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Abstract

Path planning is critical for multi-robot systems (MRS), directly affecting the operation
efficiency, execution time, and operational cost. Despite extensive research and successful
applications of multiple algorithms, achieving globally optimal solutions in cluttered or
dynamic environments remains a significant challenge. Issues such as scalability with an
increasing number of robots, computational efficiency, system robustness, and coordina-
tion complexity continue to drive the development of more reliable approaches. This
study reviews modelling approaches, optimisation criteria, and solution algorithms based
on the roadmap planning methods that are widely used for multi-robot path planning
(MRPP). It focuses on three graph-based algorithms: MRPP algorithm, central algorithm
(CA), and the optimisation central algorithm (OCA). These algorithms utilise visibility
graphs (VG) for environment representation and Dijkstra’s algorithm for shortest path
computation, while incorporating algebraic connectivity to improve coordination, safety,
and scalability. In addition, the technological context and implementation platforms, in-
cluding simulation environments, cloud robotics, and Al-based frameworks, are concep-
tually examined. The potential applications of these methods in assistive robotics are high-
lighted, particularly in supporting a safe and reliable navigation in healthcare and human-
centred environments. The article synthesises theoretical and practical insights, identifies
current limitations and challenges, and outlines future research directions for efficient,
scalable, and robust MRPP.
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computationally efficient, and coordinated trajectories for multiple robots operating in a
shared environment [2,9-13]. This problem becomes increasingly complex as the number
of robots grows, introducing challenges related to path planning scalability, coordination,
communication maintenance, and robustness. Furthermore, achieving globally optimal
solutions in environments with dense obstacles and interaction constraints remains diffi-
cult despite extensive research efforts [6,14-16]. To address these challenges, a wide range
of path planning approaches were developed that include grid-based, sampling-based,
and roadmap-based. Among these, roadmap-based techniques are particularly attractive
due to their ability to transform continuous motion planning problems into discrete graph
search problems with provable optimality guarantees [17-25].

In this context, graph-based methods provide a structured and mathematically rig-
orous framework for modelling robot interactions and environmental constraints [17-
20,26-29]. A prominent class of roadmap-based methods is the visibility graph (VG),
which enables optimal path computation in static polygonal environments using classical
shortest path algorithms [21,22,30-35]. VG methods can be further enhanced by incorpo-
rating graph-theoretic metrics, such as algebraic connectivity (Az), to support coordina-
tion, connectivity preservation, and efficient navigation in multi-robot systems [9,36—40].
These approaches enable the robots to navigate obstacle-rich environments efficiently
[1,7,41-49]. Graph-based methods offer not only a mathematically rigorous foundation
but also the flexibility to incorporate coordination and optimisation in modern MRS ap-
plications [24-27,50-60]. Furthermore, their practical implementation is supported by en-
abling technologies such as simulation platforms, cloud robotics, and artificial-intelli-
gence-based frameworks, which facilitate evaluation and deployment in real-world sce-
narios [61-70]. In addition, these methods are increasingly relevant in emerging applica-
tion domains such as assistive robotics, where safe, reliable, and human-aware navigation
are essential [71-93].

Beyond traditional terrestrial applications, recent advances in mission planning for
autonomous systems have extended these concepts to aerospace domains. Spacecraft nav-
igation under orbital threats has motivated the development of autonomous collision
avoidance strategies and constraint-based planning [94,95]. These approaches emphasise
real-time adaptability, constraint satisfaction, and robustness under uncertainty —key re-
quirements that closely align with the challenges of multi-robot path planning in dynamic
and safety-critical environments. Therefore, insights from these emerging domains pro-
vide a promising direction for enhancing the robustness and safety guarantees of graph-
based multi-robot planning frameworks. This article focuses on three representative
graph-based algorithms: multi-robot path planning (MRPP), central algorithm (CA), and
optimised central algorithm (OCA). These algorithms share a common foundation in VG
construction and Dijkstra’s algorithm for optimal path computation, while differing in
planning architecture, optimisation criteria, and safety mechanisms [1,23-29]. While
MRPP emphasises coordination and connectivity preservation, CA and OCA introduce
improvements in computational efficiency and safety, respectively.

The main contribution of this study is to provide a structured and comparative re-
view of these algorithms within a unified analytical framework. Specifically, this study:

e  Provides a systematic review of graph-based motion planning approaches and their
applications in multi-robotic systems.

e Introduces an analytical perspective that integrates VG planning with algebraic
graph-theoretic metrics to evaluate coordination and connectivity.

e  Compares MRPP, CA, and OCA in terms of their computational efficiency, path op-
timality, robustness, and safety performance.

https://doi.org/10.3390/technologies14060337



Technologies 2026, 14, 337

3 of 37

The objective of this review is to analyse the modelling approaches, optimisation
strategies, and performance trade-offs of these algorithms, while identifying key chal-
lenges and future research directions for scalable and efficient multi-robot systems.

The remainder of this article is organised as follows. Section 2 provides a description
of the materials and methods. Section 3 provides an overview of multi-robot systems and
relevant graph-theoretic foundations. Section 4 describes the methodology employed for
this review. Section 5 presents a taxonomy of multi-robot path planning approaches. Sec-
tion 6 analyses the MRPP, CA, and OCA algorithms in detail. Finally, Section 7 concludes
the paper and outlines future research directions.

2. Materials and Methods

The study adopted a systematic mapping study (SMS) approach, utilizing the
PRISMA (Preferred Reporting Items for Systematic reviews and Meta-Analyses) 2020 op-
erational protocol to identify, select, map, and analyse relevant research on graph-based
MRPP. The primary objective was to provide a structured, high-level evaluation and the-
matic categorisation of MRPP, CA, and OCA algorithms across a clear technical land-
scape.

While the PRISMA framework was originally developed for clinical evidence syn-
thesis, its systematic pipeline for literature identification, screening, and eligibility assess-
ment has been widely adopted as a rigorous tool within engineering and computer science
domains to mitigate selection bias and ensure architectural traceability [2,9,31]. In a com-
putationally and theoretically oriented context, this methodology functions effectively as
a systematic mapping study classifying algorithmic taxonomies and mapping out struc-
tural boundaries rather than performing a statistical meta-analysis [66,80]. Therefore, this
review is qualitative, structural, and analytical in nature, leveraging PRISMA strictly as a
robust procedural pipeline well suited for managing and filtering large volumes of tech-
nical robotics literature.

2.1. Literature Search Strategy

A comprehensive literature search was undertaken across multiple academic data-
bases, including IEEE Xplore, ScienceDirect, SpringerLink, and Google Scholar. The
search covered publications from 2012 to 2026 to capture both foundational and recent
advancements, such as decentralised coordination [6,15], communication-efficient task al-
location [7], and adaptive formation tracking [8].

The search keywords included combinations of the following terms:

i.  Multi-robot path planning (MRPP);

ii.  Collision avoidance (CA) and optimisation central algorithm (OCA);

iii. Graph-based methods and visibility graphs (VG) [22,26,51];

iv. Algebraic connectivity (Az) and connectivity maintenance [19,24,28];

v. Decentralised communication and swarm control [3,12,18];

vi. Artificial intelligence-based frameworks, including reinforcement learning (RL) and
graph neural networks (GNN) [10,81-83];

vii. Safety-critical and constraint-based mission planning approaches, including aero-
space applications such as spacecraft autonomous navigation and orbital collision
avoidance using satisfiability modulo theories (SMT) [94,95].

This expanded search strategy ensured that both the traditional robotic path plan-
ning methods and the emerging safety-critical autonomous planning paradigms were
covered.
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2.2. Study Selection and Eligibility Criteria

The study selection process, illustrated by the PRISMA flow diagram shown in Fig-
ure 1, followed predefined inclusion and exclusion criteria. Importantly, the study distin-
guished between:

(i) Core studies: identified through the PRISMA selection process and used for primary
analysis.

(ii) Supporting references: included to provide theoretical background, contextual dis-
cussion, and technological insights.

This distinction ensured both methodological transparency and comprehensive coverage
of the relevant field. The selections are further outlined in Table 1.
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[E:luded } Eligibilityq Screening

Records identified Records excluded
from databases Duplicates removed Records screened (e.g., non-multi-robot,
(MRPP, CA, OCA ke o non-technical,

keywords, (n=40) (n=185) irrelevant)
2012-2026) (n=83)
(n = 225)
Reports sought Reports assessed Reports excluded
for retrieval for eligibility — 5 (eg, lack of theoretical
(n=102) (Full-text review) rigor, peer-review)
(n=102) (n=61)
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e (Core studies) (Theoretical background,
Legend k (n=41) context)
=54
i [ Identification I [ I )
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i [] Eligibilit S " N q
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Included [Core primary studies (n = 41) + Supporting references (n = 54)]

PRISMA 2020: Operational procedural pipeline (Identification, Screening, Eligibility, Included)

SMS Framework: Mapping and analysis intent (Categorization, conceptual mapping, trade-off synthesis)

Figure 1. PRISMA-2020-guided systematic mapping and study selection process (n denote the num-

ber of studies/articles).

Table 1. Summary of literature search, selection process, and number of articles considered.

Phase Action Articles
Identification Initial database search (2012-2026) 225
Deduplication Removal of duplicate records 185
Screening Title and abstract review (exclusion of irrelevant studies) 102
Eligibility Full-text assessment of quality and methodology 41
Core Inclusion Primary studies (MRPP, CA, and graph-based methods) 41

Foundational theory, technical surveys, and contextual liter-
ature
Final Inclusion Total references cited in the bibliography 95

Supporting References 54

Studies were included if they met the following benchmarks:

i.  Technical relevance: Original research or high-quality reviews focusing on MRPP,
CA, or OCA algorithms [33,40,44].

ii. Methodological rigor: Studies contributing to multi-robot path planning, coordina-
tion, or collision avoidance using graph theory, Voronoi diagrams [14,50,68], or hy-
brid probabilistic roadmaps [13,49].
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iii. Core techniques: Consideration of methods that provided graph-based, roadmap-
based, or optimisation-based solutions contributing to scalability, connectivity, or ro-
bustness, such as shortest path algorithms (Dijkstra) [74], conflict-based search
[29,54], and secure state estimation [20].

iv. Application diversity: Inclusion of representative applications such as planetary ex-
ploration [4,32,70], search and rescue [30], assistive robotics and healthcare systems
[86,87,90,93], and safety-critical autonomous systems, including spacecraft mission
planning and orbital collision avoidance [94,95].

