1P}2 can be
written as follows:
P;=Q-AKg+T)'A— (Kg+T1)Q (17)
—(—Q(Kg +D))(=(Kg + ) 'Q ") (—(Kg +T)Q).

Therefore, based on the third condition in (13)

P;=Q0-AKg+T)'A<o. (18)

Considering the conditions for Q@ and (Kg + T') in (13),
it is evident that P}' < 0. Consequently, using the Schur
complement theory for the block matrices, it is evident that
P; < 0 and therefore:

V=I[ET ET]P, [E] <0 forEJE+#0, (19)

which means the system is asymptotically stable. ]

Corrollary 1. The left side of the first condition in (13) will
be satisfied if the interaction graph is connected and for at
least one robot vF > 0.

Proof. Considering the assumption for mutual interaction
with the connected robots and according to Lemma 1, if the
interaction graph is connected, then the Laplacian matrix Lg
will be a positive semidefinite with the smallest eigenvalue
01 = 0, and its associated right eigenvector ¥y = [1], and
the rest of the eigenvalues satisfy real(o2,...,0n,,) > 0
where o represents the eigenvalue and 9 represents the
right eigenvector of the matrix. Therefore, K¢ inherits the
properties of Lg according to the properties of the Kronecker
product and the diagonal structure of kg with positive ele-
ments. Accordingly, if only one positive definite block exists
in I, then it satisfies I'dg # 0 and therefore I'+ Kg becomes
positive definite. |

ky, O
0 ky
then selection of kmaz @S kmar < , where d,q. is
the maximum degree in the intemctionmgiaph and Ymaz =

maz(vF), satisfies the right hand side of the first inequality
in (13).

Corrollary 2. Ifk, = { , and kpae = maz(ky, ky),

1—Ymaax

Proof. According to the properties of the Kronecker product,
the maximum eigenvalue of Kg can be determined as

Qmax(KQ) = kmam@(ﬁg) .

On the other hand, according to Weyl’s inequality theorem for
the eigenvalues, the upper bound of the spectrum for o(Kg +
I') is o(Kg) 4+ Vmaz- Considering the upper bound of the
spectrum for the Laplacian matrix as o(Lg) < 2dmaq, it
concludes:

Q(KQ + F) < Q(KQ) + Ymax < 2kmamdmarc + Ymazx -

Therefore, if k,0z <

1—Ymaax
GT then

oKg+T)<1.

According to the Hermitian structure of the Kg +1I', the sin-
gular values and the eigenvalues are equivalent, and therefore
(Kg + F) <L [ |
Corrollary 3. Considering p(Q) < kai’g:;fi\};mw, where
p(.) = sup(o(.)) represents the spectral radius of its argu-
ment, then the third condition of (13) will be constituted.
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Proof. The stated condition in this corollary implies:
p(Q)

On the other hand, because Q and A are positive definite and
symmetric matrices, according to the Rayleigh quotient:

> 2kmaxdmax + Ymaz Z P(Kg + F) (20)

xT(AQ'A)x  (Ax)TQ71(Ax)
= ; 2L
xTx xTx
is valid for any arbitrary vector x. Furthermore,
(Ax)T Q71 (Ax) > @(AX)T(AX). Therefore,
T -1 T A2 (A2
x (AQT A)x > 1 x ;\ X o Omin(A ) 22)
xTx p(Q) x'x p(Q)
Accordingly,
XT(Kg + F)X Qmin(Az)
——— < p(Kg+7T) < ———. 23
Therefore, "T(zﬂ < w which means

(Kg+TI) < AfolA and it is equivalent to Q <
A(Kg + T')~!A that constitutes the third condition in (13).
[ |

Corrollary 4. The perturbed collective system described by:

v | [0]an,, 2N, A E
ST lhe®o 1) —ocg| [B] TR

where Ag € R*Nas s the bounded perturbations on collec-
tive state, is Input-to-State Stable (ISS) with the Lyapunov
gain function:

(24)

1
(1 = &)omax(As)
where 0 < ¢ < 1 is a small gain and r is a positive scalar
[0]2n, , x2N,, A
-Q(Kg+T) —QCg]
Proof. Considering the Lyapunov function introduced in (14)
for the perturbed system in (24) results in the following
equation for the time derivative of the Lyapunov function:

A O
0 Q

X(r) = r, (25)

value and A, =

V=ETP,Eg+&ET [ } PAg, (26)

E
where £ = [ } . Assuming |£| > X (|Ag]) , where |.| returns

E
the second norm of its argument, with the Lyapunov gain

stated in (25) concludes:

V S _O—maa:(Pt)|€‘2 + (]- - E)Umax<Pt)|g‘2a (27)

where o0 (Pt) is the maximum singular value associated
with P,. Therefore, V < —e0mqae(Pt)|E]?,YE # 0 which
means that the perturbed system in (24) is ISS according to
the Lyapunov gain described in (25) according to [61]. W

Corollary 4 shows that the proposed coordination algo-
rithm is robust against bounded small perturbations from
the environment and internal uncertainties. Therefore, al-
though the algorithm does not directly encounter stochas-
ticity over the communication network, the ISS feature of

the algorithm demonstrates its robustness against bounded
perturbations, which can include uncertainties modelled as
bounded stochastic processes. Therefore, if random distur-
bances or bounded uncertainties affect individual agents,
as often considered in stochastic consensus [62], [63], the
system’s collective stability remains preserved. Time delay is
one of the sources that causes perturbations in the collective
motion. As stated in (6), the interaction between the agents
depends on the calculation of relative position and velocity.
However, considering the time delay in receiving the data
implies:

fij = —kij (Tiy —Lij) —ciy (7” - lij) ;o (28)

where ¥;; = r;(t—7)—r;(t) and ¥;; = ¥;(t—7)—1;(t) are the
relative position and velocity associated with the communica-
tion delay 7 between agents ¢ and j. The following theorem
shows that the proposed coordination system is robust against
small communication delays according to the ISS feature
demonstrated in Corollary 4.

Theorem 2. The collective system associated with the com-
munication delay and the agent-to-agent interactions de-
scribed in (28) is stable if vy (t) and 1t (t) are Lipschitz for
all agent k.

Proof. Considering the coordination law in (28), the collec-
tive state error dynamic becomes:

§= A, [g]+[£U],

where Ay = {Aw;} and
Aui = Sjen, (—kijorj(Ti;) — cijot;(Tij)) ,

where (51‘]'(7'1‘]‘) = I‘j(t) — I'j(t — Tij) and (;I-'j(Tij) = I‘](t) —
r;(t — 7i;). If v, and 1y, are Lipschitz functions, then:

|07 (735

|08 (7i5)| =
Therefore, |Au;| < di(kmazLr + CmazLi) Tmaz Where Tomaz
is the maximum experienced delay in communication and
Cmaz = max{c;;}. Accordingly, |Ay| < KTpmes Where &
is a positive constant. Therefore, the collaborative system
associated with the communication delay can be consid-
ered as a Tperturbed system with the bounded perturbation
[0 AT]". Subsequently, the perturbed system described in
(29) remains stable for small time delays because of the ISS
feature according to Corollary (4). |

(29)

[rp(t —7) —r(t)| < Lemiy  (30)

|I‘k(t - ’7') - f‘k(t)| S Lr,'nTij.

In this paper, two types of robots are considered for the
simulations and experiments. The first type is associated
with robots that have information about their own target
destination and an attraction force in that direction. In this
paper, these robots are referred to as scouts. The second
type is associated with those robots that do not have direct
information about their destination or target points, and they
should reach the target by merely implementing the first part
of the interaction law with their neighbours according to (6).
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In this paper, the second type of robot is referred to as a
seeker. According to the theoretical analysis presented above,
a heterogeneous swarm system can achieve a target formation
geometry with both types of robots present in the swarm. It is
evident that the proposed framework is different from general
leader-follower algorithms because:

o The seeker robots do not necessarily have direct inter-
actions with the scouts.

o The scout’s behaviour is not independent of the seeker
robots, as they have mutual interaction. In fact, despite
the additional local controller that scouts apply to follow
their target, they have the same interaction as seekers
with their neighbours.

o The scouts can be neighbours and interact with each
other.

