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Swarm intelligence has emerged as a transformative paradigm for autonomous space robotics, enabling scalable,
robust, and adaptive behaviors through decentralized coordination of multiple agents. Inspired by collective
phenomena in nature, swarm intelligence provides solutions to the challenges of extreme space environments,
where resilience, autonomy, and fault tolerance are crucial. This review explores recent advances in the
modeling, control, and validation of swarm-based space robotic systems. Mathematical frameworks ranging from
single- and double-integrator dynamics to orbital swarm dynamics are examined, alongside formation control
strategies such as consensus-based, leader—follower, virtual structure, and behavior-based approaches. The re-
view covers swarm controllability, scalability, and performance metrics, highlighting trade-offs between effi-
ciency, robustness, and computational complexity. Emerging optimization paradigms, including bio-inspired
algorithms, hybrid global-local strategies, and multi-objective optimization, are surveyed for their applicability
to mission-critical tasks such as debris removal, and distributed satellite constellations. The review also in-
vestigates numerical simulation platforms and experimental testbeds associated with swarm intelligence, high-
lighting their role in bridging the gap between theory and deployment. Case studies of current and proposed
space missions illustrate the transition of swarm intelligence from conceptual design to operational reality, while
trends in reinforcement learning, blockchain integration, and large language model-guided swarms signal future
research directions. By consolidating theoretical foundations, experimental progress, and mission applications,
this paper outlines the opportunities and challenges of harnessing swarm intelligence for future space exploration
and infrastructure.

1. Introduction and overview

Swarm intelligence (SI), a term widely used in swarm robotics, de-
scribes the collective capabilities of autonomous agents and has been
extensively studied for distributed problem-solving tasks that emphasize
decentralized and self-organizing approaches [1]. It is a subfield of
artificial intelligence (AI) [2] and draws inspiration from the collective
behavior observed in natural systems such as ant colonies, bird flocks,
and fish schools, as shown in Figs. 1 and 2. In these systems, autonomous
agents (e.g., ants, bees, or fish) collectively solve complex tasks in a
distributed manner through local interactions with one another and
their environment; through simple rule-based behaviors, these in-
teractions give rise to emergent global behavior.

SI is particularly beneficial for space robots, as it enables robust and
autonomous operation in extreme and unpredictable environments with
minimum human intervention. Several mission concepts have explored
the potential of SI in space in the early days, including NASA's
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Autonomous Nano-Technology Swarm (ANTS) mission, which envi-
sioned 1000 cooperative spacecraft for Near Earth Asteroid exploration
[4]; ESA's Asteroid Population Investigation & Exploration Swarm
(APIES) mission, which proposed a leader-follower architecture with 18
follower spacecraft for asteroid population investigation [5], and CNES’
FDIR concept, which aimed at fully distributed coordination and fault
management in Earth-observation constellations [6]. Beyond these
conceptual studies, SI principles have also seen practical application:
SpaceX's Starlink mega-constellation exemplifies a successful engineer-
ing implementation of swarm-like behavior in spacecraft systems [7].
In general, SI can be categorized into four key areas, as illustrated in
Fig. 3: (i) swarm-based optimization algorithms, (ii) swarm robotics
control, (iii) swarm controllability, scalability and performance, and (iv)
physical and cyber-physical swarm intelligence (see Fig. 4).
Swarm-based optimization algorithms encompass bio-inspired
methods such as particle swarm optimization (PSO), ant colony opti-
mization (ACO), and evolutionary algorithms, including genetic
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Fig. 4. A sketch of swarm dynamics in orbit.

improve scalability, adaptability, and optimization performance in dy-
namic environments.

Swarm robotics control is concerned with decentralized coordination
among multiple robot agents, enabling the emergent collective behav-
iors through approaches such as pursuit-evasion, cyclic pursuit, for-
mation tracking, and a variety of architectural paradigms such as
structure-based, leader-follower, and behavior-based schemes. These
enable swarm robotics to autonomously achieve formation control,
collision avoidance, and recovery or reorganization following system
disturbances.

Swarm controllability, scalability, and performance address the
development of models, performance metrics, and optimization strate-
gies. Core considerations include throughput, energy efficiency,
robustness, trade-offs between global and local optimality, and

Fig. 2. Concept of a robotic swarm for exploring an unknown planet [3].

algorithms (GA) and differential evolution (DE), that address complex
optimization problems by mimicking collective behavior observed in
nature. Recent advancements in this area increasingly integrate SI with
deep learning, reinforcement learning, and blockchain technologies to
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computational complexity.

Finally, physical and cyber-physical swarm intelligence translates
these theoretical principles into the real world. Applications range from
drone swarms and satellite constellations to underwater swarm robotics,
where tight integration of distributed agents with their operating envi-
ronments facilitates robust, scalable, and adaptive collective behaviors.

This paper is organized around the above categories. Following this
brief Introduction, Section 2 presents dynamic modeling approaches for
swarm-based space robotic systems. Section 3 examines the scalability
challenges inherent to SI and reviews optimization strategies critical to
space robotic applications. Section 4 discusses the fundamental control
principles that govern swarm behavior within the unique constraints of
space environments. Section 5 provides an overview of test facilities and
experimental platforms developed for validating swarm-based space
robotic systems. Section 6 examines the practical applications of swarm
intelligence in space robotics, identifies emerging research trends, and
outlines future opportunities for the field. Finally, Section 7 concludes
the paper.

2. Mathematical modeling and formation control of space robots
in swarm

Mathematical modeling of robots (hereafter referred to as agents) is
the foundation for analyzing the forces and interactions that dictate
their collective motion and swarm behavior [8].

2.1. Mathematical models for space swarm agents

Space swarm systems consist of large numbers of relatively simple
spacecraft that cooperate through local interactions to achieve global
mission objectives. Mathematical modeling of such systems is essential
for analysis, control design, verification, and performance evaluation.

2.1.1. Swarm orbital dynamics

When modeling and controlling swarm robotics and their formation
configurations in space, it is essential to account for the effects of orbital
dynamics as well as the relative dynamics in swarm configuration con-
trol. Assume a swarm system consisting of n agents in space, each
following a Keplerian orbit. Introduce the Earth-centered inertial (ECI)
coordinate frame with its origin at the center of Earth and its x-y plane
coincident with the Earth's equatorial plane. The X-axis is directed to-
ward the mean vernal equinox of the reference epoch, and the Z-axis is
aligned with the Earth's rotation axis and is normal to the equatorial
plane, pointing toward the North pole. The Y-axis completes the right-
handed orthogonal triad.

The equation of motion for a single agent i in the ECI frame is given
by:

Rsl = —jiRs, / ‘Rs[|3 + as, 1)

where R, = (Xs,, Ys,, Zs,) is the altitude of the agent and y is the gravi-
tational parameter.

To control the relative motion of agents within the swarm, the
relative motion of agent j with respect to agent i, both in Keplerian or-
bits, is generally described by the Tschauner-Hempel (TH) equations [9]
in the local orbital frame oxyz as follows:

2 I%XS‘ + 20Y5, + wys, + w°Xs,
Si

%S‘ H . . 2 ax
Vs, | = 7R—gysl — 2wXs, — Xs, +0°Ys, | 4+ a, )
zS, ' a;
*L3Z'si
Si

where the origin is attached to the mass center of agent i with x-axis
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pointing from the Earth's center towards the agent i, y-axis along-track
and z-axis cross-track; the disturbance acceleration a = [ax,ay,az} in-
cludes the effects of solar radiation pressure, atmospheric drag, third-
body gravitational perturbations (e.g., from the Moon and Sun), and
Earth's oblateness (i.e., J perturbation).

If the swarm is operating in a circular orbit, then e = 0, leading to
0= /Rgi ,@ = 0. Thus, the TH equations are reduced to the well-known
Clohessy-Wiltshire (CW) equations [9] as

. . 2
Xs, 2wy, + 30°Xs, ax
Vs | = —20Xs, +|a 3)
Zsi 70)22'5[ a;

2.1.2. Position control model for space swarm agents

Position control constitutes a core component of space swarm coor-
dination [10], as many collective objectives, such as rendezvous, for-
mation keeping, coverage, and interferometric alignment, can be
reduced to regulating the relative positions of agents. In contrast to
terrestrial swarms, position control in space must explicitly account for
orbital dynamics, limited actuation authority, and strict safety con-
straints. Consequently, most position control models are formulated at
the guidance or acceleration command level and embedded within the
underlying orbital dynamics.

For a swarm operating in a circular reference orbit, the relative
motion of agent i with respect to a reference spacecraft is governed by
the CW equations:

X; = 20y, + 3w?x; + ay;
yi = 72(1)3{'1'1- + ay7i (4)
% = —0z + ay

where o = y/R® is the orbital angular velocity and a; = [ax,i,ayi,az‘i]T
represents the control acceleration produced by onboard actuators after
compensating for orbital environmental disturbance terms discussed in
Section 2.1.1.

Let x4;(t) denote the desired relative state of agent i, defined either
with respect to a leader spacecraft or as part of a prescribed geometric
formation. The position control objective is to ensure

lim||x;(t) — xa:(t) | =0 (5)

while satisfying orbital dynamics, actuator constraints and maintaining
safe inter-agent separation.
The tracking error is defined as

€ =X; — Xd; (6)

The control problem is thus reduced to stabilizing the error dynamics
induced by the CW model.

2.1.3. Velocity-position model for space swarm agents

In addition to pure position regulation, many space swarm missions
require simultaneous coordination of both relative position and velocity.
Examples include reconfiguration maneuvers, distributed synthetic
aperture systems, rendezvous operations [11], and swarm reshaping
under orbital perturbations. In such scenarios, the control objective
must explicitly incorporate coupled velocity-position dynamics rather
than treating velocity as a secondary state.

Unlike terrestrial multi-agent systems that often assume simple
double-integrator dynamics, orbital motion introduces intrinsic
coupling between position and velocity states due to Coriolis and
gravitational gradient terms. Therefore, velocity cannot be controlled
independently of position.

Defining the velocity-position state vector

Xi =

ﬂ}:[xi Yi % X Y 2{]T ()
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then, the controlled linear time-invariant system becomes

o |03 Iaxa | [ Osx3|
X = { A A ]xl + {Im U (8)
where
30> 0 0 0 2w 0
A,=]1 0 O 0o |,Ah=|-2w 0 O (©)]
0 0 —o? 0 0 0

For coordinated swarm motion, the desired trajectory of agent i is

T
specified as x4;(t) = {pd,i(t), vd_i(t)] . The control objective is defined as

lim||pi(t) — pa:(t)[| = 0, lim([vi(t) — vai(t)[| = 0 (10)

Define the tracking error as

e = |:ep,i:| _ {Pi _pd,i:| an

€y Vi — Vai

2.2. Swarm formation control for space swarm agents

Swarm formation control for space swarm agents [12] concerns the
distributed coordination of multiple spacecraft to acquire, maintain, and
reconfigure prescribed geometric patterns (e.g., rings, planes, tetra-
hedra, shells) while operating under space-specific constraints: limited
propellant, thrust saturation, intermittent communications, navigation
uncertainty, and the coupled dynamics of orbital motion. The core
objective is to regulate relative states (position/velocity) so that the
swarm's configuration satisfies a formation specification, typically while
enforcing collision avoidance and minimizing fuel or time.