Studies were excluded if they:

i.  Focused exclusively on a single robot;
ii. Lacked methodological or mathematical clarity regarding path computation;
iii. Were not peer-reviewed or lacked sufficient technical details.

2.3. Data Extraction and Synthesis

The initial database search identified 225 publications, of which 185 remained after
duplicate removal. Following title and abstract screening, 102 studies were selected for
full-text reviews. A total of 41 core primary studies met the eligibility criteria and were
included in the primary mapping analysis. In addition, 54 supporting references were in-
corporated to provide theoretical foundations (e.g., algebraic connectivity [19]), back-
ground concepts, and enabling technologies such as Robot Operating System (ROS), Ga-
zebo, and Webots [75-77]. These references were not part of the sequential screening se-
lection process but were included to ensure a comprehensive and contextualised review.

Unlike traditional systematic reviews in clinical domains, this study did not perform
a statistical meta-analysis. Instead, it provides a comparative analytical synthesis of algo-
rithmic approaches, mapping out performance trade-offs, design principles, and practical
applicability across different environments. Furthermore, recent studies on safety-critical
mission planning in aerospace domains, particularly those addressing autonomous space-
craft navigation and constraint-based planning under uncertainty [94,95], were analysed
to provide cross-domain insights into robustness, real-time adaptability, and constraint
satisfaction. These structural insights support a broader evaluation of terrestrial and or-
bital MRPP methods in dynamic and safety-critical environments.

3. Multi-Robot Systems

The robots in a multi-robot system work collaboratively within a shared environment
to perform tasks that may be too complex, large-scale, or hazardous for a single robot [30—
35]. The main reason for the growing interest in MRSs is their ability to withstand system
failures by creating redundant processes and sharing responsibilities. Thus, the system
reduces the failure rate [31-36]. Even when a robot fails, the remaining robots can seam-
lessly continue the tasks, thereby increasing the overall resilience and robustness of the
system [3,4,34].

However, MRSs have limitations and disadvantages that must be carefully consid-
ered. Coordination complexity remains a major challenge, particularly in dynamic and
uncertain environments where communication and collaboration algorithms must oper-
ate reliably under changing conditions [1,2,33,37-39]. Communication constraints can fur-
ther degrade system performance, especially in obstacle-rich or interference-prone set-
tings, thereby necessitating robust mechanisms for dependable information exchange. En-
suring system robustness and fault tolerance is critical, as the failure of individual robots
may adversely affect the overall system performance [1,2,35,36,40]. This underscores the
importance of continued research in this dynamic field to tackle emerging challenges such
as coordination, path planning problems, communication, and autonomy under real-
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world constraints [1,6,10,41-43]. Figure 2 shows an example of a multi-robot system con-
sisting of five robots (Ri—Rs), represented as an undirected graph. In this representation,
the edges indicate communication or visibility links between robots, meaning that two
robots are connected only if they are within communication range or have direct line-of-
sight interaction. For example, R« and Rs are not connected because they are assumed to
be outside each other’s communication or visibility range in the given configuration.
Therefore, no direct edge is formed between them in the graph.

P
=
Figure 2. An example of a multi robot system consisting of robots Ri—Rs, represented as an undi-

rected graph.

3.1. Classification of Multi-Robot Systems

Multi-robot systems can take many forms, varying by their configurations, missions,
and operational domains. To contextualise this variety, it is essential to understand the
various aspects that affect the development of these systems. The taxonomy proposed in
this study focuses on three critical dimensions: composition, coordination, and communi-
cation [1,5,6]. These are explained in the following sections.

3.1.1. Composition (Homogeneous Versus Heterogeneous)

Composition refers to the physical and functional makeup of a robot team, particu-
larly the distinction between homogeneous and heterogeneous multi-robot systems. This
distinction is defined by the capabilities and functionalities of the robots comprising the
system [1,2,4,5]. Homogeneous systems consist of identical robots equipped to perform
similar tasks and are commonly employed in applications requiring parallel execution of
restricted operations such as search and rescue, surveillance, and mapping. These systems
are relatively easier to design, deploy, and control, and are often more cost-effective due
to their uniform hardware and simplified coordination requirements. In contrast, hetero-
geneous systems are comprised of robots with diverse capabilities, such as combinations
of aerial and ground vehicles, enabling them to address more complex tasks including
construction, exploration, and transportation [32,43]. By leveraging their complementary
strengths, heterogeneous teams offer greater flexibility and adaptability and can mitigate
the limitations of homogeneous systems, particularly in dynamic or uncertain environ-
ments. However, this increased capability comes at the cost of a higher system complexity
in terms of coordination, communication, and control [1,2,4,5,32].

3.1.2. Coordination (Centralised Versus Decentralised)

Coordination concerns how tasks are distributed and synchronised across a team of
robots. Effective coordination is essential for achieving collective objectives, minimising
conflicts, and ensuring temporal consistency in collaborative tasks [1,6,7,10,33,34]. Coor-
dination strategies are commonly categorised by their decision-making structure. In a cen-
tralised coordination, a leader maintains global knowledge of the environment and the
robots’ states, enabling efficient global planning and simplified control. It is also possible
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to have multiple leaders during missions. This approach offers strong performance guar-
antees but is sensitive to communication failures and is best suited to small teams operat-
ing in static, known environments [1,2,33,34]. In contrast, a decentralised coordination re-
lies on autonomous decision making by individual robots, improving scalability and ro-
bustness to failures and environmental changes. However, decentralised methods often
produce sub-optimal solutions and require sophisticated communication mechanisms to
ensure collision avoidance and task completion [1,7,10,33,34].

3.1.3. Communication: Explicit, Implicit, and Networked in Multi-Robot Systems

Communication is the foundational backbone enabling coordinated action, infor-
mation sharing, and avoidance in the MRS. The choice of communication technology di-
rectly affects system scalability, robustness, efficiency, and overall performance. Robots
must frequently exchange information to synchronise tasks, particularly in dynamic or
unknown environments [1,2,6,7,12,36]. Studies have emphasised communication-aware
planning, where robots adapt their trajectories not only to avoid obstacles but also to
maintain communication quality, as poor network reliability can significantly degrade
team performance [6,12,15,20,27,35]. Addressing these challenges requires co-designing
communication protocols and control strategies, with the current research focusing on
scalable frameworks capable of supporting large robot teams and complex operations [6—
8,10,24]. Communication modalities define how information is exchanged among robots.
Communication can be explicit, such as wireless communication via Wi-Fi, or implicit,
where robots infer information through sensing or interaction with the environment,
which itself may act as a communication medium [1,7,8]. Accordingly, inter-agent inter-
action can occur through sensing, direct communication, or environmental cues [1,6]. The
simplest form, sometimes referred to as cooperation without communication, relies solely
on environmental interaction [1,35,36]. More recently, dynamic network models have
been adopted to represent varying communication and sensing relationships among mo-
bile robots, offering a flexible and effective framework for coordinating multi-robot oper-
ations [7,8,10,43]. These categories are illustrated in Figure 3, which provides a structured
framework for comparing different MRS architectures.

Multi-robot system

Communication Coordination Composition
Explicit Decentralised Centralised Homogeneous
. Hetrogeneous
Implicit Distributed Strongly centralised

- Weakly centralised
Figure 3. Classification of multi-robot systems.

3.2. Motivation and Challenges in Multi-Robot Path Planning

Path planning is a fundamental problem in robotics as it directly governs a robot’s
ability to navigate safely and efficiently in complex environments. The motivation for de-
veloping advanced path planning algorithms arises from the need to generate collision-
free, optimal, and computationally efficient trajectories that can be reliably executed in
real-world applications [1,2540,41]. In an MRS, this motivation becomes more
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pronounced due to the requirement for coordination among multiple robots operating
within a shared workspace. Robots must not only avoid static obstacles but also prevent
inter-robot collisions while accomplishing collective tasks [1,25,44]. These requirements
introduce significant challenges, including scalability with respect to the number of ro-
bots, communication constraints for maintaining coordination, and robustness against in-
dividual robot failures. Addressing these challenges necessitates the development of plan-
ning algorithms capable of producing near-optimal solutions with low computational
overhead, thereby bridging the gap between theoretical optimality and practical applica-
bility [42,43].

Recent advances in mission planning for autonomous systems have also emerged in
aerospace applications, particularly in spacecraft navigation under orbital threats. For ex-
ample, mission planning strategies for autonomous avoidance of orbital debris and con-
straint-based planning approaches have been proposed to address safety critical decision
making in highly dynamic environments [94,95]. These approaches emphasise real-time
adaptability, constraint satisfaction, and robustness under uncertainty, offering valuable
insights for multi-robot path planning in dynamic and safety-critical scenarios and
providing a promising direction for extending multi-robot path planning toward more
rigorous and safety-critical applications [94,95].

3.3. Graph-Theoretic Foundations for Multi-Robot Planning

Graph theory, a branch of discrete mathematics, has become a foundational tool in
robotic motion planning, particularly within multi-robot systems [1,2,20,42]. Originating
from Euler’s solution to the Konigsberg bridge problem in 1736 [1,19], graph theory has
evolved into a powerful mathematical framework for modelling networks, connectivity,
and pathfinding. In the context of multi-robot navigation, it provides an abstract yet struc-
tured representation of the workspace, enabling efficient modelling of spatial configura-
tions, obstacles, communication links, and inter-robot interactions [25,26,42]. This abstrac-
tion is especially valuable for addressing key challenges in path optimisation, coordinated
control, and connectivity preservation in complex environments [15,20,24]. A graph is for-
mally defined as G = (V,E), where V # @ is a finite set of verticesand E SV XV is a set
of edges representing the connections between pairs of vertices. The vertex set can be ex-
pressed as V = {vy, v,, ..., v,}, while the edge set is defined as E = {ey, e, ..., y,}, where
m is not necessarily equal to n. Each edge e, € E connects a pair of vertices, typically
denoted as e, = (v;,v;). For undirected graphs, each edge is an unordered pair
(vi, v;) = (v}, vi), indicating a bidirectional connection between vertices.