Each agent can interact with zero, one, or more than one
scout. Also, scouts can interact and be neighbours with each
other. In this study, being a scout does not contribute directly
to agent-to-agent interaction law. However, those scouts use
the target information, incorporating the local control law
stated as f? in (6) to follow the targets and, accordingly,
affect the entire swarm. Corollary 1 shows that if only one
scout exists in the swarm, then the stability criteria can
be determined, and the swarm can reach the target points.
Furthermore, Corollary 2 offers an upper bound for the
stiffness coefficient to guarantee the second stability criterion
in (13). Considering all the conditions stated in (13) and
Corollaries (1) to (3) allows a straightforward process to
find the parameters for stiffness and damping coefficients
according to the structure of the interaction graph G.

The implementation of the proposed control law involves
relative position and velocity measurements with local neigh-
bours, resulting in computational complexity of O(d;), where
d; is the number of neighbours for agent ¢. The weighting
matrices A, Q, and I' are diagonal and require negligible
computation. However, the damping matrix Cg is not diag-
onal and depends on the global structure presented in 13. As
K¢ + IT' is symmetric and typically sparse due to its Lapla-
cian structure, efficient numerical methods such as sparse
Cholesky factorization can be applied to compute or ap-
proximate (Cg) in O(NZ,) [64]. Therefore, the framework
maintains a balance between formal stability guarantees and
computational feasibility in swarm-scale implementations.
In the next section, a series of numerical simulations is
presented to assess the effectiveness of the proposed swarm
control framework, along with a sensitivity analysis of the
key variables in the algorithm.

IV. NUMERICAL SIMULATION RESULTS

This section presents the structure of the numerical simula-
tions and the results obtained for evaluating the performance
of the proposed algorithm. The Monte Carlo method is
utilised for statistical analysis of the system’s output in
different situations. The network graph between the agents
is determined according to two assumptions.

'| Sim Manager |"_.a,_g info

2
£
I
g network Target Info.
3 Nei.ghbour T
1 info. -
Extractor Agent
I |E| Controller
Env.Info. H l
Agent
Dynamic
L | Sensor
model
. Leader/Seeker
Swarminfo. update switch
Figure 1. Simulation process for the swarm behaviour considering the

implemented algorithm.

o The first assumption is associated with the number of
neighbours and the eligible distance for the neighbour-
hood in the target swarm geometry.

o The second assumption is to establish an undirected and
connected graph between the agents.

Therefore, each agent has at least Ny, neighbours, and if
agent j is one of the neighbours for agent ¢, then agent ¢
is also a neighbour for agent j. According to the theoretical
development, the network graph between the agents should
be connected, but it does not need to be fully connected.
In each simulation, the robots are placed as a square shape
in a two-dimensional arena with a size L x L, each of
which is assigned a random angle 6 € [0, 27]. The desired
geometry when the swarm reach the destination location is a
hexagonal shape. The main parameters that are used in the
simulations are listed in I. In this study, two types of robots
are considered. The first type is the scout associated with
those robots that have information about the target points, and
the second type is the seeker that may or may not have direct
interaction with the scouts. In the Monte-Carlo simulations,
the scouts were selected randomly to assess different condi-
tions. Therefore, each agent may interact with none, one, or
more than one scout. The flowchart in Fig. 1 schematically
demonstrates the simulation process. As demonstrated in
Fig. 1, the developed simulation environment comprises
general modules for the robots’ dynamic model, controller
implementation, sensor model, and data extractor. The robot
controller and sensor module have different structures for
different types of robots. The controller module implements
the local control policy stated in (6) according to the feedback
from the sensor module and other information, depending on
the robot’s type.

To create a more realistic simulation, the sensor module
adds measurement noise to the position vector, which is
updated by the robot’s model module. The measurement
noise also acts as a bounded disturbance on the system.
Therefore, the coordination system should regulate the ef-
fect of that disturbance to stabilise the system. This is the
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Table 1

MAIN PARAMETERS USED FOR THE NUMERICAL SIMULATIONS.
Parameters  Description Values
Nag Swarm size 100 robots
Ny Number of scouts {1,4,8,15}
NNeb Number of Neighbours {2,4,6,10}
k Spring constant {0.02,0.05,0.1,0.15}
vy Attraction coefficient 0.2
L Arena’s side length 100 m
Rs Sensing radius 2m
Tsim Simulation time 950 s
n Measurement noise U(-0.01, 0.01)

key element for showcasing the robustness of the proposed
algorithm and evaluating the boundedness of the output in
various situations. The final part of the simulation setup is
the simulation manager, which is responsible for distributing
the latest information about the robots to the entire swarm
and the interaction network between them. The parameters
applied to the simulation and the coordination algorithm are
listed in Table I.

