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Abstract 

A comprehensive analysis of three graph-theoretic path planning algorithms designed for 
multi-robotic systems (MRS) was undertaken. The algorithms were the multi-robot path 
planning algorithm (MRPP), central algorithm (CA), and the optimisation central algo-
rithm (OCA). The primary objective of these algorithms is to enhance path optimality, 
mitigate computational complexity, and ensure robust inter-robot collision avoidance. 
The MRPP is a composite approach integrating the visibility graph (VG) for path genera-
tion. The CA, derived from VG principles, utilises a central baseline (CB) approach to re-
duce vertex count, thereby decreasing computational cost while maintaining path effi-
ciency. The OCA extends CA by integrating obstacle expansion and safety margins to en-
hance collision avoidance and path optimisation. Comparative analysis through simula-
tions in 2D polygonal environments compared the performance of these algorithms, con-
sidering their computational efficiency, path optimisation, and collision avoidance. CA 
and OCA demonstrated significant improvement over the VG-based approach, especially 
concerning optimality and optimisation. CA reduced the average path length by 4.3% 
compared with MRPP, while OCA achieved a 6.8% reduction over MRPP, and 2.5% over 
CA, demonstrating its superior balance between optimality and efficiency. MRPP offers 
robust connectivity, making it preferable in scenarios where communication is critical. 
The study’s findings assist in devising MPRPP solutions. 

Keywords: multi-robot path planning algorithms; visibility graph; graph Laplacian; 
Dijkstra’s algorithm; central algorithm; optimisation central algorithm; multi-robotic  
collision avoidance, robotics navigation 
 

1. Introduction 
Multi-Robot Systems (MRS) have emerged as a cornerstone of modern autonomous 

technologies, enabling coordinated and distributed operations across the industrial, envi-
ronmental, and service sectors. Compared with single-robotic environments, robot teams 
can have superior performance, robustness, and fault tolerance, particularly in applica-
tions such as surveillance, logistics, and exploration [1,2]. Robotic path planning and nav-
igation in complex environments pose significant challenges. These necessitate advanced 
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navigation approaches that balance optimality, efficiency, and scalability, and algorithms 
that generate collision-free paths while maintaining inter-robot communication and coor-
dination [1,3]. The realisation of this balance is crucial for achieving the full potential of 
cooperative robotics in complex, real-world applications [2,4]. Path planning is a core op-
eration in MRS. It involves determining an optimal trajectory from the robot’s start posi-
tion to its destination while avoiding static and dynamic obstacles [2,5]. The diverse fam-
ilies of path planning techniques and graph-theoretic roadmap methods, notably the Vis-
ibility Graph (VG) and Voronoi Diagram (VD) methods, remain foundational for naviga-
tion in polygonal 2D workspaces [3,5,6]. The VG approach connects all pairs of vertices 
that are mutually visible within a polygonal workspace, producing the shortest Euclidean 
paths [3]. Although this property guarantees global optimality in terms of path length, it 
also restricts the robots from operating with narrow clearance margins, thus leading to 
potentially unsafe navigation [4]. Conversely, the VD approach constructs paths that are 
equidistant from nearby obstacles, prioritising safety over absolute optimality [3,5]. These 
approaches provide explicit geometric structure, enabling efficient computation of paths 
using graph-search algorithms such as Dijkstra’s and A*. Among the most reliable meth-
ods is Dijkstra’s algorithm, which iteratively determines the shortest path between nodes 
in a weighted graph, where the edge weights denote associated traversal costs [3,4,7]. In 
multi-robot contexts, the sequential application of Dijkstra’s algorithm enables each robot 
to compute the shortest path under the current graph constraints, including reserved or 
re-weighted edges representing previously planned robots. This approach guarantees in-
dividual path optimality and completeness in static environments with a fixed graph rep-
resentation. However, since the method follows a decoupled planning strategy, optimal-
ity is ensured only at the individual robot level. It does not guarantee the global optimality 
of the entire multi-robot system with respect to collective performance metrics such as 
total path length or overall coordination cost, which would require joint optimisation over 
the composite state space [3,8]. However, algorithms such as A* and D* accelerate path 
planning by guiding the search toward the robot’s destination using heuristic estimates 
[3]. When an admissible and consistent heuristic is employed, A* guarantees optimality 
equivalent to Dijkstra’s algorithm while typically reducing the number of explored nodes 
[7]. Therefore, a heuristic-based search does not inherently compromise shortest-path op-
timality. 