In robotic motion planning, vertices may correspond to the robot positions, way-
points, or obstacle vertices, while the edges represent feasible paths, visibility relations, or
communication links between entities [1,21,26,44]. Graphs can be directed or undirected
and may be weighted or not weighted. Weighted graphs are particularly important in
robotics, as the edge weights can encode distance, energy consumption, traversal cost, or
collision risk, enabling more precise optimisation and decision making in complex envi-
ronments [2,6,15,25,40].

3.3.1. Algebraic Graph Theory: Connectivity and Robustness

Algebraic graph theory extends the classical graph concepts by analysing the spectral
properties of the matrices associated with graphs, most notably the adjacency and Lapla-
cian matrices. In recent years, these tools have gained significant attention in multi-robot
systems due to their ability to quantify and preserve communication connectivity and co-
ordination robustness [15,18,19,24,45]. Connectivity-preserving control strategies based
on Laplacian eigenvalues have been widely adopted to ensure reliable cooperation, even
in partially connected or dynamically changing environments [15,24]. These methods not
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only enhance robustness but also support the scalability of multi-robot systems in real-
time applications [7,8,46,47].

For a weighted graph, the adjacency matrix A € R™" is defined as 4;; = w;;, where
w;; > 0 represents the weight of the edge between nodes i and j, and a; = 0, for any .
The diagonal matrix (D) has entries corresponding to the sum of the weights of edges
incident on each node [15,18,45]. The weighted Laplacian matrix is then defined as: L =
D — A, where A is the adjacency matrix. The eigenvalues of the Laplacian matrix (4; <
Ay < -+ < 4,) provide a critical insight into network structure. For an undirected graph,
the smallest eigenvalue 4; =0 always exists and corresponds to a constant eigenvector.
The multiplicity of these zero eigenvalues equals the number of connected components in
the graph. The second smallest eigenvalue, known as the algebraic connectivity or Fiedler
value A, quantifies the robustness of the connected graph. A larger 4, indicates stronger
connectivity, greater robustness to link failures, and improved resilience of communica-
tion networks [1,3,10,26-29,47].

In multi-robot networks, for a connected communication graph G, the zero eigen-
value A; = 0 naturally arises from the Laplacian’s structure and represents the baseline
connectivity of the graph. The value of A2 ranges between 0 and the number of vertices
(N), and the connectivity refers to the number of vertices in the graph, if the graph is com-
pletely connected. Thus, the maximum value of A, =N, and it is obtained when the entries
(i,)) of the adjacent matrix (A) are all equal to 1; this means all possible edges are present
in it [10,28,29,47]. Figure 4 illustrates examples of robot interaction graphs with varying
levels of algebraic connectivity, demonstrating how higher values of Az correspond to
stronger and more robust communication topologies [1,15,18,19,24].

2 & = &
® » ® ® e o = *
& &
&
3 -1 -1 -1 2 -1 0 -1
3 -1 0 -1 2 -1 0 -1 b
13 -1 -1 R
L= |12 10 N I B £ P
12103 - L= L=
BV 0 -1 2 -1 0 -1 1 -1 VI
10 -1 2 10 0 1
_ =0
Ay=4 % =2 3, =058 :

Figure 4. Examples of connected graphs with varying levels of algebraic connectivity.

3.3.2. Graph-Based Motion Planning Techniques

Graph-theoretic models form the backbone of many classical and modern motion
planning techniques. Among the most prominent are cell decomposition (CD), roadmap
methods (RM) (including visibility graphs (VG) and Voronoi diagrams (VD)), and poten-
tial fields (PF). Each technique offers distinct advantages, trade-offs, and suitable applica-
tion contexts [9,11,13,14,21,26,48,49]. Our review focuses on the roadmap-based tech-
niques. Figure 5 illustrates the structure of path planning techniques.

Roadmap Methods

Roadmap (RM) methods offer a balanced and scalable framework for multi-robot
motion planning by representing the free configuration space as a graph, where the verti-
ces correspond to valid configurations and the edges denote feasible transitions
[21,25,26,49]. This abstraction enables efficient path computation using classical graph
search algorithms [21,23,25]. Roadmap methods are scalable; are well suited to environ-
ments with sparse, known obstacles; and support efficient replanning in semi-dynamic
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settings without requiring complete reconstruction of the graph [2,6,25,48-50]. Key

roadmap-based methods include:

a.

Visibility graph (VG): This is a subclass of roadmap methods that connects all pairs
of mutually visible vertices (e.g., obstacle corners and robot or goal positions) with
straight lines. It produces the shortest possible paths in a polygonal environment
[1,21,25,50,51]. However, VG has the notable drawback of often generating paths that
pass too close to the obstacles. This can be unsafe in practical applications, and it
scales poorly as the number of obstacles increases. VG is most effective when path
optimality is crucial, and the environment is static and fully understood [1,22,51].
Voronoi diagram (VD): This represents another roadmap technique that generates
paths equidistant from the closest obstacles. This approach emphasises safety by
maximising obstacle clearance, making it ideal in situations where collision risk must
be minimised (e.g., high-speed navigation or uncertain sensing) [1,14]. Though VD
paths may not be the shortest, the diagram is more scalable than VG and moderately
complex to implement. Like VG, VD is not well-suited for rapidly changing environ-
ments that require pre-computation adjustments [14,27,50]. The operations of VG
and VD are illustrated in Figure 6.

Cell-Decomposition

en
g
E
<
& (CD) Visibility Graph
= »n
S8 Roadmap (VG)
s
(]
2 S () Voronoi Diagram
2 (VD)
g Potential Fields
E (PF)
=

Figure 5. The structure of path planning techniques.

»
Ld

- X

v
w

@) Start @ Goal [l Obstacies ® Vertices == path

Visibility Graph Voronoi Diagram

Figure 6. Operations of visibility graph (VG) versus Voronoi diagram (VD) for path planning (X and

Y are the coordinates). In the VG, the dashed lines represent visibility edges connecting mutually

visible vertices while the solid lines denote the computed shortest path between the start and goal

locations. In the VD, the dashed lines represent the Voronoi roadmap (medial-axis network), and

the solid lines indicate the selected path from the start to the goal.
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VG and VD have long been foundational techniques in robot path planning for static,
well-structured environments [22,26,49,50]. However, they often exhibit limitations when
dealing with dynamic obstacles or complex, high-dimensional spaces due to their pre-compu-
tational nature and scalability constraints [14,22,26]. VG provides optimal shortest paths but
often compromises safety by routing paths too close to obstacles, which is suboptimal for prac-
tical applications where robustness is critical [14,26]. In contrast, VD prioritises safe navigation
by maximising obstacle clearance, making it more suitable for high-speed or uncertain envi-
ronments, though at the cost of path optimality [14,22,50]. These techniques are fundamentally
supported by graph-theoretic models, which facilitate planning through graph search algo-
rithms (e.g., the Dijkstra’s, A*, D¥) [10,15,24,54-60].

Graph Search Algorithms

Graph search algorithms play a central role in robot path planning, particularly within
roadmap-based and grid-based representations of the static environment. Among the most
used algorithms are Dijkstra’s and A*. Both algorithms compute shortest paths on weighted
graphs, but they differ in efficiency and heuristic guidance.

Dijkstra’s algorithm guarantees optimal solutions in graphs with non-negative edge
weights and is deterministic, making it well suited to offline planning in fully known environ-
ments [1,21,25,57-59]. In contrast, A* improves computational efficiency through heuristic
guidance but requires admissible and consistent heuristics, which can be difficult to define in
complex polygonal environments. Incremental methods such as D* are designed for dynamic
or partially known environments by updating the paths as conditions change, but they intro-
duce additional computational overhead [1,10,15,16,24,41].

In multi-robot systems, Dijkstra’s algorithm is therefore commonly preferred during of-
fline planning stages due to its robustness, simplicity, and guaranteed optimality, whereas A*
and D* are more suitable for real-time replanning in dynamic settings [1,2,4,12,25]. Since this
review focuses on offline planning in static, fully known environments and employs VG rep-
resentations, Dijkstra’s algorithm is adopted to ensure deterministic behaviour and globally
optimal path solutions, while heuristic-based and incremental methods are not considered
[1,2,15,21,25,56].

3.4. Role of Graph Theory in Multi-Robot Planning Architectures

Graph-theoretic planning offers a structured and effective framework for modelling, an-
alysing, and solving coordination and navigation problems in multi-robot systems. By ab-
stracting robots, environments, and their interactions as vertices and edges, graph-based rep-
resentations enable systematic analysis of connectivity, collision avoidance, and path optimal-
ity [1,43,52-54]. This abstraction is particularly effective for multi-robot path planning in struc-
tured and static environments. A key advantage of graph-theoretic planning lies in its modu-
larity. The environment is represented as a roadmap graph, while robot states and interactions
are incorporated as adaptable components, allowing obstacle geometry, start and goal posi-
tions, and inter-robot relationships to be modified independently [49,57]. This modular struc-
ture supports scalable and reusable planning architectures [1,2,5,53]. In addition, classical
graph search algorithms, most notably Dijkstra’s algorithm, guarantee optimal solutions in
graphs with non-negative edge weights. In roadmap-based planners such as MRPP, CA, and
OCA, this reduces continuous motion planning to a discrete shortest path problem, ensuring
optimal trajectories with respect to the underlying graph [1-3,25].

Graph-theoretic frameworks also facilitate coordination and collision avoidance by en-
coding obstacle constraints and inter-robot distances within graph structures and edge
weights [52,53]. When integrated with visibility graph representations and Laplacian-based
connectivity analysis, these methods provide a mathematically grounded and computation-
ally efficient basis for coordinated navigation [3,4,7,8,10,12,18]. Scalability and robustness are
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further enhanced through spectral graph theory, where A. quantifies network cohesion and
supports connectivity-preserving planning strategies [52-54]. In multi-robot planning, A: is
used to preserve communication connectivity and guide robot prioritisation, a capability that
is central to the MRPP framework [6,15,19,24]. Collectively, these properties establish graph
theory as a central foundation for multi-robot path planning. The reviewed MRPP, CA, and
OCA algorithms exploit visibility graph representations and spectral graph properties to en-
hance coordination, efficiency, and safety in structured and static environments.