Swarm formation control for space swarm agents is typically orga-
nized around three closely related implementation styles that map
naturally onto formation-flying missions in orbit: leader-follower, vir-
tual-structure, and fully distributed graph-based control. In leader-
follower approaches [13], one spacecraft (or a small subset) defines a
reference trajectory or relative motion profile, and the remaining agents
regulate their relative states to that leader and/or to local neighbors, a
configuration widely studied for formation flying and relative maneu-
vering in near-circular orbits. In virtual-structure methods [14], the
swarm is treated as a single rigid “virtual body” whose motion is planned
at the group level, with each spacecraft tracking its assigned slot within
the structure; this framing is popular for precision array geometries and
has been developed explicitly for spacecraft formations, including ver-
sions that incorporate formation feedback and decentralized execution.
In fully distributed architectures [15], formation objectives are encoded
on an interaction graph and achieved through neighbor-based coordi-
nation laws (e.g., consensus-like coupling of relative position/velocity
errors), which supports time-varying connectivity and local-information
operation that is attractive for larger swarms and for
reduced-communication scenarios in space.

A typical mission concept using a swarm of CubeSats in formation for
inspection of a large spacecraft is shown in Fig. 5 [16].

For example, for swarm systems modeled by single integrator dy-
namics, a fundamental approach to formation control involves regu-
lating the relative positions among neighboring agents. Assuming each
agent can measure or estimate the relative position information of its
immediate neighbors, a distributed control law can be formulated as
[17].

w= =Y ky[(x—x) - (d~ )] a2

JeN;

where N; denotes the set of neighboring agents of agent i, k; > 0 is a
scalar weight representing the interaction strength between the agent i
and agent j, d; and d; represent the desired relative positions of the agent
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Fig. 5. A swarm of CubeSats is inspecting a bigger spacecraft [16].

i and agent j in the formation configuration.

As a result, the swarm collectively achieves and maintains the
specified formation shape without requiring a centralized controller or
global position information.

3. Space swarm intelligence controllability, scalability and
optimality

3.1. Swarm controllability

Space swarm controllability [18] extends the classical notion of
controllability to distributed aerospace systems operating under strict
physical and resource constraints. In classical control theory, control-
lability refers to the ability to drive a system from any initial state to any
desired state using admissible control inputs. For space swarms [19],
this definition must be refined because actuator saturation, collision
avoidance requirements, limited Av budgets, communication con-
straints, and navigation uncertainty make full state controllability
neither required nor practically achievable. Instead, controllability must
be interpreted with respect to mission level objectives such as formation
shape regulation, collective trajectory tracking, safe reconfiguration,
and task driven performance metrics like coverage or baseline geometry.
A space swarm can therefore be considered practically controllable if a
feasible distributed control policy exists that drives mission relevant
collective errors to within tolerance while respecting physical and
operational constraints [20].

Assume CW equations are described in the state-space form

2i =A% + Bou; (13)

where z; is the state that includes relative position and velocity of
spacecraft i. Even if the pair (A,,B,) is theoretically controllable,
physical actuation limits (e.g., low-thrust propulsion) and orbital
coupling often render some motion directions harder or costlier to
achieve in practice. Controllers thus are designed not only for reach-
ability but also for cost-optimal execution, especially over extended
mission horizons.

In realistic space swarm systems [21], communication coupling in-
teracts with the underlying orbital dynamics. A commonly adopted
distributed spacecraft swarm model that captures both communication
topology and physical dynamics can be expressed as [22]:

Z=(Iy®A,—L®K)Z+ (B, ®B,)u as

where Z stacks all spacecraft states, A, models individual orbital dy-
namics, L is the network Laplacian, K is a feedback gain, By, selects leader
agents. In this framework, controllability depends on the interplay be-
tween network topology, leader selection, and individual spacecraft
dynamics. Modes associated with combined eigenvalues of L and A, may
be poorly controllable if either the network is not designed to excite



Z. Zhang and Z.H. Zhu

them or if control authority along specific physical axes is insufficient.

Since the early 2000s, bio-inspired and decentralized control para-
digms have emerged to enhance swarm controllability and robustness
while reducing complexity. In these frameworks, agents interact locally
based on biologically inspired rules, such as attraction-repulsion,
alignment, or stigmergy, without relying on identifiers, memory, or
centralized planning. For example, Asri & Zhu [23] demonstrated that
simple attraction-repulsion and coverage rules can produce cohesion,
flexibility, and resilient collective behaviors.

More recently, swarm controlled by large language models (LLMs)
has emerged as a conceptual advance [24]. Based on LLMs, these control
strategies investigate the integration of cognitive-level coordination and
decision-making within agent swarms. While showing promises for tasks
requiring high-level reasoning or human interaction, LLM-guided
swarms raise new challenges regarding decentralization, explain-
ability, and adherence to the core principles of swarm intelligence [25].
Specifically, within the space domain, NASA's Cognitive Space Gateway
(CSG) [26] has been employed as a learning-enabled, adaptive routing
approach for CubeSat and SmallSat swarm topologies to improve
multi-hop network performance under intermittently connected, dy-
namic orbital network conditions, thereby enhancing link reliability,
throughput, and routing resilience in distributed spacecraft swarms.

3.2. Swarm scalability

Swarm scalability refers to the capability of a swarm system to sus-
tain or improve collective performance as the number of agents in-
creases [27]. It is a fundamental concern in swarm robotics and
multi-agent systems. A graphical presentation for swarm scalability,
robustness, and adaptability is shown in Fig. 6 [27]. While early studies
focused on interference-limited performance, current approaches inte-
grate analytical, algorithmic, and empirical methodologies, enabling
scalability in complex and high-dimensional environments.

In the context of space swarms, scalability assumes additional sig-
nificance due to the unique characteristics of the orbital environment.
Unlike terrestrial swarm robotics, spacecraft operate under coupled
orbital dynamics, limited propulsion authority, constrained onboard
computation [28], sparse and intermittent inter-satellite communica-
tion links, and strict collision-avoidance requirements [29]. To address
scalability under such constraints, Lu et al. [30] proposed a decentral-
ized guidance and target assignment strategy for large modular satellite
swarms, enabling distributed onboard computation and collision-free
trajectory planning despite limited communication capabilities.

Adaptability
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Similarly, Skobelev et al. [31] proposed a multi-agent adaptive sched-
uling approach for large-scale space observation systems, demonstrating
how negotiation-based coordination among agents can support scalable
planning for dozens to hundreds of spacecrafts.

3.2.1. Foundational models of swarm scalability

Foundational models of swarm scalability originate from graph-
theoretic consensus systems, statistical physics flocking models, mean-
field game theory, distributed optimization, and networked control
systems. These theoretical frameworks provide mathematical de-
scriptions of how collective behavior evolves as the number of agents
increases. In space applications [32], these models must be extended to
account for nonlinear orbital dynamics, propulsion constraints,
collision-avoidance requirements, and intermittent communication,
leading to hybrid formulations that integrate network theory with
astrodynamics.

Early analytical work by Lerman and Galstyan (2002) [33] modeled
homogeneous behavior-based swarms in foraging tasks without explicit
communication. Swarm performance P(N) was expressed as,

P(N)=N-p(N) (15)

where N is the agent number in the swarm, p(N) denotes per-agent
performance and was found to decrease with N due to interference:

1
p(N )u1+—aN (16)

Here, a is the interference factor, which leads to sublinear scaling,
P(N) < N, and an optimal swarm size that maximizes the performance
P(N) before interference effects dominated.

Recognizing the lack of formal scalability metrics for measurable,
reproducible models for verification in the above works, Hecker and
Moses [34] developed an evolutionary tuning framework within the
central-place foraging algorithm, which shifted scalability analysis to
search-based optimization by defining efficacy as:

P(N)

E= N a7
where E measures the performance per robot, and a decreasing E with
increasing N indicates sublinear scaling. By optimizing error tolerance,
flexibility, and scalability in foraging, they showed that evolved swarms
could maintain higher E across a larger N.

Robustness

Scalability

Fig. 6. Swarm advantages scalability, robustness, and adaptability [27].
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3.2.2. Quantitative metrics and theoretical scalability laws

Quantitative measures for large-scale swarm evaluation beyond
small-scale lab experiments were formalized by Harwell and Gini [35],
who introduced quantitative metrics for scalability, emergence, and
flexibility that could be applied to systems involving thousands of
agents, such that:

P(N) >1 Superlinear scaling
NP =1 Linear scaling (18)
PA) | <1 sublinear scaling

S(N) =

They validated their approach through simulations with up to
16,384 robots, comparing projected and observed performance curves
to quantify scalability.

Adhikari [36] challenged the traditional assumption that scalability
is inherently bounded by interference by Lerman & Galstyan [33].
Through physical robot experiments involving conveyor bucket brigades
and collaborative pulling, they identified superlinear scaling law:

P(N)xN* (19)

where $ > 1 indicates superlinear scaling (collaborative synergy), f =1
indicates linear scaling (ideal additive behavior), and # < 1 indicates
sublinear scaling (typical due to interference). This scaling law indicates
that coordination synergies lead to higher per-robot efficiency, a
superlinear scaling (# > 1) in swarm performance, as swarm size grows.
This is the first real-world evidence of scaling synergy, directly contra-
dicting earlier interference-limited models proposed.

On the theoretical front, Hamann and Reina [37] unified the three
major scalability laws using a microscopic agent interaction framework:

1. Amdahl's Law ([38]):

N

T1+N(1-o0) (20)

S(N)
where ¢ is the serial (coordination) fraction. This formulation highlights
that the achievable speedup is inherently limited by the portion of the
computation that cannot be parallelized.

2. Gustafson's Law ([39]):
S(N)=N+o0(1—-N) (21

which assumes problem size grows with N, making serial overhead less
impactful. This formulation reflects that, under scaled-speedup as-
sumptions, the effective parallel workload grows proportionally with N,
causing the serial fraction to asymptotically approach zero in relative
contribution.

3. Gunther's Universal Scalability Law ([40]):

N

S(N) =1 +06(N—1)+«N(N—1)

(22)

where ¢ and «x describe contention (shared resources) and coherence
delay (e.g., communication costs), respectively. In this formulation, the
k-dependent term introduces a quadratic interaction cost, capturing the
loss of scalability that arises from all-to-all coordination among units.

These scalability laws originate from multiprocessor parallel
computing, where they describe how speedup is limited by serial
workload, communication overhead, and contention for shared re-
sources. When applied to swarms, the same principles capture how co-
ordinational effort, inter-agent communication, and shared informa-
tion pathways constrain collective performance as the number of agents
increases.

Milner et al. [41] further advanced empirical scalability assessment
by introducing Swarm Performance Indicators (SPIs), which measure
Key Performance Indicator changes in per-agent efficiency between
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swarm sizes and can be embedded directly into the swarm design pro-
cess. One typical SPI metric was formulated as:

P(N3)/N,

Scalability SPI =——2_=
AR T T2

(23)

for two swarm sizes N; and N». A value SPI >1 implies increasing per-
agent efficiency, while SPI <1 implies saturation or decline. These
SPIs are meant to be used alongside failure mode thresholds.

Although these scaling laws were originally derived and validated in
terrestrial swarm robotics, their implications extend directly to space
swarm systems. In orbital environments, performance scaling is further
shaped by communication topology, collision-avoidance constraints,
propulsion limitations, and distributed estimation coupling. As the
number of spacecraft increases [42], communication overhead and
safety constraints may grow quadratically in fully connected architec-
tures,  potentially = driving  sublinear = behavior, = whereas
locality-preserving interaction graphs and distributed control strategies
can maintain near-linear scaling. Therefore, the classical performance
law P(N)xN? provides a conceptual foundation, but its realization in
space swarms critically depends on how orbital dynamics and resource
constraints influence the effective value of S.