In this study, Dijkstra’s algorithm was selected instead of A* to maintain a heuristic-
independent baseline within the visibility graph framework. Since all evaluated algo-
rithms (MRPP, CA, and OCA) share the same underlying graph representation, using 
Dijkstra ensured that performance differences arose solely from coordination strategy and 
obstacle treatment, rather than from heuristic guidance. This choice enabled a controlled 
and consistent comparative analysis. Accordingly, the multi-robot motion planning prob-
lem is formulated as the computation of the shortest and most collision-aware paths on a 
structured graph representation, ensuring individual path optimality under the given 
constraints [1,3,7]. 

Graph-based algorithms, particularly the VG algorithm, have been widely adopted 
due to their ability to yield globally optimal paths. However, VG’s computational expense 
and sensitivity to obstacle density have proved challenging, as its derived paths often pass 
very close to obstacles. This compromises safety margins during physical implementation 
[5,7,9]. To mitigate this, spectral graph theory has been incorporated into planning frame-
works, introducing the algebraic connectivity (λ2) of the graph Laplacian as a quantitative 
measure of network robustness and inter-robot coordination [10–12]. This metric provides 
a valuable basis for maintaining network connectivity while guiding sequential path plan-
ning among robots. Recent developments in multi-robot planning have explored the inte-
gration of geometric, spectral, and optimisation-based methods to achieve a balance of 
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safety, computational efficiency, and path quality [12,13]. Building upon these founda-
tions, this article provides a comprehensive analysis of three graph-based multi-robot 
path planning algorithms, i.e., MRPP [3,10], CA, and OCA [3,14]. Each algorithm repre-
sents a different operational philosophy and trade-off among optimality, connectivity 
preservation, and safety, and all aim to enhance path planning efficiency while retaining 
VG’s optimality properties. MRPP integrates VG construction, λ2-based sequencing, and 
Dijkstra’s algorithm to prioritise both global optimality and network coherence through-
out the mission. CA introduces the central baseline (CB) concept to simplify obstacle rep-
resentation and reduce computational complexity. OCA extends CA, incorporating adap-
tive weighting and obstacle expansion techniques to enhance safety and maintain feasible 
trajectories. Each algorithm reflects a different balance between path optimality, compu-
tational efficiency, and safety, making it suitable for a specific operational scenario in ro-
botics. 

Recent survey studies, including Bui (2023) [9], have emphasised the growing need 
for hybrid geometric spectral approaches that integrate classical roadmap-based planning 
with connectivity-aware coordination metrics in multi-robot systems (MRS). In particular, 
the survey highlighted the limited number of unified comparative evaluations that sys-
tematically analyse how geometric shortest-path methods could be combined with spec-
tral graph metrics to balance optimality, safety, and coordination performance. 

The present work directly addresses this important gap by integrating visibility 
graph (VG)-based shortest-path planning (VG + Dijkstra) with algebraic connectivity (λ2) 
for coordination-aware sequencing, and by comparatively evaluating three structured 
variants (MRPP, CA, and OCA) under a consistent graph-theoretic framework. Although 
this study focuses on static environments, it significantly contributes toward the hybrid 
geometric–spectral direction identified in [9] and establishes a foundation for future ex-
tensions to dynamic multi-robot systems. Therefore, this article contributes by providing 
a unified and in-depth analysis of three graph-based multi-robot path planning algo-
rithms (MRPP, CA, OCA), outlining their algorithmic principles and operational differ-
ences. A rigorous comparative evaluations of the three algorithms were undertaken, 
demonstrating the trade-offs between their connectivity, computational efficiency, and 
collision avoidance. The study presents the first systematic integration of VG geometry, 
algebraic connectivity, and safety-weighted optimisation within a unified comparative 
evaluation framework. The results demonstrated that λ2-based sequencing effectively pre-
serves inter-robot connectivity, a capability at which the MRPP excels. Furthermore, the 
influence of the central baseline (CB) on path quality and computational efficiency was 
rigorously analysed, revealing that the CA achieves a significant reduction in runtime 
through targeted graph simplification. Finally, a safety-distance obstacle expansion model 
was introduced to enhance collision avoidance, enabling the OCA to outperform both 
MRPP and CA by jointly achieving improved safety margins and path efficiency. 