4. Visibility-Graph-Based Planning and Algebraic Connectivity

VG-based planning provides a principled and mathematically rigorous framework for
multi-robot path planning in static and structured environments. In a VG representation, the
vertices correspond to obstacle vertices as well as the robots’ start and goal positions. The
edges represent direct line-of-sight connections that do not intersect any obstacles [1,51]. Each
edge is typically weighted by its Euclidean length, transforming the continuous motion plan-
ning problem into a discrete shortest path search on an undirected weighted graph. When
combined with exact graph search algorithms, this representation guarantees shortest path
optimality with respect to the constructed roadmap [50-52].

In multi-robot path planning, the VG-based roadmaps are particularly effective in se-
quential planning architectures, where the paths generated for the earlier robots influence the
planning space of the subsequent robots [1,52]. In this context, VG offers deterministic behav-
iour and predictable performance, which are essential for analysing coordination strategies
and optimisation criteria. The MRPP, CA, and OCA algorithms all adopt VG-based represen-
tations as their foundational roadmaps. By integrating VG geometry with connectivity-aware
coordination mechanisms, these algorithms achieve efficient, collision-free, and coordinated
motion planning across multi-robot teams.

4.1. Visibility Graph Construction and Graph-Based Representation

VG is constructed from an undirected weighted graph G = (V, E, w;;), where the vertex
set V consists of the obstacle corners together with each robot’s start and goal positions, and
the edge set E' represents the feasible straight-line connections between mutually visible ver-
tices. An edge (v;,vj) € E exists, if and only if, the line segment connecting v; and v; does
not intersect any obstacle boundary. For polygonal obstacles, vertices correspond to the obsta-
cles’ corners, and visibility edges are established between all pairs of mutually visible vertices.
In this case, the edge set can be expressed as: E = Ey; U Eyps, where Eyg denotes visibility
edges and Egys represents the obstacle boundary edges. For non-polygonal obstacles, such as
circular or curved shapes, the VG construction is adapted by approximating the obstacle
boundaries using a finite set of sampled boundary points or tangent points. In the case of cir-
cular obstacles, edges are typically formed using tangent visibility lines that connect start and
goal positions and obstacle boundaries without intersecting the obstacle interior. This ensures
that the visibility graph remains valid while preserving collision-free path planning [1,25,52].
The weighted w;; = d;; is the Euclidean distance associated with each edge, enabling short-
est path calculations using Dijkstra’s algorithm. This formulation reduces motion planning to
a graph optimisation problem while preserving geometric optimality in polygonal environ-
ments [60-64]. In multi-robot scenarios, the robots operate within a shared two-dimensional
workspace and are subject to communication constraints. The robot team can be modelled as
an undirected weighted interaction graph, where each robot position p; € R" represents a
node and the edges indicate communication or sensing relationships within a limited range.
Neighbourhood relationships are defined based on inter-robot distance, ensuring that robots
can exchange information with nearby teammates. This graph-based representation provides
a unified framework for integrating motion planning, communication awareness, and coordi-
nation constraints [1,25,52]. By combining VG roadmaps with inter-robot interaction graphs,
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planning algorithms can account for both environmental geometry and robot-to-robot rela-
tionships. This abstraction forms the basis for coordinated path planning with inter-robot
awareness, enabling scalable and structured multi-robot navigation [65-67].

4.2. Algebraic Connectivity and Collision Avoidance

Algebraic connectivity provides a critical measure for coordinating multiple robots by
quantifying the robustness of communication links within a robot network. In multi-robot
path planning, Az is particularly valuable for guiding coordination and prioritisation strategies
and for supporting reliable information exchange among the robots [15,19,24]. Collision
avoidance in practical multi-robot planning can be addressed through several complementary
mechanisms. First, the planning problem can be formulated in a higher-dimensional configu-
ration space, where each dimension represents the state of an individual robot and the colli-
sions correspond to forbidden regions [1,19,66-70]. Dijkstra’s algorithm can then be employed
to compute collision-free paths within this space. Second, prioritised planning is commonly
adopted, in which robots plan sequentially, and paths generated for higher-priority robots are
treated as dynamic obstacles for lower-priority robots, thereby reducing inter-robot conflicts
[26,68,70]. Third, algebraic connectivity supports coordination and collision avoidance by
guiding planning order and helping to prevent simultaneous conflicts in shared regions
[3,14,15,19,24].

Among the reviewed algorithms, MRPP explicitly integrates algebraic connectivity into
the planning process to sequence robots and preserve network cohesion during path genera-
tion. Although CA and OCA do not directly optimise Az, their reduced VG structures indi-
rectly influence connectivity by simplifying interaction regions and improving safety margins.
The combined use of VG and A: therefore provides both geometric optimality and coordinated
robustness, forming a strong foundation for scalable and reliable multi-robot path planning
[14,25,64,65].

4.3. Multi-Robot Path Planning Algorithm

MRPP is a graph-based framework designed to address the coordination and navigation
challenges in multi-robot systems operating within shared environments. The primary objec-
tive of MRPP is to generate collision-free and near-optimal paths for multiple robots while
preserving robust inter-robot connectivity. MRPP integrates three fundamental components:

(i) VG for modelling the environment and capturing shortest line-of-sight connections be-
tween vertices.

(i) Dijkstra’s algorithm for computing optimal paths.

(iif) Algebraic connectivity (A2) to assess and preserve communication robustness among ro-
bots.

A distinguishing feature of MRPP is its sequential planning strategy where the robots’
paths are generated individually rather than simultaneously. The planning order is deter-
mined using Az such that robots whose trajectories are more critical to maintaining overall
system connectivity are prioritised. This connectivity-aware sequencing reduces potential
conflicts and enhances coordination robustness. Once a robot’s path is computed, it is treated
as a dynamic obstacle for subsequent robots, ensuring inter-robot collision avoidance without
requiring full replanning.

To further minimise conflicts, edge weights within the graph are dynamically adjusted
based on previously planned paths, discouraging excessive overlap and promoting spatial
separation among robot trajectories. By applying Dijkstra’s algorithm on a well-constructed
VG with modified weights, MRPP guarantees the shortest feasible paths under the given con-
straints while maintaining safety. This combination enables effective coordination, collision
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avoidance, and path optimality, making MRPP a suitable framework for multi-robot naviga-
tion in complex yet structured environments.

Despite its strengths, MRPP has certain limitations, e.g., paths may pass close to obstacle
boundaries, thus potentially reducing safety margins in cluttered environments. The compu-
tational cost increases with environmental complexity and the number of robots, which may
limit scalability in highly cluttered or large-scale workspaces. In addition, as MRPP primarily
relies on offline planning, its performance may degrade in highly dynamic environments that
require frequent replanning. These limitations motivate the development of reduced-graph
approaches, such as CA and OCA, which aim to retain the strengths of MRPP while improv-
ing efficiency and safety [1,25,26].

4.4. Central Algorithm (CA)

The CA is a roadmap-based path planning approach proposed to mitigate the high com-
putational complexity associated with traditional VG methods while preserving near-optimal
path quality. Although VG-based planning guarantees shortest paths in static environments,
its computational cost grows rapidly with the number of obstacle vertices, making it less effi-
cient in densely cluttered workspaces. CA mitigates this issue by introducing a structured re-
duction of the VG through the concept of a central baseline (CB).

The CB is constructed between the start and goal positions of each robot. Only obstacles
that intersect this baseline are considered during roadmap construction. For each relevant ob-
stacle, a limited set of waypoints (W) is generated in the free configuration space surrounding
the obstacle, typically four waypoints per obstacle at strategic locations that enable safe de-
tours. This selective process results in a reduced visibility graph, significantly decreasing the
number of vertices and edges compared to a full VG. The Dijkstra algorithm is applied to
compute the shortest path. By operating on a streamlined graph, CA achieves substantial im-
provements in computational efficiency while maintaining path lengths comparable to those
produced by full VG-based planning. This makes CA particularly suitable for dense environ-
ments with spatially distributed obstacles where full VG construction is prohibitive.

Overall, CA provides an effective trade-off between optimality and efficiency. Its struc-
tured roadmap reduction makes it well suited for rapid offline planning in static environments
where computational efficiency is critical. However, because CA prioritises efficiency, the re-
sulting paths may pass closer to obstacle boundaries, leading to reduced safety margins in
highly cluttered environments. This limitation motivates the optimisation central algorithm
(OCA), which extends CA by explicitly incorporating safety distance constraints while retain-
ing its computational advantages [1,25,26].

4.5. Optimisation Central Algorithm (OCA)

The OCA algorithm is an extension of the CA algorithm that explicitly incorporates safety
considerations into the roadmap construction and path planning process. While CA primarily
focuses on reducing visibility graph complexity to improve computational efficiency, OCA
enhances this framework by introducing a safety distance Ds to ensure robust and collision-
free navigation in practical environments (Ds is defined as the average minimum allowable
distance between the robot and surrounding obstacles). OCA applies an obstacle expansion
strategy by a predefined safety margin 6. The expanded obstacles effectively shrink the free
configuration space, ensuring that any planned path maintains sufficient clearance from real
obstacles. Waypoints are then generated around the boundaries of these expanded obstacles
in the configuration space, allowing the planner to produce general and feasible solutions
across different map layouts. This contributes to smoother and more executable trajectories
while preserving safety. Dijkstra’s algorithm is employed to compute the shortest feasible path
between the start and goal positions. Despite the introduction of expanded obstacles and
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additional constraints, OCA retains the computational advantages of CA by considering only
obstacles intersecting the central baseline, thereby maintaining tractability.

Overall, OCA achieves a balanced trade-off between safety, optimality, and efficiency.
By integrating safety distance constraints and obstacle expansion, it provides a robust and
practical solution for multi-robot path planning in static, fully known environments where
reliable clearance and execution robustness are paramount [1,25,26].

5. Taxonomy of Multi-Robot Path Planning Methods

Multi-robot path planning methods can be systematically classified according to their
environmental knowledge, planning architecture, environment representation, and optimisa-
tion criteria [1,66]. In addition, this taxonomy provides a structured framework for positioning
MRPP, CA, and OCA within the broader landscape of multi-robot path planning methods,
enabling clearer comparison with alternative approaches. These methods are illustrated in

Figure 7.
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Figure 7. Taxonomy of multi-robot path planning methods: environmental knowledge, representa-

tions, architectures, and optimisation criteria.