The Monte Carlo method was implemented by conducting
50 simulations to evaluate collective motion performance.
Based on the described simulation environment, three distinct
cases are designed to study the impact of (i) neighbour links,
(i) multiple scouts, and (iii) variation of spring coefficient
value. In each case, the total force (F7), the alignment (1)),
and the cohesiveness (D) are the performance metrics used to
examine the robustness and stability of each case. The total
force Fr is a significant indicator of the interaction forces
within the swarm that measures how the robots deviate from
their desired relative positions. Fr can be expressed as the
summation of all interaction forces for the swarm of size N:

Nag

Fr = Z IF5]
=1

where F'; denotes the exerted force on the robot 7, as defined
in (1). A high value of the total force indicates significant
positional differences between robots, which may not have
reached their equilibrium positions. As the robots decrease
their positional errors over time, the total force decreases. The
degree of alignment is another key metric to demonstrate the
alignment status of the swarm denoted as ¢ in (32). In a
case where all robots are aligned in a consensus direction,
1 =~ 1. Conversely, a disordered swarm, characterised by
random orientations among robots, results in 1) ~ 0. The
degree of alignment 1) can be described as follows:

Na
iﬁ A [ cos(6;) }
) i — .
ag || = ’ sin(6;) |’
where 6; represents the direction of motion for robot ¢, and
7; 1S a unit vector that is aligned with the robot’s direction.
In addition, the swarm’s cohesiveness D is a metric that
quantifies the consistency in the spatial structure of the

swarm [19]. Specifically, evaluating how well the robots
maintain their positions relative to the swarm’s centre of

€29

(32)

mass. D can be calculated based on the distances between
each robot and the swarm’s centre:

N, Ng
RG] A \/z o ||r7 —rcu — 1e)?
1 b

Nag
(33)

He =

Mc
In (33), r; is the relative position of the robot i, and r,
denotes the centre of mass of the swarm. p. is the average
distance of the robots from the centre of mass, and o. is
the standard deviation of these distances. For the swarm
to maintain a stable structure, D must remain relatively
consistent throughout the simulation.

In each case, the measurement noise on the agents’ po-
sition vector introduces a disturbance to coordination, and
the algorithm must regulate the effect of this disturbance to
stabilise the swarm and ensure boundedness of the output.

A. Case I: Different Neighbour Links

For this analysis, a swarm of /N = 100 robots are placed
in the arena in a square shape, and their destination shape
is determined as a pentagon. The swarm will have only one
scout, and the rest of the parameters will be fixed, as shown
in Table I. The following set for the number of neighbour
links Nyep € {2,4,6,10} is considered. For each case, 50
simulations have been conducted with different sets of initial
conditions for position, velocity, and angles. The interaction
network for each simulation was determined according to the
final formation configuration. The results obtained from each
set of simulations are shown in Fig. 2.

According to the results for the alignment, Fig. 2 shows
that the fluctuation in the contours diminishes when the
number of neighbours increases. It is clear that increasing the
number of links between the robots enables them to reach full
alignment more quickly. Furthermore, alignment variation
reduces significantly in the transient region, which helps the
robots move together more consistently. However, relying
on a high number of interaction links is not practical in
real-world applications. Therefore, such a sensitivity analysis
helps to find the admissible performance region. On the other
hand, the probability distribution of the cohesiveness shows
that the cohesiveness values move to the lower values as the
number of links increases. Therefore, the swarm structure
becomes more solid by increasing the number of links.