3.2.3. Algorithmic strategies for scalable swarm control

Recent work has demonstrated scalable bio-inspired and consensus-
based control frameworks for spacecraft swarms operating in complex
mission scenarios. For example, Asri and Zhu [43] proposed a two-phase
decentralized control architecture for autonomous capture of uncoop-
erative debris, combining flocking/anti-flocking behaviors with a
consensus-based synchronization protocol and auction-driven distrib-
uted task allocation. In a related behavior-based framework, 1zzo and
Pettazzi [44] proposed a distributed satellite path-planning method that
enables identical spacecraft to autonomously achieve desired formations
using limited sensing, where desired velocities are generated through
equilibrium-shaped high-level behaviors. Similarly, Pinciroli et al. [45]
proposed a scalable distributed control strategy for pico-satellite swarms
based on artificial potential fields, enabling autonomous formation of
hexagonal lattice structures using only local neighbor information and
demonstrating scalability up to 500 satellites.

3.2.4. Scalability in large-scale optimization problems

Large-scale space swarm missions are inherently formulated as
constrained optimization problems, where coordination, collision
avoidance, fuel efficiency, and task allocation must be jointly optimized
across multiple agents [46]. As the number of spacecraft increases, the
dimensionality of the decision space and the number of coupling con-
straints grow rapidly, often leading to combinatorial or quadratic
complexity in centralized formulations [47].

In the context of optimization, scalability is often analyzed by
considering two competing factors: the improvement in task perfor-
mance P(N) as agents are added, and the increase in coordination cost
C(N). In an ideal scenario, task performance grows linearly with the
number of agents, while coordination costs grow only logarithmically,
such that,

i N
P(N)xN, C (N)xlogN = Scalability og N @4

in contrast, poor scalability arises when coordination costs grow more
quickly than task performance, eroding the benefits of additional agents,
such that,

N

2 22
C(N)xN NN

= Scalability « (25)
Speedup and efficiency metrics are frequently used to assess these dy-
namics, with speedup defined as S(N)=P(1)/P(N) and efficiency
defined in Eq. (17). These metrics help evaluate how well a swarm can
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divide labor and execute tasks in parallel, providing deeper insights into
swarm behavior under varying loads and sizes.

3.3. Swarm performance metrics

While decentralized swarms are widely recognized for their superior
robustness, scalability, and adaptability compared to centralized sys-
tems, due to their distributed nature and absence of single points of
failure, these qualitative characteristics lack well-recognized, stan-
dardized, and quantitative metrics [41]. Most metrics to date evaluate
either individual agent behavior or small agent groups, rather than the
collective performance of the swarm. Recent review studies on swarm
intelligence, including comprehensive analyses of principles, algo-
rithms, applications, and evaluation approaches [48], highlight that
systematic performance assessment remains a critical research chal-
lenge, particularly in terms of scalability, robustness, and interpret-
ability. Several key metrics, drawn from swarm robotics, distributed Al,
and control theory, have emerged as standard indicators. In artificial
swarm design, Haque et al. [49] proposed an empirical evaluation
framework demonstrating that communication model-task pairing
significantly influences swarm performance, highlighting that perfor-
mance assessment must account for the interaction between coordina-
tion topology and task structure rather than treating communication as a
fixed background assumption. Complementing this perspective, Harwell
and Gini [50] proposed a set of quantitative metrics for swarm engi-
neering, including measures of scalability, flexibility under environ-
mental  perturbations, congestion effects, and emergent
self-organization, derived using tools from time-series analysis and
queueing theory. Their work emphasizes the need to bridge intuitive
design principles with rigorous analytical performance indicators.

In spacecraft swarms, these performance metrics take on heightened
importance due to strict limitations on communication bandwidth, long
signal delays, and constrained power and propulsion resources [51], as
highlighted in recent overviews of emerging swarm missions [52] that
emphasize the need to balance communications, energy, and control
capabilities across distributed small satellite systems such as Starling
and HelioSwarm. Time-based metrics directly impact fuel usage for
formation keeping and proximity operations; throughput relates to the
rate of scientific data collection or coordinated imaging; energy effi-
ciency governs mission lifetime for power-limited CubeSat swarms; and
robustness reflects the ability to tolerate radiation-induced faults,
communication dropouts, and agent failures without jeopardizing for-
mation safety or mission success.

3.3.1. Time-based metrics

Time-oriented performance metrics quantify how quickly a space
swarm can achieve and maintain a mission objective under orbital dy-
namics, limited actuation, and intermittent communications. These
metrics are essential because many space-swarm tasks are time-
windowed (e.g., Earth observation access windows, inter-satellite link
opportunities, eclipse periods) and because orbital motion couples time
directly to geometry. In constellation and distributed satellite systems,
temporal measures such as revisit time, access time, and response time
are widely adopted as primary performance indicators [53,54].

The most fundamental of these is Time to Completion, defined as
Te = Teng — Tstare- Lower T, indicates better performance, as they reflect
faster task execution. Closely related temporal metrics, including revisit
interval and maneuver/reconfiguration time, are frequently used to
assess coverage persistence and mission responsiveness in satellite
constellations and scalable swarms [53]. This metric is widely applied in
time-sensitive applications such as search and rescue, exploration, and
foraging. In space swarms, “completion” should be stated explicitly, e.g.,
(i) achieving a target formation within tolerance, (ii) completing a
coverage plan over a region, or (iii) reaching a required baseline dis-
tribution for distributed aperture sensing. In Earth observation missions,
for example, completion may correspond to satisfying coverage and
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revisit constraints over a defined region of interest [54].

A more refined metric, Normalized Completion Time, scales T, based
on factors like swarm size or task complexity to allow fair comparisons
across different setups. Another variant, Mean Task Execution Time per
Agent, defined as T./N , evaluates per-agent efficiency [55]. This is
useful when the task can be parallelized (e.g., distributed search/co-
verage). These temporal metrics are often combined with efficiency
ratios, e.g., (Task Completion Rate)/T,, to assess the trade-off between
speed and accuracy. Time-based metrics also play a vital role in
multi-objective optimization to balance goals like speed, energy con-
sumption, and robustness, especially in evolutionary swarm systems and
human-swarm teaming contexts [41].

3.3.2. Coverage-based metrics

Coverage-based performance metrics assess how effectively a swarm
can explore, sense, or monitor an environment over time. In swarm
robotics, the core quantity is typically an area coverage ratio; for
spacecraft swarms, the same concept extends naturally to time-
windowed and often 3D/volumetric coverage due to orbital geometry
[56], line-of-sight constraints, and sensor field-of-view (FoV).

To capture spatial efficiency, researchers also track redundant
coverage, how often the same area is revisited, a factor that enhances
persistence in surveillance but reduces efficiency in exploration.
Coverage over Time metrics capture how quickly the swarm progresses,
which is critical in dynamic or time-sensitive tasks [57]. In complex
environments, weighted coverage, defined as ) wj-c; where w; is the
importance weight and c; is the coverage status of the region i, is applied
[58].

Distributed spacecraft operate in a three-dimensional orbital envi-
ronment, and their sensing regions depend on sensor volumes, field-of-
view cones, and relative orbital geometry. As a result, effective coverage
depends on lateral distribution as well as altitude, orbital phase, line-of-
sight conditions, and pointing constraints. Volumetric coverage ratios
[59], defined as the fraction of a target three-dimensional region
observed by at least one spacecraft, better represent typical on-orbit
sensing missions such as debris detection or distributed space-weather
monitoring.

For large-scale constellations, recent high-order analytical expansion
methods enable rapid and high-precision evaluation of satellite visibility
and rise/set events, significantly improving computational efficiency for
mega-constellation coverage analysis [60]. Complementarily, resilient
distributed coverage control strategies based on local Voronoi feedback
demonstrate how satellites can autonomously regulate their spatial
configuration under Hill-Clohessy—Wiltshire orbital dynamics to main-
tain scalable and fault-tolerant coverage performance [61].

3.3.3. Throughput-based metrics

Throughput quantifies the number of completed tasks per unit time
and is a key metric in transport, logistics, or delivery applications. It is
defined as Nrasks completed/ Te. Higher throughput indicates a swarm's
ability to perform many tasks efficiently within a given timeframe. This
metric is often normalized by the number of agents to assess per-agent
contribution and system scalability, defined as Nrass completed/ (N -T)
[62].

For spacecraft swarms, “tasks” are frequently constrained by orbital
access and communications (e.g., time-limited observation windows,
contact opportunities, downlink capacity). Recent work on dynamic
nanosatellite scheduling with distributed ground stations demonstrates
that intelligent pass allocation and cooperative reception strategies can
significantly increase network good-put and overall throughput under
realistic link variability and limited ground contact duty cycles [63].

3.3.4. Energy efficiency-based metrics
Energy efficiency is a critical performance metric in swarm systems,
particularly in resource-constrained environments such as spacecraft
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swarms, where propulsion capability, onboard power, and communi-
cation energy are limited. It measures how effectively a swarm converts
available energy into mission-relevant performance and is essential for
long-duration autonomy, scalability, and sustainable operation. A
common formulation is E = (Useful work done)/(Total energy
consumed). The definition of useful work varies by applications, for
example, the number of items retrieved (foraging), the area covered
(exploration), the objects delivered (transport), or the tasks completed
(assembly).

In orbital environments, energy efficiency is strongly influenced by
orbital perturbations and fuel expenditure. Disturbances such as J2 and
atmospheric drag increase propulsion demands for formation mainte-
nance and collision avoidance. In this context, Morgan et al. [64] pro-
posed swarm-keeping guidance strategies that minimize propellant
usage while ensuring collision-free motion under J2 and drag pertur-
bations, highlighting the importance of disturbance-aware energy met-
rics. Energy efficiency is also critical during fault recovery. Kang et al.
[65] proposed a hybrid multi-objective optimization framework for fault
reconstruction in giant satellite swarms, incorporating total energy
consumption, fuel balance, and swarm health into the objective func-
tion. Their work underscores that energy efficiency serves as both an
operational and system-level performance constraint.

From a quantitative perspective, energy efficiency in spacecraft
swarms is typically characterized through propellant consumption and
total Av expenditure, as maneuvering and station-keeping dominate
long-term resource usage. For spacecraft swarms, energy efficiency is
most commonly evaluated through propellant consumption and total Av
expenditure since maneuvering and station-keeping dominate long-term
resource usage. Accordingly, optimal spacecraft swarm reconfiguration
via chief-orbit refinement formulates swarm reconfiguration as a convex
optimization problem that explicitly minimizes total and maximum Av
across the swarm, directly linking Av reduction to improved energy
efficiency and lifetime extension [66]. Centralized Av-optimal guidance
strategies for under-actuated N-satellite formations further treat pro-
pellant expenditure as the primary performance objective, demon-
strating how trajectory optimization reduces maneuver cost while
satisfying safety and control constraints [67].

3.3.5. Robustness-based metrics

Robustness in swarm robotics refers to the swarm's ability to main-
tain acceptable performance despite individual agent failures or external
disturbances. In spacecraft swarms, robustness is especially critical due
to (i) environmental perturbations (e.g., J2, drag, SRP) [68], (ii) inter-
mittent communications and delays, (iii) navigation uncertainty, and
(iv) actuator faults and bounded thrust authority.

From a spacecraft formation-design perspective, robustness is
frequently quantified through safety-constrained performance mea-
sures, such as guaranteed minimum separation distances and bounded
relative motion under perturbations. Robust formation control strategies
explicitly compensate for nonlinearities and modeling uncertainties,
ensuring convergence of relative position and attitude errors within
prescribed neighborhoods despite disturbances [69]. At the estimation
level, robustness metrics include sensitivity to measurement noise,
non-Gaussian disturbances, and partial sensing degradation. In this
context, Wang et al. [70] proposed a decentralized Huber-based cuba-
ture filtering algorithm for formation-flying spacecraft that improves
robustness to non-Gaussian noise and modeling uncertainties, out-
performing decentralized EKF-based approaches under sensing distur-
bances. At the mission level, Joyner and Plice [71] proposed an active
swarm resiliency strategy for the HelioSwarm mission, enabling recon-
figuration into contingency configurations following deputy failures,
thereby preserving mission objectives under partial agent loss.