The selection of MRPP, CA, and OCA was driven by the objective of evaluating struc-
tured improvements within roadmap-based, graph-theoretic multi-robot path planning. 
These algorithms share a common VG foundation but differ in coordination strategy and 
obstacle treatment. MRPP incorporates algebraic connectivity (λ2) for sequencing, CA in-
troduces obstacle reduction for computational efficiency, and OCA enhances safety 
through obstacle expansion. This progression enables a controlled comparative analysis 
within a consistent methodological framework, allowing performance trade-offs to be ex-
amined without introducing paradigm-level variability. 

The remainder of this article is organised as follows: In Section 2, the related literature 
on roadmap-based planning and algebraic graph theory is reviewed. Section 3 details the 
designs and operations of the MRPP, CA and OCA. Section 4 presents the results, simu-
lation configurations, and comparative performance analyses. Section 5 discusses the 
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findings, their implications, and future work, and Section 6 provides the conclusions. To 
ensure completeness of the article and ease of adaptation of the algorithms by the readers, 
the operations of the three MRPPs are included in Appendix A. 

2. Literature Review 
In this section, the related literature is reviewed. 

2.1. Path Planning Workspace Modelling 

Path planners for robots require detailed information describing the operational en-
vironment, including the obstacles’ locations and workspace’s characteristics (i.e., free 
space versus restricted areas). These influence the robot’s mobility through the traversa-
bility, costs, and weights associated with regions, representing penalties for risks, energy 
use, or uncertainty. Path planning considerations depend on how robots interact with 
their environment [3,15]. In many cases, it is sufficient to minimise the path length while 
distinguishing traversable from non-traversable regions; however, each robot’s steering, 
dynamics, and motion constraints must also be considered [15–17]. 

2.1.1. Workspace Representation and Modelling 

Workspace modelling and representation are important in robotic path planning be-
cause they directly influence the feasibility and efficiency of computed trajectories. Two 
levels of representation are typically considered: (i) the geometric workspace, which de-
scribes physical boundaries and obstacle geometry, and (ii) the configuration space (C-
space), which embeds the robot’s size, shape, and kinematic constraints [3,15,16]. Some 
path planning algorithms require the construction of a graph that represents the robot’s 
environment. Graph-based representations have long served as the foundation for robotic 
motion planning because they offer a structured and mathematically tractable framework 
for modelling spatial representations between free workspaces. This is characteristic of 
graph-search strategies within the configuration-space (C-space) search category [15,18]. 
In C-space modelling, obstacles in the geometric workspace are expanded by the robot’s 
geometry to form C-space obstacles. This simplifies collision checking by allowing feasi-
bility to be evaluated using the robot’s reference point [15,19–22]. The resulting free con-
figuration space is defined as 𝑊free = 𝑅ଶ ∖ሪ 𝑂௜௜ , where 𝑊free  represents all points not oc-
cupied by the obstacles, R2 denotes the two-dimensional Euclidean plane representing the 
robots’ possible positions, and ሪ 𝑂௜ ௜  is the union of all obstacle regions [3,10]. 