5.1. Environmental Knowledge

Environmental knowledge refers to the extent of availability of the information about
the workspace during the planning process. In multi-robot path planning, this knowledge
can range from fully known static environments to partially known or dynamically chang-
ing settings. In practice, many multi-robot systems adopt hybrid approaches where an
offline global plan is generated using roadmap-based techniques (e.g., VG, VD) and then
refined online to accommodate dynamic obstacles or inter-robot interactions. This combi-
nation exploits the optimality and efficiency of offline graph search while retaining the
flexibility of online replanning. Consequently, integrating offline graph construction with
online adaptive control remains a promising direction for scalable and robust multi-robot
path planning.

Offline and Online Planning

Path planning approaches can broadly be divided into offline (global) and online (lo-
cal) methods, depending on whether the environment is fully known a priori or evolves
during execution [2,38]. This distinction is particularly relevant for graph-based and
roadmap-based planning frameworks. Offline planning assumes complete knowledge of
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the environment, including the obstacle geometry and robot configurations [37]. Under
this assumption, global roadmaps can be constructed and optimal paths computed prior
to execution. Such approaches are well suited to static environments and allow the use of
exact graph-based algorithms, such as Dijkstra’s algorithm, to compute shortest paths
with guaranteed optimality [38]. Roadmap-based methods, particularly VG, are therefore
widely adopted for offline planning in polygonal environments [1,51,67].

In contrast, online planning addresses partially known or dynamic environments
where the robots must update their paths during execution in response to environmental
changes [1,15,70,73]. Common approaches include D¥, potential field methods, and learn-
ing-based planners. Although these approaches enhance adaptability and real-time re-
sponsiveness, they typically forgo global optimality [27,43,59,65]. In graph-based frame-
works, online planning is often realised through incremental roadmap updates or local
replanning on a precomputed graph when new obstacles are detected [1,53,73].

5.2. Environment Representation

Environment representation determines how the workspace is modelled. It plays a
critical role in determining the efficiency and optimality of robot path planning.

5.2.1. Grid-Based Representation

Grid-based representation divides the space into a regular grid of uniform cells.
Common pathfinding algorithms include A* and D*. While straightforward and easy to
implement, it can become computationally costly in large environments due to the high
number of cells.

5.2.2. Sampling-Based Representation

Sampling-based representation configures the space using randomly generated sam-
ples. Common algorithms include probabilistic roadmap (PRM¥) and rapidly exploring
random tree (RRT*). This representation is particularly effective in high-dimensional
spaces where grid-based methods become inefficient.

5.2.3. Graph-Based (Roadmap) Representation

Graph-based representation models the environment as a graph composed of nodes
(key configurations) and edges (valid paths between them). It supports shortest path plan-
ning algorithms. Typical examples include Voronoi diagrams and visibility graphs.
Roadmap construction is a fundamental stage in graph-based path planning where the
continuous workspace is abstracted into a discrete graph that captures feasible robot mo-
tions. In an MRS operating in static environments, an effective roadmap must balance ge-
ometric accuracy with computational efficiency [1,30—43].

One of the common representations is the VG-based roadmap method [1,25]. It is
particularly effective at providing an exact geometric representation of free space in static
polygonal environments by connecting mutually visible obstacle vertices, start points, and
goal locations to form a weighted graph [21,51]. This representation enables the compu-
tation of globally shortest paths using graph search algorithms such as Dijkstra’s algo-
rithm [1,21,25,40,49,57].

5.3. Planning Architecture

The planning architecture defines how decision making and coordination are organ-
ised in multi-robot systems. Planning strategies are generally classified as centralised or
decentralised and can also be implemented using simultaneous or sequential approaches
[68,72].
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5.3.1. Centralised Planning

In central planning, a single global planner computes the paths for all robots within
the system. This approach ensures coordinated behaviour and can produce globally opti-
mal solutions. However, it suffers from high computational cost and poor scalability as
the number of robots increases.

5.3.2. Decentralised Planning

In decentralised planning, each robot independently generates its own plan using
local information. This approach improves scalability and robustness since there is no sin-
gle point of failure. However, this may lead to conflicts between robots and generally pro-
duces suboptimal solutions compared to centralised methods.

5.4. Optimisation Criteria

Optimisation criteria define the objectives guiding planning and distinguish the func-
tional priorities of different algorithms [65]. The most common criterion is path length
minimisation, which is pursued by all three algorithms reviewed. Beyond geometric op-
timality, additional criteria are incorporated to address coordination and safety require-
ments in multi-robot systems [1,25,65,70,73].

e  Path Optimality: Focuses on minimising cost metrics such as path length, travel time,
or energy consumption, typically achieved using shortest path algorithms.

e  Computational Efficiency: Aims to reduce runtime and memory usage by simplify-
ing graph structures and improving algorithmic efficiency during planning.

e  Safety and Collision Avoidance: Ensures robots maintain safe distances from obsta-
cles and from each other, preventing collisions during navigation and execution.

e  Connectivity Preservation: Maintains communication links among robots by ensur-
ing network connectivity, often evaluated using graph-theoretic measures such as
connectivity graphs or spanning structures.

5.5. Positioning of MRPP, CA, and OCA Within the Taxonomy

To contextualise the contributions of this study, the three reviewed algorithms are
positioned within the proposed taxonomy as outlined in following sections.

5.5.1. The Offline Environmental Knowledge

The MRPP, CA, and OCA algorithms operate within an offline planning framework
assuming complete and accurate prior knowledge of the environment. This allows de-
tailed VG construction and the computation of globally optimal paths before execution.
In multi-robot settings, offline planning also enables the use of Az to sequence robots and
reduce conflicts, as employed in MRPP. While offline methods provide high-quality solu-
tions in static environments, they are limited in their ability to cope with unforeseen
changes. The reliance on offline planning reflects a deliberate design choice that prioritises
optimality and coordination over responsiveness to dynamic environments [1,25].

5.5.2. Centralised Planning Architecture

In this review, all considered algorithms adopt a centralised planning framework,
where the global knowledge of the environment and robot states are available during the
planning stage. Such architectures are particularly suitable for offline planning in static
environments, as they enable the construction of complete roadmap representations and
ensure globally consistent solutions [44,57]. Centralised planning also facilitates coordi-
nation among robots, reducing the likelihood of conflicts during execution [1,33,66].
Within this framework, the algorithms differ in their architectural strategies. The MRPP
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algorithm follows a sequential planning strategy in which robots are prioritised based on
their influence on system connectivity to reduce inter-robot conflicts [1,25]. In contrast,
CA introduces a reduced VG to limit the search space and improve computational effi-
ciency, while the OCA extends CA by incorporating a safety margin to enhance collision
avoidance and robustness. These distinctions highlight how architectural choices directly
influence efficiency, safety, and scalability while retaining centralised coordination [1,26].

5.5.3. Graph-Based (VG) Representation

VG algorithms utilise VG-based roadmaps to discretise the workspace [1,25,26].
These algorithms establish an undirected weighted graph as the search space, by connect-
ing mutually visible vertices of polygonal obstacles, along with robot’s start and goal po-
sitions [1,25,26]. However, the algorithms differ substantially in their implementation of
roadmap reduction techniques and the specific criteria used to refine the resulting search
space for multi-robot coordination [1,25,43]. MRPP utilises a full visibility graph, ensuring
global optimality but at a higher computational cost in complex environments. CA re-
duces roadmap complexity by considering only obstacles intersecting a central baseline
between start and goal regions, producing a reduced visibility graph that preserves path
quality while improving efficiency. OCA further modifies the roadmap by expanding ob-
stacles in configuration space, enforcing safety distances and generating safer trajectories.
These progressive refinements demonstrate how roadmap construction directly influ-
ences efficiency, safety, and scalability in multi-robot path planning [1,25,26].

Although the algorithms differ in how the VG is constructed or reduced, they all
maintain VG as the foundational representation, ensuring consistency in path optimality
while allowing algorithm-specific optimisations [1,25,26,50-54]. This shared foundation
enables fair comparison between the algorithms as differences in performance arise from
roadmap refinement, coordination strategy, and optimisation objectives rather than from
fundamentally different environment models [1,25].

5.5.4. Dijkstra’s Algorithm: Path Search and Optimality

The MRPP, CA, and OCA algorithms utilise Dijkstra’s algorithm as their primary
pathfinding mechanism due to its deterministic behaviour and guaranteed optimality.
Once the workspace is modelled as a graph-based roadmap, the motion planning problem
is transformed into a shortest path search problem over the constructed graph. This choice
ensures that the resulting paths are mathematically optimal with respect to the underlying
graph construction and the specific design of each algorithm [1,36,60-68].

Dijkstra’s algorithm is selected for several key reasons. First, it guarantees global op-
timality in VG-based roadmaps [74]. Second, it provides a deterministic and heuristic-free
baseline, which is essential for fair evaluation of the graph construction and reduction
strategies employed by CA and OCA [1,54]. Third, it enables a clear separation between
optimal path computation and higher-level coordination mechanisms [18,25] (for exam-
ple, A>-based sequencing in MRPP, where the emphasis is placed on inter-robot coordina-
tion rather than heuristic guidance of the search process, and preservation of network
connectivity throughout the planning process [1,25,40]).

Although Dijkstra’s algorithm is computationally demanding for large graphs, in the
context of offline planning, its cost is effectively mitigated using reduced graph represen-
tations in CA and OCA. As a result, efficient computation is achieved while preserving
the optimality guarantees of the underlying path planning process.

5.5.5. Optimisation Objectives

Path length minimisation is a common objective shared by MRPP, CA, and OCA. It
is achieved through a shortest path search on the visibility graph [1,25,26]. This ensures
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that all algorithms generate efficient paths with respect to the Euclidean distance. Beyond
path length, each algorithm incorporates a distinct optimisation criterion aligned with its
design goals [40,57,74]. To ensure a consistent and objective evaluation of the algorithms,
the following performance metrics are employed.

e  Path Length (PL): This represents the total distance travelled by a robot from its start
position to its goal position. It is computed as the sum of the weights of all edges
along the planned path.