Beyond control and estimation, swarm robustness must account for
agent loss and degraded sensing. Distributed coverage control based on
local Voronoi feedback explicitly evaluates resilient performance under
satellite failure and biased deployment, maintaining coverage objectives
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using only local relative information [61]. Additionally, communication
topology strongly influences robustness under link degradation or agent
removal. Studies of satellite swarm communication networks show that
certain structured topologies provide improved performance retention
under node loss, revealing trade-offs between efficiency and robustness
in hostile or disrupted environments [72].

One common metric is performance degradation, defined as R =
Pyi1/Pro min  Where P is task performance before and after agent failure,
measuring degradation in task success when agents fail. A robust system
shows little to no degradation, e.g. R ~ 1, which is essential in unpre-
dictable or harsh environments. Complementing this, survivability
measures the ratio of functioning agents over time, such as S =
Nactive (t) /Ninitiar [73]. This metric reflects how well the swarm maintains
operational capacity as agents fail. To assess the swarm limit, a fault
tolerance threshold defines the maximum number or percentage of
agent failures the swarm can withstand before performance drops below
a critical level. Another key metric is Time to Recover (or resilience
time), which is the duration the swarm takes to return to acceptable
performance after a disruption, indicating its adaptability. Finally, the
metric behavioral stability quantifies how consistent the swarm's
behavior remains under varying conditions, such as noise, delays, or
changing environments.

3.4. Swarm optimality

Swarm optimality refers to the ability of a swarm system to achieve a
collective objective in the most efficient or effective way. This may
involve minimizing resource usage (e.g., energy, time, communication
overhead), maximizing performance metrics (e.g., task completion,
coverage, accuracy), or balancing trade-offs between competing objec-
tives. “Optimality” in space swarms concerns optimal swarm reconfi-
guration and maneuver efficiency [66], optimal control algorithms for
swarm performance [74], and numerical and computational optimality
techniques. It is typically a multi-objective notion balancing propellant
expenditure, safety, sensing performance, and autonomy under orbital
dynamics, sparse communication, and actuator limits [75]. Mathemat-
ically, swarm optimality can be cast as the minimization of a global cost
function J over the agent population:

N
minJ = Ji (xl-, u;, ,/1"”1') (26)

{xiui } =

where J; is the local cost for the agent i (e.g., task error, energy, latency),
Xx; is the state of the agent i, y; is the control input of the agent i,./; is the
neighborhood of the agent i defining local interactions (e.g., via
communication or sensing), and N is the total number of agents.

To ensure emergent optimality, global optimization is often decom-
posed into a hierarchical swarm model [76].

L noom
™ IZ;WI ; ;ﬁk (4 27)

where L is the number of hierarchy layers, n; is the number of subgroups
at level [, m; is the number of agents in group j at level I, lek is the state of

agent k in group j at level [, j;.l_k is the cost function for group i at level [,

and w; is the level-wise importance weight.

At each level, the agents or subgroups apply local optimization
strategies, such as particle swarm optimization, to refine solutions
before propagating updates up or down the hierarchy. This framework
supports scalable convergence and modular coordination. A generalized
schematic of this hierarchical swarm optimization process is illustrated
in Fig. 7.

In a broader sense, swarm optimality is generally classified into
global, local, and multi-objective optimization, depending on the scope
of the optimization, which will be outlined below.
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Fig. 7. Generalized schematic of hierarchical swarm optimization process.
3.4.1. Global and local optimality

3.4.1.1. Global optimality. Global optimality refers to the process of
identifying the best possible solution, i.e., the global optimum, within
the entire search space of an optimization problem [77]. In swarm-based
optimization frameworks, this typically implies that agents share or
retain knowledge of the best solution discovered by the population. Such
shared information guides the collective search process, enabling a dy-
namic balance between exploration (searching new regions of the so-
lution space) and exploitation (refining promising candidate solutions).

In spacecraft systems, global optimality assumes particular impor-
tance due to the nonlinear, constrained, and mission-critical nature of
space operations [66]. For example, Ding et al. [78] proposed a
homotopy-based continuation framework for low-thrust fuel-optimal
transfers between Sun-Earth Halo orbits within the CRTBP, combining
Pontryagin's Maximum Principle with particle swarm optimization for
initial costate estimation, and demonstrating efficient computation of
globally feasible homoclinic transfer windows under multirevolution
and bang-bang control structures.

3.4.1.2. Local optimality. In contrast to global optimality, which seeks
the best solution across the entire search space, local optimality focuses
on identifying the best solution within a restricted neighborhood or
subset of agents [79]. This localized optimization may not converge to
the global optimum but can be computationally efficient and contex-
tually effective. Instead of relying on a global best solution, agents
leverage a local best that represents the best-known solution within their
defined neighborhood, which is determined by spatial proximity or to-
pological structures such as ring or star formations. For instance,
traditional path planning methods struggle with complex constraint
spaces, and many classical nature-inspired algorithms often converge to
local optima due to limited optimization capability.

In space contexts, local optimality frequently arises in real-time de-
cision-making scenarios where computational resources and response
times are constrained. Chen et al. [80] introduced a dynamic control
framework for real-time debris avoidance in space missions by defining
four guidance rules to generate the shortest collision-free trajectory.
Ehresmann et al. [81] further demonstrated a heuristic optimization
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approach using real flight mission data, showing that local strategies,
when coupled with sufficient seed-point diversity, can effectively
approximate global solutions.

3.4.1.3. Hybrid global and local optimality. To enhance convergence,
adaptability, and scalability across complex optimization tasks, a hybrid
strategy is proposed in the literature to integrate global exploration and
local exploitation to efficiently solve complex optimization problems.
In space swarms, hybrid global-local optimality typically arises
through hierarchical or layered optimization architectures that decom-
pose the problem into combinatorial coordination and continuous tra-
jectory refinement components. Decentralized model predictive control
combined with sequential convex programming enables each spacecraft
to solve local convex optimal control problems while coordinating to
achieve swarm-level reconfiguration objectives [82]. Distributed
auction-based allocation determines target assignments, while convex
programming ensures collision-free, fuel-efficient trajectories, support-
ing scalability to large swarms. Hierarchical optimization approaches
further extend this concept by incorporating dynamic communication
topologies into the coordination layer [83]. Global topology planning is
coupled with lower-level convex trajectory refinement to maintain
safety and connectivity under time-varying communication constraints.

3.4.2. Multi-objective optimization

Multi-objective optimization (MOO) in swarm robotics addresses the
simultaneous optimization of conflicting goals such as task efficiency,
energy consumption, collision avoidance, communication overhead,
and system robustness via Pareto-optimal solutions that balance trade-
offs across multiple performance metrics.

In space applications, Oyekan [84] explored the use of an autono-
mous micro-robot swarm for the repair of high-value space structures.
Their MOO framework effectively balances exploration, exploitation,
and constraint satisfaction (e.g., obstacle avoidance) and enables reli-
able swarm behavior in dynamic and hazardous space environments.
Yin et al. [85] proposed a multi-objective orbital maneuver optimization
framework for Earth observation satellite (EOS) systems, considering
response time, imaging resolution, and fuel consumption simulta-
neously. The authors further proposed an adaptive feedback learning
NSGA-II (AFL-NSGA-II), which enhances convergence performance and
maintains solution diversity in multi-satellite scheduling problems.
From a formation-design perspective, Hoskins and Atkins [86] proposed
a multi-objective particle swarm optimization framework that balances
fuel consumption and observation time through Pareto-optimal trade-off
analysis. Similarly, Stolfi and Danoy [87] proposed an evolutionary
orbital formation algorithm that optimizes swarm distribution while
minimizing propellant usage, demonstrating the effectiveness of evolu-
tionary MOO methods for large-scale orbital formation design.

3.5. Computational complexity

Swarm-based algorithms are valued for their robustness and adapt-
ability in swarm robotics, yet their computational complexity limits
efficiency and scalability in real-world applications. In space swarm
systems, where onboard computational resources, communication
bandwidth, and energy budgets are limited, complexity considerations
become mission-critical [28,88]. In large-scale spacecraft swarms,
collision-free reconfiguration quickly becomes computationally pro-
hibitive due to nonlinear dynamics, combinatorial assignment, and
coupled collision constraints. Centralized optimization scales poorly
with swarm size, making distributed model predictive control attractive
for decoupling variables and enabling parallel onboard computation
[28]. Similarly, trajectory planning under orbital perturbations exhibits
rapidly increasing computational burden as the swarm grows [89].
Linearized models, assignment-trajectory decomposition, and
shrinking-horizon feedback enable near-real-time reconfiguration while
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preserving safety and scalability.

Computational complexity arises primarily from agent interactions,
frequent objective function evaluations, and iterative updates driven by
both individual and collective intelligence. Additional factors include
swarm size, search space dimensionality, objective function evaluation
cost, and convergence criteria (see Table 1).

Table 2 below provides a comparison of the time and space
complexity of several widely used swarm-based optimization algo-
rithms, including PSO [90], ACO [91], Artificial Bee Colony (ABC) [92],
Firefly Algorithm (FA) [93], Bat Algorithm (BA) [94], Grey Wolf Opti-
mizer (GWO) [95], Whale Optimization Algorithm (WOA) [96], Salp
Swarm Algorithm (SSA) [97], Dragonfly Algorithm (DA) [98], Rat
Swarm Optimizer (RSO) [99], and Tuna Swarm Optimization (TSO)
[100].

The complexities listed in Table 2 represent asymptotic upper
bounds, expressed by the function O(T,N,D) [101]. These estimates
reflect worst-case scenarios while ignoring constant factors and
lower-order terms. In practice, actual complexity depends on imple-
mentation details, problem size, and other practical considerations.

4. Space swarm robotics control fundamentals

Control of space warm robotics encompasses several fundamental
strategies, including aggregation, social foraging, target tracking, for-
mation control, and distributed consensus. Each of these approaches is
examined in detail in the following sections.

4.1. Swarm aggregation

Aggregation is a fundamental collective behavior observed in natural
swarms and forms a cornerstone for swarm robotics. In the domain of
space swarm robotics, aggregation refers to the ability of multiple
spacecraft or robotic agents to converge and form cohesive clusters
through distributed control laws. This capability enables cooperative
operations such as on-orbit assembly, debris capture, communication
relaying, coordinated sensing, and modular reconfiguration, and serves
as primitive behavior supporting higher-level functionalities including
formation building, cooperative inspection, and task allocation.

The task of aggregation for a swarm of N agents requires the defi-
nition of a control input, y;(t), Vi € {1, ..., N}, that drives all agents to
converge within a bounded vicinity of one another, while maintaining
distinct state trajectories x;(t) [171, such that,

tim|x;(6) — (]| < Vi.j € {1,...N} (28)

where ||x;(t) —x;(t)|| denotes the inter-agent distances, ¢ denotes the
ultimate swarm size, determined jointly by the number of agents and the
controller parameters.

The parameter ¢ characterizes the steady-state cluster size and de-
pends on controller gains, interaction topology, and the number of
agents N. Unlike idealized point-mass models, physical space robots
possess finite geometry, safety envelopes, and actuation constraints.
Therefore, ¢ cannot be arbitrarily small and must scale appropriately
with agent size, navigation uncertainty, and collision-avoidance

Table 1
Key differences between global optimality and local optimality.

Feature Global Optimality Local Optimality
Focus Entire search space. Limited neighborhood or
region.

Convergence Guides all particles toward Multiple regions can be
one global best. explored simultaneously.

Risk Premature convergence to a Slower convergence, but better
false global optimum. diversity.

Algorithm Exploitation-focused. Balances exploration and

Behavior exploitation.

10
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margins.