B. Case 2: Different Number of Scouts

In the second sensitivity analysis, the number of scouts is
considered a key variable that can affect the swarm’s perfor-
mance. Scouts are robots that exhibit similar dynamics and
interaction models with their neighbours, while possessing in-
formation about the target position and being able to measure
the distance to their destination point. Therefore, increasing
or decreasing the number of those robots can affect the entire
swarm’s performance. To assess the effect of the number of
scouts, a swarm of N = 100 robots is placed in the arena
in a square shape, and their destination shape is determined
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Figure 2. The sensitivity analysis for the number of neighbours. (left)-The contour variation of the alignment according to the Monte Carlo simulation.
(right)-The probability distribution of the cohesiveness according to the Monte Carlo simulation.

as a pentagon. Each robot in the swarm will be connected to
four neighbouring links. The following set for the number
of scouts N € {1,4,8,15} is considered for sensitivity
analysis. The rest of the parameters will be fixed, as shown in
Table 1. For each case, a set of 50 simulations is conducted,
with random robots as the scouts. The initial conditions and
the interaction network are set in the same way as described
in the previous case. The statistical results obtained from
those sets of simulations are presented in Fig. 3. According
to the contour plot of the alignment obtained from the Monte
Carlo analysis in Fig. 3, increasing the number of scouts
reduces the fluctuation in alignment significantly, particularly
in the transient region. However, changing the number of
scouts from 8 to 15 does not show substantial variations
in the alignment contours. Therefore, it is evident that the
improvement of the alignment index reaches an upper bound.
On the other hand, increasing the number of scouts shifts the
cohesiveness values from lower to higher values, resulting
in more pronounced geometrical fluctuations in the swarm
formation. According to the presented sensitivity analysis, it
is evident that the selection of the number of scouts depends
on the importance and priority of the alignment, as well as
the cohesiveness of the swarm.

C. Case 3: Different stiffness Coefficients

The third key variable in the proposed algorithm is the
stiffness coefficient applied in the local control policy. Ac-
cording to the results obtained in the mathematical devel-
opment, the stiffness coefficient is a determinant factor in
the swarm’s stability. Therefore, it is necessary to evalu-
ate the sensitivity of the algorithm’s performance to the
variation of this parameter. It allows for the selection of
the best stiffness range according to the swarm structure.
Consequently, a swarm of N = 100 robots are considered
in the same way as the previous analysis and the values
for the stiffness coefficient values are selected from the set:
k € {0.02,0.05,0.1,0.15}. The swarm structure remains

constant through this analysis, and the initial conditions are
set in the same way as in previous studies. The results
obtained from four sets of Monte Carlo simulations are
demonstrated in Fig. 4.

As presented in the contour graph in Fig. 4, the alignment
fluctuation increases significantly when the stiffness coeffi-
cient increases. On the other hand, cohesiveness is pushed to
lower values, which increases the rigidity of the formation
geometry. Considering a fixed swarm structure (with a similar
interaction network and a number of scouts), increasing the
stiffness forces the swarm to maintain a more solid structure,
as indicated by the cohesiveness results. However, the effect
of the stiffness coefficient on the geometrical rigidity is dif-
ferent from the way that the number of neighbours can affect
the swarm’s solidity. Increasing the number of neighbours
causes a more stable resultant force on each robot, although
fewer but stronger links can lead to vibrational behaviour
for the robot. Therefore, despite the significant improvement
in cohesiveness, increasing the stiffness coefficient increases
the energy lost, which is a drawback, particularly for small
robots that have limited power sources.

In addition to the sensitivity analysis regarding the align-
ment and cohesiveness indices, a quantitative result is pre-
sented in Table II to compare the statistical indices, minimum
(min), maximum (max), median, and interquartile range
(IQR) for the total force of the swarm as a representative of
the control effort that the algorithm imposes on the swarm
to reach the target formation.

According to the results demonstrated in Table II, it is
evident that the control effort is linearly sensitive to the
stiffness coefficient and the number of neighbours according
to the median index, although it is not significantly sensitive
to the number of scouts. Furthermore, the statistical results
showcase the boundedness of the system’s output in all cases,
while the measurement noise acts as a disturbing effect
on the algorithm’s performance. Therefore, the numerical
simulation validates the robustness feature of the algorithm
in the presence of bounded disturbances.
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Figure 3. The sensitivity analysis for the number of scouts. (left)-The contour variation of the alignment according to the Monte Carlo simulation. (right)-
The probability distribution of the cohesiveness according to the Monte Carl simulation.
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Figure 4. The sensitivity analysis for the stiffness coefficient. (left)-The contour variation of the alignment according to the Monte Carlo simulation.
(right)-The probability distribution of the cohesiveness according to the Monte Carlo simulation.