PL= 2 iyepmn Vi )

where P denotes the set of consecutive edges forming the path, and w;; is the weight of

the edge connecting vertices v; and v;, computed as the Euclidean distance between

them, i.e., w;; =llv; —v; II.

e  Arrival Time (AT;): Time to reach the goal, assuming constant robot speed (S) =1
unit/second (can be changed if needed). The arrival time for robot i is calculated as

ATy = — 2

e  Connectivity (A2): Algebraic connectivity value that posts each planning step (for
MRPP).

e  Central Baseline (CB): Reduce obstacles and generate waypoints (for CA). The effi-
ciency of CA is evaluated by measuring the reduction in obstacles and vertices con-
sidered during planning. This reduction is expressed as the central baseline reduction

(R¢p), Reg = gﬂ,where Ocp is the number of obstacles intersecting CB and Oy is
VG

the total number of obstacles in the full VG. A lower value for Rcp indicates a greater

computational saving.
e  Safety Distance (Ds): This metric represents the minimum clearance between the ro-

bot trajectory and surrounding obstacles in the OCA framework. It is defined as

Ds = B, Wi 3)

where P denotes the set of vertices along the robot path, O represents the set of obstacle
boundary points (or vertices), and w;; =ll v; — o; || is the Euclidean distance between a
path vertex v; and an obstacle point 0;, computed as

II v — 0; II= \/(Xi — Xj)z + (yl — yj)Z (4)

This formulation evaluates the distance between all path points and all obstacle
boundary points, and selects the minimum value, representing the closest approach be-
tween a robot and obstacles. In the OCA framework, a safety constraint is enforced by
ensuring that Ds is at least equal to a minimum distance. This ensures that the planned
path maintains a predefined safety margin from all obstacles.

e  Computation Time: This is the time required to compute the complete set of paths.

Figure 8 presents the taxonomy adopted in this review, positioning the MRPP, CA,
and OCA algorithms within a unified conceptual framework. The figure illustrates how
these methods diverge based on environment representation, planning architecture, and
optimisation criteria, highlighting their shared foundation in offline visibility graph con-
struction and shortest path search.
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Figure 8. Multi-robot path planning taxonomy: a comparative framework for MRPP, CA, and OCA.

To demonstrate the above-defined optimisation metrics and provide objective com-
parison, a controlled experimental evaluation was conducted. The following subsection
presents the quantitative results obtained under consistent simulation conditions.

Quantitative Performance Evaluation

To evaluate the practical performance of the MRPP, CA, and OCA algorithms, a com-
mon simulation scenario was considered, as illustrated in Figures 9-11. The environment
consists of five robots (Ri-Rs) navigating within a shared obstacle-rich workspace. Red
circles represent the robots’ initial positions, while green stars indicate the corresponding
goal locations (G;—Gs). Static obstacles are represented by grey blocks. All algorithms
were evaluated under identical initial and goal configurations, and robot velocity was as-
sumed constant (S = 1 unit/s). The simulations provide representative examples of how
each algorithm generates coordinated collision-free paths while balancing path efficiency,
safety, and computational overhead.

Path Length Assessment: The path lengths generated by each algorithm are summa-
rised in Table 2.

Table 2. Quantitative comparison of path length (m) across algorithms.

Robot MRPP CA OCA
Ri 9.70 9.05 9.04
R> 10.45 8.76 7.75
Rs 9.53 9.35 9.32
R4 8.95 6.94 6.85
Rs 10.19 8.61 8.50
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Distance Y (m)

Distance X (m)

R1: 9. 70m — R4 8 95
R2Z2: 10.45mM =—— R5 10.19m
R3: 9.53m

Figure 9. [llustrative simulation results of the application the MRPP for five robots (Ri-Rs shown as
red dots) with five goals (Gi—Gs shown as green stars). The coloured connections are the paths the
corresponding robots followed. The grey squares are the obstacles.

Distance Y (m)

S22

[a] 2 < (s 8 10
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R1: © 05m
R2: 8. 76m
R3: 29.35m

R4: & . 94m
RS 8.61m

Figure 10. Illustrative simulation results of the application the CA for five robots with five goals (the
symbols are as described in Figure 9).

Average Performance Across Robots: For N robots and individual path length PL;,
the average path length (APL) for each algorithm was computed as indicated below and
summarised in Table 3.

Table 3. Comparative arrival time analysis for MRPP, CA, and OCA algorithms.

Algorithm Average Arrival Time (s) Relative Improvement
MRPP 9.76 Baseline

CA 8.54 12.5% faster than MRPP
OCA 8.29 15.1% faster than MRPP
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OCA vs. CA — 2.9% faster than CA

Distance Y (m)

<2

o 2 < S 8 10
Distance X (m)

R1: 9 04m
— 2 7SN
R3: 9. 32m

R4:- 6. 85m
R5: 8 50m

Figure 11. Illustrative simulation results of the application the OCA for five robots with five goals
(the symbols are as described in Figure 9).

1
APL=—~%N, PL, (5)

9.70 +10.45+9.53 + 8.95 + 10.19  48.82

APLMRPP = 5 5 =976
9.05+876+9.35+694+8.61 4271
APLCA = 5 = 5 = 8.54
9.04+7.75+9.32+6.85+850 4146
APLocs = ) = =829

The percentage reduction (PR%) for two methods with path length PLa and PLs is
calculated as

APL4—APLp
APLy

PR(%) = X 100 ©6)

9.76—-8.54 1.22

Comparing CA and MRPP: PR = X 100 = == x 100 = 12.50%
9.76 9.76

9.76—8.29 1.47

Comparing OCA and MRPP: PR = ———x 100 = =— x 100 = 15.06%
9.76 9.76

8547829 10 % X 100 = 2.93%

Comparing OCA and CA: PR =

Arrival Time Analysis: To further evaluate coordination efficiency, the average arri-
val time of the robots was analysed under the same simulation conditions. Since all robots
were assumed to move with a constant velocity of S = 1 unit/s, the arrival time is directly
proportional to the travelled path length. Consequently, shorter paths correspond to ear-
lier task completion and improved mission efficiency. The average arrival time (AAT) for
each algorithm is defined as:

AAT =~ AT, (7)

where AT; denotes the arrival time of robot i, and N is the number of robots. Based on
the simulation results: AATygpp = 9.76 s, AAT;, = 8.54 s and AATyc4 = 8.29 s.
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Computation Time: To evaluate computational efficiency, the relative computation
time (CT) required for collision-free path generation was estimated for each algorithm.
These are summarised in Table 4. Computation time represents the processing overhead
prior to robot motion execution. The estimated computational characteristics of the algo-
rithms are:

e MRPP: highest computation time (connectivity maintenance + multi-robot coordina-
tion overhead).

e CA:lower computation time (centralised shortest path optimisation).

e OCA: slightly lower than CA (obstacle-aware optimisation with reduced redundant
exploration).

Table 4. A normalised comparison for computational time.

Algorithm Relative Computation Time (s) Interpretation
MRPP 2.48 Highest computational overhead
CA 1.73 Faster due to simplified central planning
OCA 1.52 Most computationally efficient

Compute Reductions: The percentage reduction in computation time (PRcr%) be-
tween two comparative architectures was evaluated using the following framework:
CTA - CTB

PR = ———x 100
cr CT,

where CT denotes the computation time required by each algorithm for path generation,
and PR represents the percentage reduction between two compared methods.

CA vs. MRPP: PRy yppp = —MREE=CTCA 5 100

CTMRPP

_ 248-1.73

= X = 30.249
PR > 48 100 = 30.24%

OCA vs. MRPP: PRoca/mppp = —MREE=CTOCA 5 10

CTMRPP

_ 2.48-1.52

= = 0
PR 548 X 100 = 38.71%

OCA VS. CA PROCA/CA = CT‘C‘IE‘;& X 100
CA

PR = 1.73 — 1.52
T 173

The estimated reductions indicate that CA significantly decreases processing over-

X 100 = 12.14%

head relative to MRPP, while OCA achieves the highest computational efficiency among
the evaluated methods. Figure 12 summarises the comparative performance of MRPP, CA,
and OCA in terms of robot trajectories, path length, arrival time, computation time, and
relative optimisation improvements under identical environmental conditions.

Comparative Synthesis and Algorithmic Trade-Offs

Building upon the quantitative results presented earlier, this section provides a com-
parative synthesis of the algorithmic trade-offs between MRPP, CA, and OCA in terms of
efficiency, arrival time, and computational complexity.
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Comparison of Robot Paths, Path Length, and Arrival Time
(5 Robots, 5 Goals - Same Environment and Initial Conditions)
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Figure 12. Comparative performance evaluation of the MRPP, CA, and OCA algorithms for five

robots under identical environmental and initial conditions.

Path Efficiency and Connectivity Preservation: The comparative path length analysis
showed that CA reduced the average path length by approximately 12.5% compared with
MRPP, while OCA achieved a greater reduction of approximately 15.1% relative to MRPP.
Furthermore, OCA improved upon CA by approximately 2.9%, indicating a more effec-
tive balance between path optimisation and obstacle-aware safety constraints. Among the
evaluated methods, OCA consistently generated the shortest paths for most robots,
demonstrating improved navigation efficiency in obstacle-rich environments. The CA ap-
proach also significantly outperformed MRPP due to its centralised optimisation strategy
and reduced graph-search complexity. In contrast, MRPP produced longer paths because
its primary objective emphasises connectivity preservation, coordinated navigation, and
deadlock avoidance rather than strict path minimisation.

The most significant improvement was observed for robot R,, where OCA reduced
the path length by approximately 26% compared with MRPP. This highlights the effec-
tiveness of obstacle-aware optimisation in reducing unnecessary detours and improving
local navigation decisions.

Arrival Time and Coordination Efficiency: Since all robots were assumed to move at
a constant velocity of S = 1 unit/s, the arrival time was directly proportional to the trav-
elled path length. Consequently, shorter trajectories resulted in faster task completion and
improved coordination efficiency. The results indicated that both CA and OCA achieved
lower average arrival times than MRPP. Specifically, CA reduced the average arrival time
by approximately 12.5%, while OCA achieved a reduction of approximately 15.1% relative
to MRPP. In addition, OCA improved the arrival time by approximately 2.9% compared
with CA. These findings confirm that the optimisation mechanisms integrated within CA
and OCA enhance mission responsiveness and coordination efficiency. Although MRPP
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provides a stronger emphasis on maintaining connectivity and coordinated motion, OCA
achieves a more balanced trade-off between safety, coordination, and rapid task comple-
tion in dense environments.