A key requirement in space swarm aggregation [102] is strict colli-
sion avoidance under orbital dynamics. Relative motion is governed by
nonlinear equations (e.g., nonlinear orbital models), and small relative
velocity errors can lead to significant separation drift. Consequently,
aggregation control laws often incorporate repulsive potential terms,
barrier functions, or constraint-based model predictive control to
guarantee safety.

Furthermore, aggregation in space must account for limited thrust
authority and propellant consumption. Continuous attraction-based
control strategies may be energetically inefficient; therefore, event-
triggered [103] or impulsive aggregation schemes are frequently
considered to reduce fuel expenditure while maintaining convergence
properties.

From a systems perspective, aggregation efficiency depends on
interaction topology, communication latency, and sensing accuracy.
Graph connectivity and algebraic connectivity directly influence
convergence rate and robustness.

A graphical sample of the aggregation process, illustrating the in-
crease in aggregation efficiency, is shown in Fig. 8 [104].

In space applications, Harwell and Gini [35] proposed a two-stage
mission concept for space debris removal where a swarm identifies,
classifies, and aggregates space debris for coordinated operation. Saaj
etal. [105] studied autonomous formation flying at distances under 50m
using artificial potential fields. Their results demonstrated stable swarm
reconfiguration and precise formation maintenance, both of which are
essential for on-orbit servicing and cooperative space exploration.

4.2. Swarm social foraging

Swarm social foraging [106] draws inspiration from natural systems
such as bird flocks and wolf packs, where individuals cooperate to
locate, harvest, and distribute resources more efficiently than alone.
This collective behavior, driven by the dual objectives of maximizing
energy intake while minimizing risk and expenditure, has motivated the
development of algorithmic frameworks in swarm robotics.

In swarm robotics, social foraging algorithms enable autonomous
agents to collaboratively explore environments, identify targets, and
collect resources while adapting to dynamic and uncertain conditions.
Consequently, social foraging offers a robust paradigm for designing
resilient swarm systems with efficiencies comparable to those observed
in nature. An example of such behavior is shown in Fig. 9, which depicts
50 Kilobots performing a collective foraging task [107].

In contrast to terrestrial systems, space swarm robotics operate under
strict constraints imposed by orbital mechanics, limited propulsion
capability, communication latency, radiation exposure, and high
mission risk. Therefore, the objective of social foraging in space is not
merely resource collection, but the coordinated optimization of mission-
level performance metrics such as fuel efficiency, coverage rate,
communication load, and operational safety. Tan et al. [108] proposed
the Lunarminer framework for biomimetic swarm-based lunar water ice
extraction. Their simulations demonstrated improved task allocation,
reduced extraction time and energy consumption, and strong fault
tolerance under partial robot failure.

Environmental conditions play a critical role in shaping agent
behavior during space social foraging. In orbital or planetary contexts,
the environment can be abstracted as follows:

o Favorable regions: Resource-rich asteroid zones, scientifically
valuable planetary sites, debris clusters for removal missions, or
designated mission targets.

e Unfavorable regions: Collision-prone orbital corridors, high-
radiation areas, gravitational perturbation zones, or dynamically
unstable regions that must be avoided.

The design challenge lies in enabling space swarm agents to
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Table 2

Temporal-spatial complexity and scalability comparison of swarm-based control and optimization algorithms.
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Algorithm Category

Typical Space Application

Centralized Optimal Control (e.g.,
centralized MPC)

Distributed MPC (Decoupled/
Parallel)

Consensus-Based Control

Artificial Potential Fields (APF)

Task Allocation Algorithms

Voronoi-Based Coverage Control

Random Finite Set (RFS) Methods

Bio-Inspired/Swarm Optimization
(PSO, GWO, WOA, SSA, etc.)

Formation reconfiguration,
fuel-optimal planning
Collision-free reconfiguration

Attitude/orbit synchronization
Formation keeping, collision
avoidance

Target assignment, observation
scheduling

Distributed Earth observation

Large probabilistic swarms

Global mission optimization

Time Complexity Space Scalability Notes for Space Swarms
Complexity

O(N%) - o(N*% oN?) Poor Coupled state optimization; computational
bottleneck beyond tens of satellites

O(N-I-d%) O(N-d?) Moderate Scales linearly in N if coupling constraints
are limited

O(N-k-I) O(N-d) Good Depends on communication topology (graph
sparsity critical)

O(N?) (global) O(N) Moderate to Quadratic if global interaction; scalable if

O(N-k) (local) good locality enforced

O(N? log N) oN?) Moderate Communication overhead increases with
swarm size

O(N log N) (2D O(N) Good Efficient for distributed sensing missions

partitioning)

O(N) (intensity- O(N) Very Good Reduces dimensionality; avoids explicit

based) pairwise coupling

O(N-) O(N) Moderate Iterative convergence; may be slow for real-

time large-scale swarms

N - number of agents (satellites or spacecrafts), I - number of iterations, d - dimension of state space, k - number of local neighbors in the communication topology.
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Fig. 8. Illustration of a random aggregation process [104].
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Fig. 9. Collective foraging with 50 Kilobots [107].

efficiently converge toward favorable regions while maintaining cohe-
sion formation and avoiding hazards under dynamic constraints.

Let the environment be represented by a scalar function 6(x) : R">R,

referred to as the space resource-risk profile, where x € R" denotes the
position of an agent in orbital or planetary coordinates, such that,

11

< 0 favorable region
=0 neutral region
>0 hazardous region

6(x) 29

For any two points (x1, x2) € R", if 6(x1) < 6(x2), then x; is more
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favorable than x,. The space swarm social foraging problem is to design
a distributed control input u(t),Vi € {1, ..., N} for each agent i such that
all agents converge to and remain within a bounded neighborhood of a
local minimum c,; of ¢(x), while satisfying spacecraft dynamics con-
straints. Specifically, the following condition must be satisfied [17]:

lim||xi(t) — ¢, || <. Vi € {1,....N} (30)

for some bounded ¢ > 0 and ¢, ERM Simultaneously, the control
strategy must ensure: (i) Avoidance of undesirable local maxima cor-
responding to hazardous regions, (ii) Preservation of inter-agent cohe-
sion to maintain communication and sensing connectivity, (iii) Safe
spacing constraints to prevent inter-satellite collision, (iv) Attraction
toward favorable regions while repelling agents from hazardous zones.
Thus, all agents will remain confined near c, while preserving inter-
agent spacing ||x;(t) —x;(t)|| < e and € > 0.

The principles of social foraging and swarm intelligence have also
been extended to space applications. In spacecraft attitude control,
Cooper and Smeresky [109] reviewed evolutionary algorithms for
spacecraft attitude control, highlighting their potential for adaptive,
decentralized optimization in highly dynamic orbital environments. In
satellite formation, Nag and Summerer [110] investigated collision
avoidance strategies for satellite clusters to perform coordinated evasive
maneuvers in response to an external threat, while preserving overall
formation integrity. After the threat diminishes, the control system
autonomously reconfigures the cluster to its original state, ensuring
mission continuity with minimal disruption.

4.3. Swarm target tracking

Swarm target tracking for space swarm robotics refers to the coor-
dinated control of multiple spacecraft or robotic units to continuously
monitor and follow one or more moving targets or dynamic environ-
mental phenomena [16,111]. Representative tasks include pursuit of
non-cooperative objects, distributed encirclement for surveillance or
containment, and cooperative escort during proximity operations. These
missions require adaptability to maneuvering or uncertain target dy-
namics, environmental disturbances, and strict operational constraints
such as limited thrust, collision avoidance, and communication latency
[112].

4.3.1. Pursuit-evasion games

A fundamental problem in swarm target tracking is the pursuit-
evasion game [113], where one group of agents (pursuers) attempts to
capture or enclose another group (evaders), often under incomplete
information regarding evader trajectories. In space swarm applications,
this framework models scenarios such as debris interception, inspection
of non-cooperative spacecraft, asteroid containment, or defensive space
operations [114].

Pursuit-evasion problems have been extensively studied within dif-
ferential game theory, robotics, and aerospace due to their relevance to
surveillance, interception, and cooperative tracking tasks. Fig. 10 illus-
trates the coordinate system of spacecraft pursuit-evasion game [115].

Numerous studies have focused on pursuit-evasion game applica-
tions in spacecraft systems. Li and Luo [116] investigated an orbital
impulsive pursuit-evasion game under spacecraft dynamic constraints
using differential game theory. He et al. [117] proposed a hierarchical
meta-heuristic optimization framework and demonstrated its applica-
bility to spacecraft trajectory design and pursuit-evasion scenarios.

4.3.2. Cyclic pursuit strategies

A notable decentralized strategy is cyclic pursuit, wherein each agent
follows another in a closed-loop pattern. This approach, inspired by
natural swarm behaviors, enables robust group dynamics through sim-
ple local rules. Fig. 11 provides a trajectory example of cyclic pursuit
[118].

12

Progress in Aerospace Sciences 165 (2026) 101238

-
- -~

'

\\‘~‘~~
L & e

Pursuer

==y
~Virtual reference spacecraft
and its mass center

b

Fig. 10. Illustration of spacecraft pursuit-evasion game [115].

Cyclic pursuit strategies have evolved from multi-agent formulations
to targeted applications in guidance and control. Kim et al. [119]
established a cooperative control framework for N agents in 3D space,
where each of N agents tracks its successor agent i+1 mod N, providing a
foundational methodology for distributed coordination. Extending these
concepts, Mukherjee et al. [120] introduced an enhanced cyclic pursuit
scheme capable of adapting to the additional complexity of intercepting
maneuvering targets, demonstrating the strategy's versatility for prac-
tical mission scenarios.

4.3.3. Swarm formation tracking

Swarm tracking extends beyond simple pursuit to include intercep-
tion, encirclement, and escorting of targets, while maintaining pre-
scribed formations [121]. The primary objective is to enable a swarm of
agents to perform precise and continuous tracking of one or more
moving targets, while adapting in real time to variations in target
behavior, environmental conditions, and the swarm's own operational
dynamics. In space swarm systems, this capability is essential for ap-
plications such as non-cooperative spacecraft inspection, debris moni-
toring, asteroid escort, and distributed sensing of dynamic orbital
phenomena. For instance, cooperative space swarm formation tracking
with safety constraints, e.g., collision avoidance, saturation, and un-
certainties, is studied in Ref. [122] and formation tracking under
adversarial/actuation attacks is investigated in Ref. [112]. An illustra-
tion of SpaceX Starlink satellite constellation in low Earth orbit is shown
in Fig. 12 [123].

Unlike traditional trajectory tracking problems, swarm tracking is
complicated by partial target observability, where agents may lack
complete information, such as target velocity or acceleration. Mathe-
matically, the problem can be defined as follows: given a set of desired
inter-agent distances {dy|Vi,j € {1,...,N},i# j}, where d; represents the
desired distance between agents i and j, the goal is to design control
inputs y;(t),i =1, ...,N, such that the following conditions are satisfied
[171,

}imxr(t) € conv{x; (t), ..., xn(t)} 31
}E{;H}M(Q —x(t)|| —dy| <e,Vi#je{1,...,N} (32)

where con{x; (t),...,xn(t)} denotes the convex hull formed by the agent
positions xi (t), ...,xn(t) and &€ > 0 is a small constant.

For spacecraft swarms, relative motion is shaped by differential
orbital parameters, since small differences in semi-major axis, inclina-
tion, or right ascending node cause natural drift that requires continuous
formation adjustment [124]. These dynamics are commonly modeled
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Fig. 11. Trajectories of agents with a cyclic pursuit strategy [118].

Fig. 12. SpaceX Starlink satellite constellation in low Earth orbit [123].

using the Clohessy-Wiltshire or Hill equations, which form the basis for
many tracking and formation-keeping controllers. Tracking perfor-
mance is further influenced by orbital perturbations, including the
Earth's J2 term [114], atmospheric drag in low Earth orbit, solar radi-
ation pressure, and third-body effects. Controllers must compensate for
these disturbances while operating under limited propulsion and atti-
tude control capability, which makes spacecraft tracking significantly
more complex than terrestrial swarm tracking.