2.1.2. Roadmap-Based Planning 

Path planning in robotics involves determining an efficient, collision-free path from 
start to goal positions while navigating an environment that may include static or dy-
namic obstacles. Various algorithmic strategies have been developed to achieve this task 
[10,21]. In roadmap-based approaches, the environment is abstracted into a graph G = (V, 
E), where the vertices (V) represent reachable waypoints and the edges (E) denote feasible, 
traversable paths between them. Each vertex represents a feasible robot state, while each 
edge denotes a valid transition between states [10,15,23–25]. This representation captures 
both the structure of the configuration space and the allowable robot motions, ensuring 
that any resulting path is kinematically feasible when using graph-search algorithms. 
Roadmap-based planning is especially well-suited to environments with polygonal obsta-
cles, where geometric relationships can be exploited to reduce computational complexity. 
Then, path planning becomes a graph-search problem, in which the goal is to determine 
the sequence of edges minimising a cost function, typically distance or time [10,18,22–25]. 
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Depending on the planning strategy, the workspace may be represented continu-
ously or discretised into a graph structure such as a visibility graph (VG). Continuous 
models preserve geometric fidelity, while graph-based models enable efficient searching 
using algorithms such as Dijkstra’s. The algorithms presented in this article leverage 
roadmap structures to generate efficient, collision-free paths while integrating multi-robot 
connectivity constraints. 

2.2. Graph-Theoretic Foundations for Path Planning Algorithms 

Graph-theoretic representations form the basis for many classical and modern path 
planning algorithms in robotics. By abstracting the workspace into a set of discrete states 
and transitions, graphs provide a mathematically structured framework for reasoning 
about connectivity, optimality, and obstacle avoidance. In addition, graph-theoretic ap-
proaches offer several critical benefits that make them highly suitable for solving coordi-
nation, communication, and planning problems in Multi-Robot Systems (MRS) 
[3,10,15,22–25]. The advantages of Graph-Theoretic Planning in MRS include: 

• Modularity: One of the primary strengths of graph-theoretic models lies in their mod-
ular structure. Robots, environments, and tasks can be independently represented 
and then integrated into a composite system graph, supporting flexible adaptation 
and reusability [3,6,13,26]. 

• Optimality: Classical algorithms such as Dijkstra’s guarantee the shortest path solu-
tions in weighted graphs. This is essential for mission-critical operations in static en-
vironments [25,27,28]. 

• Scalability: Spectral graph theory enables performance and robustness analysis in 
large-scale MRS using tools like the Laplacian matrix and algebraic connectivity, sup-
porting scalable control and communication frameworks [11,26,29–31]. 

• Extensibility: Graph-theoretic frameworks are inherently compatible with distrib-
uted artificial intelligence (AI) paradigms, including consensus algorithms, reinforce-
ment learning, and network control. This extensibility supports decentralised deci-
sion-making, dynamic task allocation, and formation control across heterogeneous 
robot teams [32–36]. 

These properties collectively highlight graph theory as a versatile and powerful back-
bone for the design, analysis, and deployment of multi-robot systems across diverse en-
vironments. The following sections provide a review of the main graph-theoretic concepts 
relevant to the algorithms developed in this study, including visibility graphs, shortest-
path search, and connectivity measures [3,10,15,22]. 

2.2.1. Visibility Graphs 

A full VG is generated for the environment, including: all polygonal obstacle vertices, 
the start and goal positions of each robot Ri, and additional intermediate vertices where 
direct line-of-sight is available. Each robot’s start (𝑠௜) and goal (𝑔௜) are included as vertices 
in the VG. Visibility edges  𝑒௜ = (𝑣௜ , 𝑣௝)   are constructed whenever the line segment 
((𝑣௜𝑣௝), i.e., distance between i and j) does not intersect any obstacle [10,16,17]. 