Computational Complexity and Processing Overhead: Computation time represents
the processing overhead required to generate collision-free paths before robot motion be-
gins. The comparative analysis indicated that MRPP exhibited the highest computation
time because of its continuous connectivity maintenance and coordination constraints
across multiple robots. By simplifying graph exploration through centralised optimisa-
tion, CA reduced computational overhead by approximately 30.2% compared with
MRPP. OCA achieved the lowest computation time overall, reducing computation time
by approximately 38.7% relative to MRPP and improving upon CA by approximately
12.1%. The improved computational efficiency of OCA was primarily attributed to its ob-
stacle-aware optimisation strategy and reduced redundant graph exploration, enabling
more efficient path generation while preserving coordination and safety constraints.
Overall, the results demonstrate that MRPP prioritises coordination robustness and con-
nectivity preservation, whereas CA improves computational efficiency through central-
ised optimisation. OCA provides the best overall balance between path optimality, arrival
efficiency, safety awareness, and computational performance, making it the most suitable
approach among the evaluated methods for complex and obstacle-rich multi-robot envi-
ronments.

Building upon these quantitative and structural insights, the succeeding sections pro-
vide a high-level systemic analysis evaluating how MRPP, CA, and OCA scale as fleet
dimensions expand, how they guarantee safety bounds under uncertainty, and how they
perform when translated into real-world industrial environments.

6. Review and Analysis of Graph-Based Multi-Robot Path Planning
Algorithms: MRPP, CA, and OCA

The MRPP, CA, and OCA algorithms represent three progressively refined graph-
based approaches for multi-robot path planning in structured environments. All three
methods are fundamentally based on visibility graph (VG) representations and utilise
Dijkstra’s shortest path algorithm to compute collision-free trajectories. However, they
differ in planning architecture, optimisation strategy, computational complexity, connec-
tivity preservation, and safety performance [1,5,25,26]. MRPP adopts a centralised sequen-
tial planning architecture in which robots are prioritised and planned individually. A dis-
tinguishing characteristic of MRPP is the incorporation of algebraic connectivity (4,) asa
coordination-aware metric to preserve communication and maintain network connectiv-
ity during navigation [1,7,25]. This enables robust cooperative behaviour and coordinated
movement in multi-robot environments. Nevertheless, because MRPP relies on a com-
plete visibility graph representation, the algorithm incurs relatively high computational
overhead, particularly in dense obstacle environments or large-scale robot teams.

CA improves computational efficiency by introducing a reduced visibility graph con-
structed around a central baseline trajectory [1,26]. By reducing the search space, CA de-
creases processing complexity while maintaining near-optimal path quality. Compared
with MRPP, CA achieves shorter trajectories and faster execution times; however, this im-
provement is obtained at the expense of reduced obstacle clearance and lower connectiv-
ity awareness.

OCA further extends CA by integrating obstacle-aware optimisation through config-
uration-space obstacle expansion. This mechanism introduces explicit safety distance con-
straints that maintain predefined clearance margins between robots and surrounding ob-
stacles. Consequently, OCA improves navigation robustness and enhances operational
safety in cluttered environments while retaining high computational efficiency [1,26].
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The quantitative evaluation presented in Section Quantitative Performance Evalua-
tion provides numerical evidence supporting these observations. The path length analysis
demonstrated that CA reduced the average path length by approximately 12.5% com-
pared with MRPP, whereas OCA achieved a greater reduction of approximately 15.1%. In
addition, OCA improved path efficiency by approximately 2.9% relative to CA. Similar
trends were observed in the arrival time analysis because robot velocity was assumed
constant (S = 1 unit/s). Consequently, both CA and OCA achieved faster task comple-
tion compared with MRPP.

The computation time analysis further highlighted the structural differences between
the algorithms. MRPP exhibited the highest computational overhead because of its con-
nectivity-preserving coordination mechanisms and extensive graph exploration. CA re-
duced computation time by approximately 30.2% compared with MRPP through central-
ised optimisation and reduced graph complexity. OCA achieved the best computational
performance overall, reducing computation time by approximately 38.7% relative to
MRPP and approximately 12.1% relative to CA. These improvements were achieved
through obstacle-aware optimisation and reduced redundant graph exploration.

The comparative synthesis presented earlier further demonstrates that the three al-
gorithms prioritise different operational objectives. MRPP emphasises connectivity
preservation, coordinated navigation, and robustness, making it suitable for communica-
tion-critical applications. CA provides a strong balance between path efficiency and scala-
bility through simplified centralised planning. OCA achieves the best overall balance be-
tween path optimality, computational efficiency, safety awareness, and mission respon-
siveness, making it particularly suitable for complex and obstacle-rich operational envi-
ronments.

Overall, the reviewed algorithms illustrate the fundamental trade-offs between coor-
dination robustness, computational overhead, scalability, and safety in graph-based
multi-robot path planning. Although no single approach can be considered universally
optimal, each algorithm offers complementary strengths depending on application re-
quirements and environmental constraints. The structured graph-theoretic framework
adopted by these methods provides mathematically interpretable and scalable solutions
for coordinated multi-robot navigation in static environments.

Despite these advantages, important challenges remain. The reviewed approaches
primarily rely on offline or semi-static planning assumptions, which limit adaptability in
highly dynamic and uncertain environments. Future research should therefore focus on
integrating graph-based global planning with real-time reactive navigation, decentralised
coordination, artificial intelligence techniques, and adaptive optimisation frameworks ca-
pable of handling dynamic obstacles, communication uncertainty, and large-scale hetero-
geneous robot teams.

Table 5 summarises the principal differences between MRPP, CA, and OCA in terms
of planning structure, connectivity awareness, efficiency, scalability, and safety perfor-
mance.

Table 5. Overview of key differences between MRPP, CA, and OCA algorithms.

Criteria MRPP CA OCA
VG+ obstacle ex-
B
Base Method VG + Dijkstra + Az CB + reduced pansion + Dijks-

VG + Dijkstra
tra

Collision Avoidance  Good (A2 sequence)Good (waypoints sequence) Excellent

Connectivity Aware-
y Yes No No
ness

Efficiency Moderate High High
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Path Optimality High (geometric) High (coordinated)) ?;[I?;(;E:tn;ath)
Safety Margin Low Medium High
Scalability Medium High High

6.1. Adaptability to Dynamic and Uncertain Environments

Despite their strengths, MRPP, CA, and OCA are primarily offline planners. Their
effectiveness is predicated on the assumption of complete environmental transparency.

Roadmap rigidity: The reliance on precomputed VGs makes these algorithms sensi-
tive to moving obstacles. Any change in the environment requires a partial or full recon-
struction of the graph, leading to high computational overhead and lagged responsive-
ness.

Coordination complexity: While A2 is effective for sequencing in static settings, main-
taining connectivity in dynamic scenarios requires real-time re-evaluation of the commu-
nication graph, which is mathematically intensive.

Mechanism invalidation: In rapidly changing environments, the central baseline of
CA and the obstacle expansion of OCA may become invalid. Frequent updates to these
structures often negate the efficiency gains they were designed to provide [1,6,12,15].

Comparative Analysis of Path Planning Methodologies

Beyond graph-based roadmaps, alternative paradigms such as conflict-based search
(CBS) and priority-based planning (PBP) provide optimal or scalable solutions for multi-
agent path finding (MAPF) problems [29,41]. For high-dimensional or continuous spaces,
sampling-based methods such as probabilistic roadmaps (PRM*) and rapidly exploring
random trees (RRT¥) offer asymptotic optimality and flexibility in complex environments
[49,57]. More recently, learning-based approaches, including multi-agent reinforcement
learning (MARL) and graph neural networks (GNNs), have demonstrated strong perfor-
mance in dynamic and uncertain environments due to their adaptability and data-driven
decision-making capabilities [10,82,83].

Despite their versatility, these methods often involve trade-offs between optimality,
computational efficiency, and theoretical guarantees. For instance, learning-based and
heuristic-driven approaches may sacrifice global optimality and lack formal guarantees
on safety, completeness, or coordination consistency [18,31]. Additionally, many of these
methods introduce increased computational complexity or reduced interpretability, par-
ticularly in large-scale multi-robot systems [33].

In contrast, graph-based roadmap approaches provide a structured and deterministic
framework that enables globally optimal path computation and clear coordination mech-
anisms. Recent research has increasingly focused on coordination, communication effi-
ciency, and safety-aware planning in multi-robot systems, reinforcing the importance of
connectivity-aware metrics such as Az [2,6,7,24,33,36]. These developments align with the
design principles of MRPP, CA, and OCA. This study focuses on such methods because
they prioritise optimality, computational tractability, and coordination accuracy over re-
active adaptability [1,25]. While the above analysis focuses on algorithmic design and per-
formance, it is equally important to understand how these methods can be supported by
modern technological frameworks and implemented in practical systems. These issues are
summarised in Table 6.

Table 6. Comparative analysis of multi-robot path planning method classes and their key charac-

teristics. RRT* and PRM* denote the asymptotically optimal extensions of the original RRT (rapidly
exploring random tree) and PRM probabilistic roadmap) algorithms, respectively. The asterisk (*)
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indicates asymptotic optimality, meaning that the solution converges toward the optimal path as

the number of samples increases.

Method Class Exan-lple Strengths Limitations
Algorithms
Limi . ;
Graph-based MRPP, CA, OCA Structured, optimal paths 1m.1ted in dynamic
environments
. . . High computational
MAPF CBS, PBP Optimal, conflict resolution cost

Not ideal for multi-

Sampling-based RRT*, PRM* o
agent coordination

Good for continuous spaces

Adaptive, handles uncer- Training complexity,

Learning-based MARL, GNN )
tainty lack of guarantees

6.2. Technological Context and Implementation Considerations

In addition to algorithmic analysis, understanding the technological context and im-
plementation platforms is essential for evaluating the practical applicability of multi-robot
path planning methods. It should be noted that this section provides a conceptual discus-
sion of implementation considerations, rather than reporting real-world experimental de-
ployment [75-77]. MRPP is typically associated with simulation platforms such as ROS,
Gazebo, and Webots, which enable controlled testing and validation prior to potential
real-world deployment. CA is conceptually linked to cloud robotics or digital twin plat-
forms that can support applications such as smart factories, logistics systems, and coordi-
nated warehouse operations [78-80]. OCA is considered suitable for large-scale autono-
mous fleets operating in dynamic or cluttered environments, where enhanced robustness,
safety, and operational efficiency are required [81-83].