Topological connectivity, which is the minimum requirement for
cooperative behavior, has been used to design fuel-efficient distributed
swarm-keeping controllers that maintain connectivity through topology
regulation and selective impulse maneuvers under J2 perturbations
[125]. Building on this idea, behavior-driven impulsive maneuver
strategies have also been formulated as optimization problems and
solved with reinforcement learning to support target-attacker-defender
interactions in orbital tracking scenarios [126].

4.3.4. Algorithmic developments

In addition to the above three architectural approaches, several
algorithmic strategies have been proposed for enhancing formation
control:

e Hybrid evolutionary algorithm (EA) was developed and validated
using the ARGoS simulator and experiments with E-Puck2 robots for
optimizing formation acquisition and maintenance [127].

e Distributed nonlinear model predictive control (MPC) scheme was
introduced to minimize inter-satellite communication while
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preventing collisions with both cooperative spacecraft and external
obstacles [128].

e Geometric formation structures were introduced to ensure stability
at the agent level, though with the risk of emergent instabilities at the
system level [129].

e Reinforcement learning techniques have been leveraged to address
complex swarm guidance and control challenges in dynamic envi-
ronments [130].

4.4. Swarm formation control

Swarm formation control ensures that agents maintain predefined
geometric patterns during collective motion. This functionality is critical
for applications such as aperture synthesis, distributed sensing, and
coordinated inspections, and deep-space interferometry missions. In
space robotics, precise formation maintenance directly influences mea-
surement accuracy, communication geometry, and mission robustness
[131]. An illustrative example of swarm formation control for multiple
spacecraft systems is shown in Fig. 13.

The swarm formation control problem can generally be decomposed
into three stages [132]:

(i) Formation acquisition (stabilization): guiding agents from arbi-
trary initial positions into a target geometric configuration,

Virtual leader
spacecraft

Ye iVLH fi’énqe

20

Spacecraft l ey

A 4
&S s  Spacecraft3

Spacecraft 4

Yo
ECI frame

Fig. 13. Spacecraft swarm formation illustration [112].
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(ii) Formation maintenance: ensuring cohesion and stability under
disturbances, model uncertainties, and environmental perturba-
tions (e.g., J2 effects, drag, solar radiation pressure),

(iii) Formation reconfiguration (switching): enabling adaptation of
the formation to evolve mission requirements or environmental
conditions [133].

4.4.1. Virtual structure approach

The virtual structure approach models the swarm as a single rigid
body, in which each agent is assigned to a fixed position relative to a
global virtual coordinate system, rather than relying purely on local
interactions or decentralized decision-making [134]. Under this para-
digm, the formation behaves as an idealized rigid entity whose collective
motion is prescribed at the group level and then tracked by individual
agents. This abstraction enables precise coordinated maneuvers and
structured motion, even in dynamically varying environments. A
graphical illustration of the virtual structure and its corresponding vir-
tual rigid-body representation [134] is shown in Fig. 14.

Implementation of the virtual structure method typically follows
three steps:

(i) Defining virtual structure dynamics that prescribe the global
trajectory or maneuver of the swarm.
(ii) Mapping global dynamics onto individual agents, assigning each
agent a fixed position within the virtual structure.
(iii) Applying tracking controllers to ensure that agents accurately
follow their assigned trajectories.

Through this procedure, the swarm maintains strict geometric con-
sistency while executing coordinated motion.

In spacecraft formation flying, the virtual structure approach has
been applied by defining the desired rigid-body dynamics of the for-
mation and projecting them onto individual spacecraft [135]. This al-
lows the spacecraft swarm to be treated as a cohesive entity, facilitating
long-term precision maneuvers such as deep-space interferometry and
distributed aperture synthesis. Robustness improvements have been
reported, such as the use of p-synthesis-based controllers by Shahbazi
et al. [136], which enhance tolerance to model uncertainties and envi-
ronmental disturbances.

4.4.2. Leader-follower approach

The leader-follower approach is a well-established strategy in swarm
formation control [137]. In this framework, one or more agents are

Rigid body

virtual joint
. . virtual link1
S agent ‘5——"::"
J * Py e . .
K . K5 N virtual link2
.

’ Y ,"’ ‘\“\

& ke

Virtual Linkage

h )
S

Virtual structure

Fig. 14. Illustration of virtual structure and virtual linkage [134].
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designated as leaders that guide the swarm along a predefined trajectory
or toward a specific mission goal, while the remaining agents act as
followers. The followers adjust their positions by maintaining desired
inter-agent distances either to the leaders or to neighboring peers. An
illustrative example of a multi-group leader-follower swarm is shown in
Fig. 15 [138].

The leader-follower framework is particularly effective in spacecraft
formation flying [139], where a leader spacecraft maintains a reference
orbit, while followers adjust their relative positions with respect to the
leader. The advantage of this method lies in its efficiency: only the
leader executes full orbital maneuvers, while followers require
relative-state control, thereby reducing fuel consumption and system
complexity. A schematic of multi-spacecraft leader-follower swarm
system is shown in Fig. 16.

An important extension is the virtual leader variant [140], in which a
virtual reference agent, rather than a physical leader, defines the desired
formation trajectory. This allows followers to synchronize with the
virtual entity via consensus-based or distributed control laws.

Numerous studies have advanced the leader-follower paradigm
across different spacecraft robotic domains:

e Robust and Finite-Time Leader-Follower Attitude Consensus:
Several studies have advanced robust leader—follower attitude co-
ordination for spacecraft under uncertainties and disturbances. Feng
et al. [141] incorporated Gaussian process regression to compensate
for inertia uncertainty, actuator saturation, and external distur-
bances within a directed communication graph.

Leader-Follower Extensions: Game-Theoretic and Flexible
Spacecraft Dynamics: Beyond rigid-body coordination, Endo and
Morimoto [142] extended leader—follower consensus to
boundary-controlled flexible spacecraft modeled by hybrid PDE-ODE
dynamics, achieving simultaneous attitude synchronization and
elastic vibration suppression.

Resilient and Swarm-Level Formation Control: At the formation
level, Jin et al. [131] proposed a J2-aware probabilistic swarm
guidance framework integrating Markov-chain-based distributed
guidance with MPC tracking to achieve scalable formation under
orbital perturbations. Cui et al. [112] developed a distributed
Lyapunov-based MPC approach resilient to actuation attacks and
input saturation, ensuring recursive feasibility and closed-loop sta-
bility. These works address resilience and large-scale swarm forma-
tion tracking under realistic space environment constraints.

4.4.3. Centralized and decentralized control approach

Swarm control strategies are broadly categorized into centralized
and decentralized architectures, each with distinct advantages and
inherent limitations. These paradigms shape the way multiple
agents—such as spacecraft, drones, or ground robots—coordinate to
accomplish collective objectives in dynamic environments.

/- Mixed Game

| Leader Cooperative Game

Followers Non-Cnoperativer
\ Mean Field Game

=

Fig. 15. An illustration of a multi-group leader-follower swarm [138].
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Fig. 16. A schematic of multi-spacecraft leader-follower swarm system [140].

4.4.3.1. Centralized control. In centralized control, a single supervisory
unit orchestrates the behavior of the entire swarm by collecting global
information, processing it, and dispatching commands to all agents
[143]. This architecture ensures consistent global coordination and
simplifies decision-making, as the central authority enforces a pre-
defined mission objective. Typical applications include formation
keeping, area coverage, and coordinated inspections, where optimiza-
tion algorithms are often employed to improve efficiency and task
execution [144].

A notable example is the Mother-Children satellite architecture
proposed by Sabatini et al. [145], in which a large Mother spacecraft
deploys a swarm of Children spacecraft to inspect a damaged satellite.
Due to safety constraints, the Mother spacecraft cannot approach the
target, making centralized coordination essential for mission execution.
Despite these advantages, centralized control suffers from -critical
drawbacks, most notably:

o Single point of failure: A malfunction of the central controller or a
disruption in inter-agent communication can collapse the entire
system.

e Limited scalability: Adding more agents substantially increases
communication and computational demands.

4.4.3.2. Decentralized control. In contrast, decentralized (or distrib-
uted) control eliminates dependence on a single supervisory unit by
enabling each agent to make autonomous decisions based on local
sensing and peer-to-peer interactions. This paradigm allows swarms to
self-organize, adapt to environmental changes, and maintain resilience
under partial failures [146]. Owing to these properties, decentralized
control is particularly attractive for space robotics, where robustness,
scalability, adaptability, and autonomy are mission critical.

A primary advantage of decentralized control in space swarm ro-
botics is its robustness and fault tolerance - the failure of individual
agents does not compromise the overall swarm. For instance, Cui et al.
[112] developed a distributed Lyapunov-based MPC framework that
ensures resilient spacecraft swarm formation tracking under actuation
attacks and input saturation, while incorporating collision avoidance
and stability guarantees through online constrained optimization.

Scalability is another defining property of decentralized architec-
tures. Such systems can accommodate additional agents or dynamic task
reallocations without substantial redesign of the control structure. In
space robotics, Farrag et al. [147] proposed a satellite swarm configu-
ration that leverages commercial-off-the-shelf radio frequency commu-
nication subsystems, illustrating scalable inter-satellite communication
strategies for multi-satellite coordination.

Local decision-making in decentralized control also facilitates real-
time adaptation to dynamic and uncertain conditions while reducing
bandwidth requirements and communication latency. In the space
application, Koenig et al. [148] explored decentralized formation
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acquisition strategies in perturbed orbits to highlight adaptability to
realistic mission constraints.

Finally, by reducing the need for continuous human supervision,
decentralized control enables real-time autonomous decision-making.
This autonomy supports modular mission design, reconfigurable objec-
tives, and resilience against hybrid cyber-physical attacks. Com-
plementing this line of research, Cui et al. [149] proposed a resilient
time-varying formation-tracking framework against DoS and actuation
attacks, tailored for spacecraft formation. By integrating distributed
state estimation, event-triggered communication, and adaptive
output-feedback control, the method ensures uniformly ultimately
bounded tracking errors for spacecraft under hybrid cyber-physical
threats.

A comparison of centralized and decentralized swarm formation
control is summarized in Table 3.

4.4.4. Behavior-based approach

The behavior-based control approach relies on decentralized local
interaction rules inspired by biological swarms, where global formation
patterns emerge from agent-level behaviors such as alignment, cohesion,
and separation [152]. Unlike centralized or globally planned strategies,
behavior-based control emphasizes simplicity, scalability, and robust-
ness, enabling swarms to operate effectively under limited communi-
cation and sensing constraints. A representative illustration of
behavior-based swarm mechanisms is shown in Fig. 17 [152].

Extending to space robotics, numerous studies demonstrate the po-
tential of behavior-based control for autonomous spacecraft swarms.
Asri and Zhu [23] proposed a decentralized scheme for the coordinated

Table 3
Comparison of centralized and decentralized swarm control approaches.

Aspect Centralized Control Decentralized Control

Architecture Single central controller
collects global data, processes
decisions, and issues

commands to all agents.

Each agent makes
autonomous decisions based
on local sensing and peer-to-
peer interactions.

Coordination High precision in global Emergent coordination
coordination; suitable for tasks  through local rules; supports
requiring rigid formation or self-organization and
strict supervision. adaptive collective behavior.

Advantages o Simplified decision-making eHigh robustness and fault

logic tolerance (no single point of
o eStrong global optimization failure)
capability eScalable to large swarms
o eEffective for small swarms. eAdaptive in dynamic
environments
eSupports autonomy and
modular missions.