Table 1 This cost-effective and user-friendly mobile robot is suitable
STATISTICAL ANALYSIS OF THE TOTAL FORCE IN THE FIRST 200 TIME for both educational and research purposes. Mona is equipped
STEPS IN THREE SENSITIVITY ANALYSIS CASES . . .
with an ESP32-WROVER-B System-on-a-Chip (SoC), which
Simulation Case min  max median IQR  operates at a frequency of up to 240 MHz and includes 4 MB
Basi Ca;eog N AN 1 1034 8215 1219 3836 Of flash memory along with 8 MB of SRAM. The robot’s
= 0.02; Nnepb = 4; Np, = oqe . . . . .
’ ' mobility is driven DC motors, enabling i hi
Sensitivity to stiffness k= 0.05 1.86 177.66  30.84  89.87 Ob. ty is driven by two DC 'OtO s, enab . g. tto a(.: evea
N Ne 1 k=01 73 35415 6459 18128 Mmaximum speed of 10 cm/s. Five evenly distributed infrared
Neb = % L = k=015 11.87 533.16 99.04 2733 (IR) sensors are installed on the robot’s front side to facilitate
Sensitivity to Nxep, Nyxep =2 057 4219 495 1692  proximity sensing. Additionally, Mona is equipped with a Wi-
k=002:N; =1 Nyep =6 1.34 104941694 5045 g podule that enables wireless communication, promoting
y INL
Nneb =10 2.82  166.47  31.83 84.7 . . ith oth b ithin th Alth h th
Sensitivity to Np N.—4 2168 7151 1099 3157 interaction \.mt. other ro ot§ within the swarm. Althoug t e
K= 0.0 Ner — 4 Ny =8 408 7342 1275 3134 robots are similar, the physical parameters, such as actuation
0% HiNeb NL=15 739 7463 1549 29.34 uncertainty, communication delays, and measurement noise,
add disturbances to the coordination framework. Therefore,
the results of these experiments not only showcase the practi-
V. EXPERIMENT RESULT cal capability of the algorithm but also validate its robustness
A. Swarm Robotics Platform against such bounded disturbances and uncertainties as shown

theoretically in Section III.

The Mona open-source miniature robot, illustrated in
Fig. 5, was developed for applications in swarm robotics [65].
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Figure 5. The robot arena used for the experiments, including a vision
system for localisation and a ROS network for communication between the
nodes

B. Experimental Arena Configuration

To evaluate the applicability of the proposed collective
motion model, a series of experiments were conducted
involving six robots within a 2 x 1 m? arena. In each
experimental trial, the robots were positioned at predefined
locations with random orientations, ensuring that each trial
starts from a disordered state. A high-resolution camera was
installed two meters above the arena and connected to a
master PC for comprehensive monitoring of the robot swarm.
The robots’ movements were accurately tracked using the
WhyCon vision-based localisation system [06], which utilises
a low-cost webcam to deliver precise position estimates. Each
robot was equipped with a unique fiducial circular tag affixed
to its top, allowing the WhyCon system to identify and
distinguish each robot’s position, heading, and ID throughout
the experiment.

C. Sensitivity Analysis

According to the analytical development results, three
main parameters that play key roles in the algorithm’s perfor-
mance are the stiffness coefficient, the number of neighbours,
and the number of scouts, which determine the shape of the
Laplacian matrix for the swarm. Therefore, a set of experi-
ments was conducted to evaluate the algorithm’s performance
considering different conditions for those parameters. In the
first set of experiments, the swarm consisted of six robots,
one scout, and two neighbours for each robot. The stiffness
coefficient was selected from k € {0.02,0.05,0.1,0.15}.
For each stiffness value, 10 experiments were conducted to
evaluate the swarm’s behaviour. Fig. 6 shows three frames of
the video taken from one of the experiments to visualise the
outcomes of the experiment. The results obtained from that
set of experiments are presented in Fig. 7.