Construction of the Visibility Graph 

The VG method used for multi-robot path planning is described as an undirected 
weighted graph 𝐺 = (𝑉,𝐸,𝑊ா), where 𝑉 = ሼ𝑣ଵ,𝑣ଶ, … . . 𝑣௡ሽ, is the set of vertices represent-
ing the configurations of the robots, as well as the starting points and endpoints of the 
robots’ movements. V is defined as the set of all ordered pairs, (𝑣௜,𝑣௝), where both 𝑣𝑖 and 𝑣𝑗 are the elements of V, where ൛(𝑣௜ ,𝑣௝൯, 𝑣௜,𝑣௝ ∈ 𝑉}. 𝐸 = ሼ𝑒ଵ, 𝑒ଶ, … , 𝑒௡}, is a set of edges rep-
resenting the paths between the vertices. E is a subset of all possible ordered pairs of 
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vertices from V [10,24]. Each edge 𝑒௜ = (𝑣௜ , 𝑣௝) in E represents a connection from vertex 𝑣௜  to vertex 𝑣௝ . This framework is fundamental to defining the structure of directed 
graphs; where the direction of the edge is significant, 𝑒௜௝ , 𝑖 ≠ 𝑗, exists between the vertices 
if robot n (i.e., Rn) interacts with robot m (i.e., Rm). This means two robots can communicate 
only if they are within communication distance of each other. In addition, the presence of 
the edge 𝑒௜௝ refers to the presence of the edge 𝑒௝௜. Therefore, 𝑒௜௝ = 𝑒௝௜ signifies that the 
edge is mutual and directionless. This characteristic is fundamental to undirected graphs, 
where the edges do not have a specific direction. 𝑊ா  is a function that assigns weights 
(i.e., path length) to each edge in E. This notation is valuable in problems involving 
weighted graphs, such as finding the shortest path [3,10,18,19]. Edges join all pairs of mu-
tually visible nodes and the edges of obstacles [10,24]. 𝑊ா = {𝑤௜௝|(𝑖, 𝑗) ∈ 𝑉} , 𝑤௜௝  = 0, if (𝑖, 𝑗) ∉ 𝐸,𝑎𝑛𝑑 𝑤௜௝ > 0 otherwise. If we consider a team of n robots, the set of neighbours 
of the ith robot can be defined as 𝑛௜ = {𝑗 ∈ 𝑉, 𝑗 ≠ 𝑖|𝑒௜,௝ ∈ 𝐸}, representing all the robots 
that can communicate with it. Hence, each robot is assumed to be able to interchange data 
with its neighbours [10,23,24]. VG constructs edges between two vertices when there is a 
direct line of sight between them, meaning that the line connecting the vertices does not 
intersect any obstacle in the environment. This guarantees optimal path lengths that are 
obstacle-free [20,24]. The weights of an edge represent the Euclidean distances between 
its vertices [21,24]. 

2.2.2. Shortest Path Search: Dijkstra’s Algorithm 

Once the VG is constructed, path planning can be formulated as a shortest-path prob-
lem [25,37]. Dijkstra’s algorithm efficiently computes the shortest paths based on the 
weighted edges [3,10,22,24]. Given a graph 𝐺 = (𝑉,𝐸)  and a weighted function 𝑤௜,௜ାଵ, 
Dijkstra’s algorithm finds the minimum cost sequence of vertices connecting a start vertex 𝑠 to a goal vertex 𝑔  as 

𝑊෡ = arg 𝑚𝑖𝑛௉ୀ(௪బ,…,௪೙)  ∑ 𝑤 ௪೔௪೔శభ௡௜ୀଵ ,𝑎𝑛𝑑 ൝ 𝑤଴ = 𝑠𝑤௡ = 𝑔𝑤௜𝑤௜ାଵ ∈ 𝐸  (1)

The term 𝑎𝑟𝑔 refers to the argument (of path 𝑃) that provides this minimum value, 
and the 𝑚𝑖𝑛 term refers to the minimum value of the cost. The optimal path 𝑊 ෢  is the 
sequence of waypoints 𝑃 = (𝑤଴,𝑤ଵ, … ,𝑤௡) that minimises the total distances of all edges 
along the path, where 𝑤௜ is waypoint 𝑖. The term 𝑤 ௪೔௪೔శభ is the weight (distance) be-
tween consecutive waypoints 𝑤௜   and 𝑤௜ାଵ. 𝑛 is the number of edges along the path. In 
this work, Dijkstra’s algorithm was used for the three path planning algorithms (i.e., 
MRPP, CA, and OCA) to compute the robots’ trajectories across reduced or full visibility 
graphs. 