Disadvantages eSingle point of failure eLimited global optimality
eCommunication bottlenecks guarantees
ePoor scalability as swarm size  eHigher algorithmic
increases. complexity

eCoordination challenges
under constrained
communication.

Applications eMother—Children spacecraft eDecentralized pose
inspection [145] estimation
eCoordinated inspection and eAsteroid mission swarm
coverage tasks [144] operations [150]

eFormation acquisition in
perturbed orbits [148]
eRobust reconfiguration and
safety [112]
Typical eCentralized optimization (e. eDistributed MPC [112]
Algorithms g., mission-level planning, eReinforcement learning for

Suitability for
Space Missions

global task assignment)
Effective for tightly
constrained, small-scale
missions with limited agents.

adaptive behaviors [151]
Well-suited for large,
autonomous, and long-
duration missions in
dynamic or uncertain space
environments.
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capture of a tumbling space target, leveraging flocking-inspired guid-
ance to manage proximity operations. Izzo and Pettazzi [44] developed ~
a distributed path-planning technique, wherein the spacecraft maintains \ Collision Free Zone

relative geometry using only local sensory information. Their approach
enables spacecraft to dynamically form enclosures around targets, uti-
lizing a switching control strategy based on sperm dynamics, which
optimizes individual trajectories for flexible and scalable encirclement.

While formation control provides a foundation, the practical
deployment of spacecraft swarms must address key operational chal-
lenges, including collision avoidance, adaptive recovery and reorgani-
zation, and autonomous navigation in uncertain environments, which
will be examined in the following sections.

4.4.5. Collision avoidance

Collision avoidance is a critical component of swarm formation
control, particularly in decentralized systems where real-time adapt-
ability and scalability are required [153]. In such frameworks, agents
rely on reactive behavioral control, often modeled using artificial forces.
Repulsive forces ensure that agents maintain a minimum safe distance
from one another, while attractive forces guide them back to their
intended formation or trajectory once the risk subsides. This decen-
tralized mechanism enables rapid responsiveness to dynamic environ-
ments, including moving obstacles or nearby agents, without
dependence on centralized coordination.

In the field of spacecraft swarms, their close-proximity operations
pose significant challenges, particularly in maintaining safe distances
while preserving formation configuration. For example, Zhang et al.
[154] proposed a trajectory planning approach by an improved PSO
algorithm to satisfy stringent safety requirements for coordinating
swarm chaser spacecraft in the safe capture of non-cooperative targets.
With event-triggered updates to reduce computational and communi-
cation burdens within spacecraft swarms, Sun et al. [103] introduced
collision avoidance communication subgroups. Figs. 18 and 19 illustrate
key aspects of these strategies: satellite collision risk zones and the
structure of collision avoidance communication groups.

4.4.6. Swarm formation recovery or reorganization

In swarm robotics, recovery and reorganization are essential for
sustaining collective functionality in the presence of agent loss, envi-
ronmental disturbances, or mission reconfiguration. In the context of
space systems, formation recovery and reorganization [155] refer to the
capability of a spacecraft swarm to autonomously restore, adapt, or
reconfigure its geometric structure in response to faults, orbital pertur-
bations, communication degradation, or evolving mission objectives.
4.4.6.1. Behavioral and

topological adaptation. During formation
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Fig. 18. Illustration of the satellite j entering the collision risk zone of satellite
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Fig. 19. Schematic of the collision avoidance communication group [103].

navigation, swarms often operate under conditions that test their
adaptability and resilience. Highly constrained environments, sudden
reconfiguration commands, and inefficient task assignments create sit-
uations where traditional coordination methods may falter. To address
these complexities, researchers have designed several frameworks.

One such advancement is found in the work of Yu et al. [156], who
introduced a self-organizing control framework based on dynamic to-
pologies. This framework supports essential behaviors such as aggre-
gation, dispersion, and formation transitions during maneuvering.

In space applications, Kempf et al. [157] proposed a self-organizing
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control-loop recovery framework for fractionated spacecraft, addressing
data loss and controller failures through adaptive event-based net-
worked predictive control and distributed failure compensation. An
auction-based task redistribution mechanism ensures scalable and stable
formation control for satellites.

4.4.6.2. Formation recovery strategies. To address the challenge of slow
recovery from disordered states caused by abrupt formation changes,
Quan et al. [158] proposed the Global-Remap-Local-Remap (GRLR)
strategy. This method combines centralized recalibration of key for-
mation parameters with distributed local trajectory replanning. The
GRLR activates only when destabilization is detected, minimizing un-
necessary computation. Recovery begins by assessing constraint
awareness and solving an Alignment and Task Assignment (ALAS)
problem, ensuring efficient reorganization. A schematic illustration of
the GRLR strategy and ALAS method is shown in Fig. 20.

4.4.6.3. Spacecraft swarm recovery and optimization. In space applica-
tions, swarm recovery requires advanced optimization and control
strategies tailored to dynamic and uncertain space environments,
ensuring the resilience of long-duration missions. Venigalla et al. [159]
introduced a virtual swarm optimization method for recovering missed
thrust, directly controlling recovery margins in low-thrust trajectory
design. By quantifying the maximum allowable coasting durations
before corrective thrusting is required, their approach enhances mission
robustness through principles of swarm intelligence. Liu et al. [160]
addressed manufacturing-oriented recovery through a bi-objective
evolutionary optimization framework for multi-robot machining of
spacecraft components, jointly optimizing base positioning and task
allocation to improve workspace coverage and operational feasibility
in-space advanced manufacturing.

4.5. Swarm distributed consensus and agreement

Distributed agreement and consensus-seeking constitute funda-
mental coordination mechanisms in spacecraft swarms [43], enabling
agents to establish common reference quantities or maintain coherent
operational states using only local sensing and inter-satellite commu-
nication. In orbital environments, where centralized supervision is
limited by latency and bandwidth constraints, these distributed mech-
anisms provide the basis for autonomous collective behavior.

Distributed agreement concerns convergence to a common discrete
decision variable, such as task allocation, leader selection, or maneuver
sequencing in cooperative orbital missions. Through local information
exchange, spacecraft collectively determine unified decisions without
centralized control. Consensus seeking [161], in contrast, applies to
continuous state variables, where agents iteratively align quantities such
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Fig. 20. Illustration of the GRLR strategy and the ALAS method [158].
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as relative position, velocity, attitude, or orbital elements until agree-
ment is achieved. Table 4 shows the consensus advances and
applications.

5. Numerical simulation and experimental validation of swarm
intelligence

5.1. Numerical simulation software

Testing swarm robotics algorithms on physical robots is costly, time-
consuming, and operationally complex. Numerical simulation offers a
practical alternative, enabling design, validation, and optimization in
controlled virtual environments before hardware deployment. Various
numerical simulation software have been developed and utilized in
swarm robotics research, including ARGoS (Autonomous Robots Go
Swarming), V-REP, Gazebo, Webots, NetLogo, swarm-bot, SwarmSim,
BeeGround, and MASON. Table 5 provides a comparison of the prop-
erties of various swarm robotics simulation software.

As swarm robotics continues to evolve, simulation platforms will
remain essential in driving innovation and facilitating the deployment of
intelligent multi-robot systems in real-world applications.

5.2. Experimental validation

While numerical simulation is crucial for algorithm development,
experimental validation is indispensable for assessing swarm robotics
systems under realistic conditions. Such validation typically integrates
hardware components (such as robots, sensors, and communication
devices) with software modules (including control algorithms, logging,
and analysis), enabling the implementation and evaluation of swarm
behaviors across diverse platforms. Experimental work in swarm ro-
botics can be broadly classified into three categories: laboratory-scale
experiments and hardware-in-the-loop testing.

Although these platforms provide useful insight into decentralized
control and collective behavior, their fidelity to spacecraft dynamics is
limited by their planar motion and the absence of orbital forces. They
can reproduce collision-free motion, relative-state control, and
communication effects, but they cannot emulate differential orbital
motion, gravitational perturbations, or impulsive thrust-based actua-
tion. Consequently, controllers tested on planar platforms must be
adapted to Hill-frame or Clohessy-Wiltshire dynamics for on-orbit use,
and propulsion and perturbation effects must be reintroduced through
simulation or hardware-in-the-loop methods.

5.2.1. Laboratory-scale experiments

Laboratory platforms allow controlled and cost-effective validation
of swarm algorithms at small to medium scales. There are three different
scale systems in terms of their size.

(a) Small-scale and low-cost platforms:

Kilobot [180] in Fig. 21(a) and Droplet [181] in Fig. 21(b) are among
the smallest and most cost-effective platforms that are widely used for
large-scale studies involving hundreds to thousands of robots. Kilobots
employ vibration-based locomotion and infrared communication, while
Droplets offer even lower-cost hardware with similar capabilities.

(b) Educational and modular systems:

The e-puck [182] and e-puck2 [183] are popular choices for edu-
cation and vision-based research. The e-puck provides modularity,
cameras, proximity sensors, and Bluetooth communication, making it
suitable for both teaching and advanced experiments in universities, as
shown in Fig. 21(c). Similarly, Pheeno [184], combining Raspberry Pi
and Arduino with Wi-Fi, supports multi-robot systems for flexible
educational and research applications, as shown in Fig. 21(d).
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Table 4
Consensus advances and applications.
Types Definition Advantages Disadvantages Applications

Average consensus
[162]

Finite-time consensus
[163]

Leader-Follower
Consensus [164]

Output Consensus/
Output Agreement
[165]

State Consensus/State
Agreement [166]

Robust Consensus
under Noise/
Failures [167]

Event-Triggered
Consensus [168]

Consensus with
Switching
Topologies [169]

Cluster/Group
Consensus [170]

Adaptive Consensus
[171]

Agents converge to the average of their
initial status; used for distribution
control

Guarantees convergence within finite
time; critical for time-sensitive
missions.

Leaders define reference trajectories;
followers synchronize accordingly.

Consensus on subset of states (e.g.,
heading) while other states follow
constraints.

All agents converge on their full state
vectors (e.g., position and velocity).

Ensures convergence under noisy
measurements, delays, or link failures.

Updates triggered only when conditions
are met; reduces communication load.

Handles time-varying communication
graphs due to dynamic or intermittent
links.

Agents converge to multiple agreement
values within subgroups or clusters.

Gains or communication weights adapt
online to improve convergence under
uncertainties.

Simple and scalable; effective for
distributed estimation and
sensing.

Fast convergence; robust to
delays; critical in urgent
maneuvers.

Clear structure; simple
implementation; allows trajectory
tracking.

Efficient when only subset of
states matters; reduces
complexity.

Ensures full state alignment;
supports tight coordination.

Improves reliability under
imperfect communication and
sensing.

Energy- and bandwidth-efficient;
reduces unnecessary
communication.

Captures realistic dynamic
topologies; supports mobility.

Supports task partitioning;
flexible in heterogeneous
missions.

Adaptive to uncertainty; increases
robustness and flexibility.

Convergence may be slow;
sensitive to graph connectivity.

Requires precise gain design;
may be sensitive to noise.

Vulnerable to leader failure;
relies on stable leader tracking.

Partial consensus may not
guarantee global stability.

May lead to collisions in physical
swarms if geometry is not
regulated.

Complex design; higher
computational cost.

Triggering rules may reduce
accuracy if poorly tuned.

Analysis is complex; stability
proofs challenging.

Possible loss of global cohesion
across subgroups.

May require online computation
and adaptation overhead.

Sensor fusion, distributed
averaging, cooperative estimation in
space swarms.

Fast satellite synchronization,
collision avoidance in orbit.

Chief-deputy spacecraft formations,
UAV/UGV leader-follower control.

Heading/attitude consensus in
UAV/spacecraft formations.

Tight formation flying, spacecraft
rendezvous and docking.