The results demonstrated in Fig. 7 show the trajectory
of the robots and also the velocity variation through time.
It is evident from the velocity result that increasing the
stiffness coefficient causes the robots to move faster, while

Figure 6. The video frames from the experiments on sensitivity analysis for
the stiffness coefficient
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Figure 7. Experiment results for the sensitivity analysis on the stiffness
coefficient. (top-left) robots’ velocity over time, (top-right) robots’ trajectory
over time where each colour demonstrates one agent velocity or trajectory
in the first two rows, (bottom-left) swarm alignment and cohesiveness over
time where the colours are associated to different values for the stiffness as
red: K = 0.02, green: K = 0.05, blue: K = 0.1, magenta: K = 0.15,
(bottom-right) box plot for the cohesiveness in the first and last 50 time
steps.

also increasing the variation bounds, which results in more
uncertainty in the velocity output. On the other hand, the
resultant trajectory shows that the final formation geometry
depicts larger shifts with respect to the targeted hexagonal
shape when the stiffness coefficient is low. Studying the
alignment results through time demonstrates a more stable
response and convergence for lower stiffness values. How-
ever, as discussed in the simulation results, the cohesiveness
decreases to lower values when the stiffness parameter is
increased. That conclusion is validated by the results obtained
from this set of experiments. It is evident from the plots
for the cohesiveness in Fig. 7, that increasing the stiffness
coefficient decreases the cohesiveness values significantly.
According to the box plot, the average value of the cohe-
siveness in the last 50 time steps of the experiment has been
reduced almost linearly by increasing the stiffness coefficient.

The second set of experiments has been conducted to
evaluate the effect of the number of neighbours. In that set of
experiments, the stiffness coefficient is set as k£ = 0.05, and
one scout is considered for the swarm coordination toward the
target destination. For a swarm of six robots, two conditions
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have been considered. In the first set, three neighbours, and
in the second set, five neighbours are considered for each
robot. For each case, 10 different experiments have been
conducted for behavioural analysis. The results obtained from
those experiments are demonstrated in Fig. 8. According to
the trajectory plot, it is evident that increasing the number
of neighbours improved the final formation geometry signifi-
cantly. Comparing the velocity results in Fig. 8 with the result
depicted in Fig. 7 for £ = 0.05 shows that increasing the
number of neighbours reduces the velocity variation bound
significantly. However, increasing the number of neighbours
from 3 to 5 does not significantly affect the alignment
convergence. The cohesiveness index slightly increases as the
number of neighbours increases.

In the third set of experiments, the effect of the number
of scouts is investigated. In those experiments, the stiffness
coefficient was set as k = 0.05, and each robot had two
neighbours. Two cases were considered to have two and
three scouts in the group. Similarly, as in previous studies,
10 experiments were conducted for each case. The results
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Figure 8. Experiment results for the sensitivity analysis on the number of
neighbours. (top-left) robots’ velocity over time, (top-right) robots’ trajectory
over time, (bottom-left) swarm alignment and cohesiveness over time where
red lines demonstrate Ny, = 3 and green lines demonstrate Npyep = 5,
(bottom-right) box plot for the cohesiveness in the first and last 50 time
steps.
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Figure 9. Experiment results for the sensitivity analysis on the number
of scouts. (top-left) robots’ velocity over time, (top-right) robots’ trajectory
over time, (bottom-left) swarm alignment and cohesiveness over time, where
the red lines demonstrate the Ng = 2 and the green lines demonstrate the
Ng = 3, and (bottom-right) box plot for the cohesiveness in the first and
last 50 time steps.

obtained from those experiments are presented in Fig. 9. It
is evident from the trajectory plot in Fig. 9 that the final
formation geometry is improved by increasing the number
of scouts compared to the case presented in Fig. 7 for
k = 0.05. Although increasing the number of scouts pushes
the robots to move faster according to the velocity results in
Fig. 9 compared to the velocity plot in Fig. 7, the variation
bound is reduced, which demonstrates an improvement in the
robustness when we increase the number of scouts.

Although the simulation and experimental results showcase
the effectiveness and promising performance of the proposed
algorithm, it is necessary to compare the algorithm’s perfor-
mance with that of a state-of-the-art method. Therefore, a
set of similar experiments was conducted based on the OCM
algorithm with optimised coefficients as presented in [31].
The comparison results are presented in Fig. 10.
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Figure 10. Experiment results for the comparisons between the VE
algorithm and the OCM algorithm. (top-left) robots’ velocity over time,
(top-right) robots’ trajectory over time, (bottom-left) swarm alignment and
cohesiveness over time, where the red lines demonstrate VE(K = 0.05),
the green lines show VE(K = 0.1), and the blue lines show the OCM
algorithm’s performance. The (bottom-right) box plot is for cohesiveness in
the first and last 50 steps.