Figure 13 provides a structured visualisation of the technological context and imple-
mentation considerations for these algorithms across multiple layers, including algo-
rithms, key technologies and methods, implementation platforms, and applications.

Algorithms

¢ L @
—( Patn Computation —

Core Technologies & Methods
Visibility Graphs (VG)
Dijkstra’s Algorithm —» Algorithm
Algerbaic Connectivity (Az)

Optimisation & Al Techniques — Method
I ~—» Platform

Implementation Platforms
e, ; |

: Trade-offs:
Simulation Platforms e « MRPP = High
Cloud Robotics / Al-Based Framewarks 4
, high
(ROS, Gazebo, Webots) | pyicica) Twin Systems (GNN, Reineftement | | """ Nigh <05
Learning * CA = Efficient,
I reduced VG
R [— * OCA = High safety
J [ Deployment ] margin, scalable

Industrial Robotics

Smart Warehouses
Logistics Systems
Healthcare & Smart Homes

]

(Applications)
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Figure 13. Structured framework illustrating the relationship between MRPP, CA, and OCA algo-
rithms, their underlying graph-based methods, implementation platforms, and application do-

mains.

Figure 13 highlights the interaction between the algorithm’s design, enabling tech-
nologies, and deployment environments, including emerging applications such as assis-
tive robotics. As illustrated, MRPP, CA, and OCA are connected to core technologies such
as visibility graphs, Dijkstra’s algorithm, algebraic connectivity (A2), and optimisation and
artificial intelligence (AI) techniques that form the foundation for path computation.
These methods are conceptually mapped to implementation platforms, including simula-
tion environments, cloud robotics and digital twin systems, and Al-based frameworks
[75,78,81]. In this context, MRPP emphasises connectivity maintenance within simulation-
based environments, CA balances computational efficiency with centralised coordination
via cloud or digital twin platforms, and OCA leverages Al and optimisation frameworks
to support scalable and robust deployment [75,78,81,82]. This structured representation
underscores the importance of aligning algorithm selection with application require-
ments, operational constraints, and deployment scenarios in multi-robot path planning.
By situating MRPP, CA, and OCA within their technological and implementation con-
texts, researchers and practitioners can more effectively evaluate deployment strategies,
identify computational bottlenecks, and guide future developments toward practical ap-
plications [81-83].

These considerations highlight the importance of selecting appropriate technological
frameworks to ensure that path planning algorithms can effectively meet real-world re-
quirements in terms of scalability, safety, and coordination. Furthermore, Table 7 summa-
rises the key characteristics of MRPP, CA, and OCA, including their core technologies,
implementation platforms, and primary advantages in multi-robot path planning.

Table 7. Comparisons of MRPP, CA, and OCA in terms of core technologies, implementation plat-

forms, and key advantages.

Core Technol- Implementation Plat-
Algorithm Key Role/Advantage
5 ogy/Method form (Conceptual) y 5
Computes optimal paths
ROS (Robot Operating P . P P
g for multiple robots; ena-
Visibility graphs System); Gazebo and . L.
. p . ) bles basic coordination in
(VG); Dijkstra’s algo- Webots simulation plat- .
MRPP . . . structured environments;
rithm; graph-based  forms; industrial autono- . .
. . . supports collision avoid-
path planning mous mobile robot envi-
ance through path reser-
ronments .
vation
Centralised coordina- . Ensures global coordina-
. Cloud robotics frame- .
tion; shortest path al- . . tion; improves system-
. . works; digital twin plat- . - .
gorithms (Dijkstra); wide efficiency; suitable
CA ) .. forms; warehouse robot
algebraic connectivity for moderate-scale robot
. fleet management sys- . .
(A2) for sequencing teams with centralised
. tems
and ordering control
Enhances scalability and
Centralised optimisa- ROS integrated with Y
. S . safety compared to CA; re-
tion; multi-objective cloud/offboard computa- .
optimisation (e tion; graph neural net duces collisions and con-
OCA P & - &P gestion; optimises perfor-

task efficiency and ~ work (GNN) or rein-
safety); A>-based ei- forcement learning (RL)-
genvalue sequencing; based simulation; smart

mance metrics such as
time, energy, and task
completion
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integration with factory and logistics plat-
Al/heuristics forms

In summary, the applicability of MRPP, CA, and OCA is closely associated with the
availability of appropriate technological frameworks, including simulation environments,
cloud robotics, digital twin systems, and Al-based platforms. These technologies play a
critical role in enabling the transition from theoretical models to practical deployment.
Future research should therefore focus not only on algorithmic improvements but also on
the integration of these methods within suitable implementation infrastructures to en-
hance real-time performance, scalability, and system reliability [10,16,18,40,85].

6.3. Robotics and Assistive Technology Applications

Building upon the technological context discussed in Section 6.1, these implementa-
tion frameworks enable the deployment of multi-robot systems in various real-world do-
mains. An important and emerging application area is assistive robotics, where safe and
reliable navigation is critical. In addition to industrial and logistics domains, multi-robot
path planning plays an increasingly important role in assistive technology domains. As-
sistive robotics focus on systems that support individuals with disabilities, elderly users,
or patients in healthcare environments, improving independence and quality of life. Mo-
bile assistive robots are widely used for tasks such as navigation assistance, object deliv-
ery, and daily activity support within indoor environments. For example, service robots
and intelligent wheelchairs rely on autonomous navigation and obstacle avoidance to
safely interact with users and operate in human-centred spaces. These systems require
robust path planning to ensure safety, reliability, and efficiency in dynamic and uncertain
environments.

Assistive robots can operate in healthcare and domestic settings to perform tasks
such as medication delivery, patient monitoring, and mobility assistance. In such applica-
tions, path planning algorithms must account for human presence, unpredictable obsta-
cles, and strict safety constraints. Techniques based on graph representations and shortest
path computation provide structured and interpretable solutions, making them suitable
for safety-critical environments. Although most current assistive systems rely on single-
robot architectures, the integration of multi-robot systems presents promising opportuni-
ties. Examples include coordinated robotic assistants in hospitals, distributed service ro-
bots in smart homes, and collaborative rehabilitation systems. In this context, the algo-
rithms reviewed in this paper (MRPP, CA, and OCA) can be conceptually extended to
support coordinated navigation, task allocation, and collision avoidance among multiple
assistive agents.

Overall, the applications of multi-robot path planning in assistive technologies high-
lights the importance of safety, adaptability, and human-aware navigation, reinforcing
the need for scalable and robust planning strategies in real-world environments.

6.4. Limitations of the Study
This study has some limitations.

e  The study focused only on graph-based visibility graph methods (MRPP, CA, OCA),
so other approaches like RRT* and learning-based methods were not quantitatively
evaluated.

e  The results were based on controlled simulations and did not fully reflect real-world
uncertainties such as noise, delays, or dynamic obstacles.

e  All methods assumed offline planning with full environment knowledge, limiting
real-time adaptability.
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e No formal statistical testing was performed, so results showed trends but not statis-
tical significance.

. The implementation remained theoretical, without real-world or hardware valida-
tion.

e  The comparison framework was partly shaped by the selected algorithms, which
may introduce bias toward graph-based centralised methods.

e  While these limitations exist, the proposed algorithms remain promising, demon-
strating consistent performance improvements and strong potential for efficient
multi-robot path planning within the visibility graph framework.

7. Conclusions and Future Research Directions

This review presented a structured analysis of graph-based multi-robot path plan-
ning methods, with a particular focus on MRPP, CA, and OCA. By examining their plan-
ning architectures, optimisation criteria, and performance trade-offs, the study demon-
strated how VG representations, combined with classical graph search techniques and
connectivity-aware metrics, enable effective coordination, computational efficiency, and
collision avoidance in structured environments [1,25]. While MRPP prioritises connectiv-
ity preservation through Az-based coordination, CA and OCA progressively improve
computational efficiency and safety, reflecting an evolution toward more scalable and ro-
bust planning strategies.

Despite the strong theoretical foundation provided by visibility graphs, their practi-
cal effectiveness remains dependent on specific optimisation objectives and system con-
straints. Key challenges persist in scalability, particularly in large-scale multi-robot sys-
tems, and in adaptability to dynamic and uncertain environments. Addressing these lim-
itations requires the development of planning frameworks capable of producing near-op-
timal solutions with reduced computational overhead while maintaining coordination
and safety guarantees [2,9,33].

Recent research trends indicate a growing shift toward hybrid and intelligent navi-
gation frameworks that combine global path planning with local reactive control, enabling
improved responsiveness to dynamic obstacles and environmental uncertainty [10,16,36].
In addition, emerging approaches based on learning and distributed optimisation are in-
creasingly being explored to enhance adaptability, scalability, and communication effi-
ciency in multi-robot systems [7,18,24].

Future research should therefore focus on integrating graph-based planning with
adaptive and data-driven methods, improving real-time performance, and ensuring ro-
bustness under communication constraints. Furthermore, the incorporation of modern
technological frameworks, such as cloud robotics, digital twins, and advanced simulation
platforms, offers promising opportunities for validating and deploying these algorithms
in real-world applications.

Overall, achieving reliable and scalable multi-robot path planning requires a holistic
approach that aligns algorithmic design, enabling technologies, and application-specific
requirements. This integrated perspective is essential for advancing the practical deploy-
ment of multi-robot systems across diverse and complex operational domains.
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Abbreviations

The following abbreviations are used in this manuscript:

CA Central algorithm

CB Central baseline

MRPP Multi-robot path planning algorithm
MRS Multi-robotic systems

OCA Optimisation central algorithm
PL Path length

PRM Probabilistic road map

RM Roadmap

RRT Rapidly exploring random tree
ual User graphic interface

VD Voronoi diagram

VG Visibility graph
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