Fault-tolerant satellite
constellations, noisy inter-satellite
links.

Resource-constrained satellite
swarms, power-limited systems.

Satellite swarms with intermittent
LOS, dynamic reconfiguration.

Multi-cluster satellite constellations,
heterogeneous swarm missions.

Adaptive spacecraft formation
flying, missions with uncertain
parameters.

Table 5

Comparison of swarm robotics simulation software.

Software Physics Programming Dimension Robot Models Pros Cons Application Cases
Engine Languages
ARGoS [172] Box2D, C-++, Python 3D Custom High performance, Steeper learning curve Large-scale swarm
ODE customizable simulations
Gazebo [173] ODE, C++, Python 3D Pre-built + High-fidelity, ROS integration =~ Computationally High-fidelity swarm
Bullet, etc. (ROS) custom intensive simulations
Webots [174] ODE C++, Python, 3D Pre-built + User-friendly, cross-platform Limited scalability, Education, research,
Java, MATLAB custom commercial license prototyping
NetLogo [175] None NetLogo language 2D (basic Abstract Easy to learn, great for Abstract modeling only Teaching, prototyping,
3D) agents teaching abstract behaviors
V-REP Bullet, Lua, C++, Python, 3D Custom Modular, multiple physics Steeper learning curve Research, education,
(CoppeliaSim) ODE, MATLAB engines prototyping
[127] Vortex
SwarmSim [176] None Java 2D Abstract Lightweight, open source Abstract modeling only Swarm intelligence
agents research
MASON [177] None Java 2D, 3D Abstract Open-source, flexible Abstract modeling only Swarm intelligence,
agents social simulations
swarm-bot [178] Vortex Not mentioned 3D Real, detailed, Self-organization, scalability, Limited real robots, sim- Aggregation,
simplified s- robustness, simplicity reality gap, fitness coordinated motion,
bots tracking transport
Bee-Ground Unity C#, Python (via 2D, 3D Custom (e.g., High scalability (1000+), ROS ~ Moderate learning Large-scale bio-inspired
[179] Physics Unity), TensorFlow MONA robot) & URDF support, bio-inspired curve, depends on Unity ~ swarm robotics
Engine 2.0 simulation, TensorFlow setup simulations (e.g.,

integration

BEECLUST)

(c¢) Medium to advanc

ed platforms

Mona [185] shown in Fig. 22(a) with omnidirectional movement and
modularity, is ideal for medium-sized swarms and reconfigurable sys-
tems. Khepera IV [186], Fig. 22(b), though expensive, offers high pro-
cessing power and sensing capabilities for advanced research. Colias
[187], Fig. 22(c), provides an affordable yet functional alternative for
low-cost swarm studies.

5.2.2. Hardware-in-the-loop testing

Hardware-in-the-loop (HIL) platforms

integrate

real robotic

18

hardware with simulation or virtual environments, allowing algorithms
to be tested under controlled but partially physical conditions.

(a) Leader—follower and formation studies:

Bono et al. [188] evaluated distributed swarm algorithms using six
Elisa-3 robots for multi-vehicle leader—follower formations.

(b) Self-organization platforms:

Zhou et al. [189] employed the SwarmBang system, a compact
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Raspberry
Pi Zero

(a) An individual and a group of Kilobots [181].

(c) Colias mobile robot [187].

Fig. 22. (a) Mona; (b) Khepera; (c) Colias.

e

mobile platform tailored for studying self-organized behaviors, see
Fig. 23.

(c) Multi-quadrotor testbeds:

(c) The e-puck robot [183].

Tobots

Tete @i O

3 ~ . predator

'\.1_ o i
robot

@ ahmpl turning g @ G Si

&
with 120° @ target
@@ GG * LED-2 @ @ O (the nearest robot)

(d) The Pheeno core module [184].

attractive stimuli repulsive stimuli

Fig. 21. (a) Kilobots; (b) Droplet; (c) e-puck; (d) Pheeno.

Fig. 23. Experimental setup of a swarm robotic system utilizing SwarmBang
robots [190].
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Deng et al. [191] demonstrated swarm control using quadrotors
equipped with Raspberry Pi 4B processors, XBee radios, and CubeOr-
ange autopilots, operating under ROS. Their physical setup, shown in
Fig. 24, validated both low-level behaviors (e.g., aggregation, pattern
formation) and high-level tasks (e.g., collective foraging, transport).

In summary, each platform offers distinct advantages, and the choice
depends on the swarm's requirements, such as scale, complexity, and
budget. Despite challenges posed by hardware limitations and envi-
ronmental noise, these platforms remain essential for gaining practical
insights into swarm behavior and performance. Table 6 shows a com-
parison of some popular swarm robotics hardware platforms in terms of
their features, capabilities, and limitations.

6. Swarm intelligence application in space and future directions
6.1. Swarm intelligence applications in space

Swarm intelligence has emerged as a pivotal framework for
addressing complex space mission challenges by optimizing operations
through decentralized, scalable, and fault-tolerant agent coordination.
Applications span on-orbit servicing and debris removal, satellite
swarms and formation flying, autonomous rendezvous, and emerging
directions in deep learning, motion planning, and distributed
networking [192].

6.1.1. On-orbit servicing and debris removal

Swarm intelligence algorithms such as Particle Swarm Optimization
(PSO), Grey Wolf Optimizer (GWO), Ant Colony Optimization (ACO),
and Artificial Bee Colony (ABC) have been widely applied to mission
planning and optimization. PSO is extensively applied to trajectory
design, enabling efficient debris capture with minimal fuel [90]. GWO
excels in supporting dynamic task allocation through hierarchical search
strategies [95]. ACO is ideal for pheromone-inspired path planning for
debris removal [91]. ABC improves resource allocation and sensor
deployment [92]. These algorithms are computationally efficient,
robust, and capable of handling high-dimensional and dynamic opti-
mization problems, making them well-suited for space applications.

6.1.2. Satellite swarms and formation flying

Swarm intelligence has also been applied to decentralized constel-
lation design and precision formation flying for optimizing Earth
observation, communication, and environmental monitoring. Yang et al.
developed a constellation design method based on imaging swath,
subgroup formation flying, and global payload coverage [193]. The
Starling Formation-Flying Optical Experiment (StarFOX) is the first

Interation graph
B
Raspberry @‘

mavro S

CubeOrange
Ardupilot

rad10

Fig. 24. Multi-quadrotor physical platform [191].
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in-space test of autonomous, angles-only navigation with four CubeSats
in formation in low Earth orbit [194]. The proposed Virtual Super Optics
Reconfigurable Swarm (VISORS) mission is planned to use two 6U
CubeSats, spaced 40 m apart, to capture high-resolution extreme ultra-
violet images of active solar regions [195].

6.1.3. Autonomous rendezvous and debris management

Swarm intelligence can play a key role in facilitating coordinated
rendezvous with non-cooperative targets in space debris management
and satellite servicing [23,196]. Mahendrakar et al. developed the
Multipurpose Autonomous Rendezvous Vision-Integrated Navigation
system (MARVIN), which utilizes a swarm of drones to rendezvous with
non-cooperative space objects autonomously [197]. Tsukamoto et al.
introduced Neural-Rendezvous, a deep learning framework for
real-time, autonomous, and accurate interception of fast-moving objects
like Interstellar objects [198]. Although not launched into space, these
system and mission concepts are currently actively tested through
hardware-in-the-loop experiments using drones and simulation to vali-
date their feasibility.

6.1.4. Communication constraints and proximity-operation challenges

Spacecraft swarms operate under strict communication [199] and
proximity-operation constraints that influence coordination and control.
Limited bandwidth, intermittent line-of-sight, and antenna-pointing
restrictions introduce delays and packet loss, reducing the consistency
of shared state estimates and slowing consensus convergence; when
control actions rely on outdated neighbor information, distributed for-
mation keeping and cooperative planning can become unstable. These
communication challenges are compounded during close-proximity
operations [200] such as formation flight and on-orbit servicing,
where spacecraft must account for differential orbital motion, gravita-
tional perturbation, sensor uncertainty, and plume impingement. Small
navigation errors or delayed responses can rapidly escalate into collision
risk, requiring conservative safety margins, precise relative navigation,
and fault-tolerant control laws capable of reacting quickly to
disturbances.

6.2. Prospective research directions

The current research on swarm intelligence focuses on optimizing
distributed target-capture strategies for unmanned aerial and surface
vehicles. While these studies demonstrate scalability and robustness, a
significant gap remains in translating swarm intelligence algorithms to
space robotics, particularly in active on-orbit servicing and debris
removal [192].

Despite their potential, swarm intelligence systems for on-orbit
servicing and debris removal face several challenges, including
communication constraints, limited autonomy, and the need for real-
time adaptation. Limited bandwidth and communication delays in
space can hinder swarm coordination, necessitating robust communi-
cation protocols. Increasing the autonomy of swarm members will
reduce reliance on ground control and improve mission efficiency.
Additionally, swarm algorithms must adapt to dynamic environments in
real-time, such as unexpected debris movements or satellite failures.
Future research should prioritize the development of advanced
communication systems, the enhancement of autonomous capabilities,
and the improvement of real-time decision-making to fully unlock the
potential of swarm intelligence in space applications.

7. Conclusion

Swarm intelligence offers a transformative framework for addressing
the complexities of space robotics, enabling scalable, adaptive, and
resilient multi-agent coordination. This review has examined the
fundamental dynamic models of swarm agents, including continuous-
time and discrete-time systems, which underpin the design of effective
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Table 6
Comparison of swarm robotics hardware platforms.
Platform Locomotion Comm. Sensors Processing $/robot Swarm User Cases
Size
Kilobot Vibration IR Ambient light 8-bit ATmega ~$14 1000+ Large-scale swarm experiments
e-puck Wheeled Bluetooth, Camera, Proximity, 32-bit dsPIC ~$80 10-50 Education, vision-based tasks
IR accelerometer
Mona Omni Wi-Fi, IR Proximity, IMU, RGB LEDs ARM Cortex-M4 ~$500 10-100 Modular swarm robotics
directional
Colias Wheeled IR Proximity, ambient light ATmega328P ~$50 50-100 Low-cost swarm experiments
Pheeno Wheeled Wi-Fi, IR Proximity, IMU, camera (opt.) Raspberry Pi + ~$200 10-50 Multi-robot systems, education
Arduino
Droplet Vibration IR Ambient light 8-bit ATmega ~$20 100+ Large-scale swarm experiments
Khepera Wheeled Wi-Fi, IR Camera, proximity, IMU ARM Cortex-A8 ~ 10-20 Advanced swarm research, vision-based
v $2000 tasks

swarm control strategies. Core control mechanisms, such as aggregation,
social foraging, formation control, and distributed consensus, were
highlighted for their role in achieving robust, decentralized coordina-
tion. Aggregation supports self-organization, while social foraging op-
timizes task allocation. Formation control, approached through virtual
structures, leader—follower frameworks, and decentralized schemes,
ensures spatial organization, with decentralized strategies offering
particular advantages in robustness and scalability. Consensus-seeking
algorithms further enhance collaboration by enabling distributed
agreement without centralized control. Scalability and optimality
remain central challenges for large-scale swarms operating in high-
dimensional environments. Multi-objective optimization methods are
crucial for balancing competing goals, including fuel efficiency, mission
success, and collision avoidance. Numerical simulations and experi-
mental studies confirm the practical value of these approaches,
demonstrating their effectiveness in realistic mission contexts.

Looking ahead, advancing autonomy, enabling real-time adaptation,
and strengthening inter-agent communication will be essential to fully
realize the potential of swarm systems. By overcoming these challenges,
swarm intelligence can drive significant progress in space robotics,
supporting sustainable and efficient operations in on-orbit servicing,
debris removal, and planetary exploration.
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