According to the structure of the OCM method, which is
similar to the proposed viscoelastic swarm control in this
paper, the outputs exhibit identical behaviours, particularly
in terms of the alignment index. However, it is evident that
the OCM shows more sensitivity to the uncertainties in the
experiments, particularly when the robots reach the steady
state condition for alignment. On the other hand, the proposed
algorithm demonstrates better performance according to the
cohesiveness index, as no considerable change is evident in
the OCM results for that index. Furthermore, the trajectory
plot illustrates how the proposed algorithm outperforms the
OCM method, enabling the robots to achieve the final for-
mation robustly. Nevertheless, the velocity output of both
algorithms is quite similar, while the variation bound in the
OCM result is smaller than the results obtained from the
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Table III
COMPARISON OF THE TOTAL FORCE IN THE FIRST 200 TIME STEPS IN
THE EXPERIMENTS FOR THE PROPOSED ALGORITHM WITH
k = 0.05,k = 0.1 AND THE EQUIVALENT FORCE IN THE OCM METHOD.

Algorithm min max median IQR
VE-k-0.05 0.0025 0.11  0.005  0.0039
VE-k-0.1 0.0036 0.19 0.01 0.0057
OCM 0.0596 0.15 0.076 0.02

proposed algorithm. The primary reason for this difference
is related to the nature of the commands in both algorithms.
In the OCM method, the velocity command is considered to
drive the swarm for alignment and reaching the target points;
however, the proposed algorithm incorporates the accelera-
tion command, which causes some fluctuation in the velocity
but better results for the final trajectories followed by the
robots. In addition to the behavioural comparison, Table III
shows an analogy between the total force obtained in three
experiments to compare the control effort in the proposed
algorithm and the OCM algorithm. As presented in Table III,
although the behaviour of the proposed algorithm and the
OCM method are similar, the control effort is lower than the
OCM method. Although the maximum value obtained for the
proposed algorithm with £ = 0.1 is higher than the total force
obtained for the OCM algorithm, the median and IQR indices
are much lower than the values obtained for OCM. Therefore,
using the proposed algorithm significantly reduces the control
effort, which is a key element for algorithms that operate on
small robots with substantially limited energy resources.

VI. CONCLUSION

This paper proposes a novel swarm control method that
incorporates virtual viscoelastic links between robots in a
heterogeneous swarm. The theoretical development demon-
strates stability and robustness, considering an arbitrar%/ inter-
action graph between the agents and bounded disturbances.
Furthermore, the theoretical results demonstrate an efficient
process for obtaining the algorithm’s parameters to satisfy the
stability criteria based on the interaction graph. Additionally,
twelve sets of Monte Carlo simulations have been conducted
for the sensitivity analysis and robust performance evaluation
in the presence of measurement noise. According to the
sensitivity analysis, it is evident that the stiffness coefficient
significantly affects the swarm behaviour, and increasing
this variable causes fluctuations in the alignment. However,
increasing the stiffness improves the formation rigidity and
makes a more cohesive swarm. The same analogy to the
number of neighbours and the number of scouts shows
improvement in the alignment by increasing the number of
neighbours and the number of scouts. The practical capa-
bility and robustness of the algorithm were also assessed
through a set of experiments that considered multiple cases
regarding the key parameters. The performance evaluation
demonstrates the algorithm’s robustness to the uncertainties
in the experiments and validates the theoretical results and
simulation. Furthermore, a set of experiments was conducted
to compare the algorithm’s performance with the state-of-the-
art OCM method applying optimised coefficients. Although
the behavioural comparison demonstrates similarity in the
performance indices, the statistical analysis shows that the
proposed algorithm imposes significantly lower control effort
on the swarm compared to the OCM method, which is a ke?/
element that represents energy consumption and is critical,
particularly for small robots. Although the proposed swarm
control algorithm guarantees stability and robustness for a

swarm of robots with a fixed interaction graph, the swarm
control framework for a flexible and time-variant network
will be studied in future work to address more practical
swarm applications.
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