2.2.3. Algebraic Connectivity and Laplacian Graph in Multi-Robot Systems 

Recent advances in spectral graph theory have introduced tools to analyse and opti-
mise network connectivity in multi-robot systems (MRS). The Laplacian graph, 𝐿 = 𝐷 −𝐴, 𝐿 ∈ 𝑅௡×௡ is the weighted matrix which combines the diagonal matrix D and the adja-
cency matrix A. It captures the essential topological properties of a communication or vis-
ibility graph. In an adjacency matrix in a weighted graph, ∈  ℝⁿˣⁿ is defined as  𝐴௜௝ =  𝑤௜௝ = ൜𝑎௜௝  > 0 𝑖𝑓 𝑗 ∈ 𝑁௜ 0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒  (2)

where wᵢⱼ represents the weight on the edge between nodes  𝑖 and 𝑗, such as Euclidean 
distance or communication cost, and 𝑤௜௝ = 𝑤௝௜ signifies that the edge is mutual and di-
rectionless, element 𝑎௜௝ is defined as the positive edge weight between robots 𝑖  and j 

when a direct connection exists, and it is zero otherwise. The neighbour  𝑁௜ consists of all 
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nodes that share an edge with node 𝑖. It is defined as the set of nodes 𝑗 for which the edge (𝑖, 𝑗)  belongs to the edge set 𝐸  of the graph, 𝑁௜ = { 𝑗 ∣ (𝑖, 𝑗) ∈ 𝐸 } [15]. D is a diagonal 
matrix with each entry 𝑑ᵢᵢ equals the sum of the weights of edges incident on node 𝑖, i.e.,  𝑑௜௜ =  ∑ 𝑎௜௝௡௜ୀଵ   (3)

The weighted diagonal matrix plays a fundamental role in distributed coordination 
and consensus-based algorithms, as it directly contributes to the construction of the La-
placian graph and the evaluation of network connectivity [18]. 

The eigenvalues of the Laplacian matrix are 𝜆௜ of 𝐿 where  𝜆௜ = {𝜆ଵ, 𝜆ଶ, … . , 𝜆௡}. The 
manner in which the graph Laplacian is defined is that the smallest eigenvalue, 𝜆ଵ, is al-
ways zero. The key reason is that each row of 𝐿 sums to zero. Consequently, this implies 
that the all-ones vector,  1 = [1,1, … ,1]் , is the eigenvector of 𝐿  associated with the ei-
genvalue 0, such that L1 = 0, hence, 𝜆ଵ = 0. The zero eigenvalue corresponds to a constant 
eigenvector across the graph. This reflects the property that the Laplacian operator 
measures the differences between adjacent nodes; if all node values are equal, there is no 
difference, so the result is zero. 

Connectivity insight: The multiplicity of the zero eigenvalue equals the number of 
connected components in the graph. If the graph is connected, it has exactly one zero ei-
genvalue. If the graph consists of 𝑘  disconnected components, then its Laplacian has k 
zero eigenvalues (i.e., the multiplicity of the zero eigenvalue is equal to 𝑘). In multi-robot 
networks, for a connected communication graph G:0 = 𝜆ଵ < 𝜆ଶ ≤ ⋯ ≤ 𝜆௡,  and 𝜆ଶ  (the 
algebraic connectivity) indicates how well the robot team is connected. So, 𝜆ଵ = 0  arises 
naturally from the Laplacian’s structure and represents the graph’s baseline connectivity. 
The second smallest eigenvalue of L, known as the algebraic connectivity (𝜆ଶ) measures 
how well connected the graph is [3,10,26–29]. A larger 𝜆ଶ  implies robustness, connectiv-
ity, and resilience to link failures, i.e., a more robust, well-connected graph with many 
edges. The value of λ2 ranges between 0 and the number of vertices (N), and the connec-
tivity refers to the number of vertices in the graph if the graph is completely connected. 
Thus, the maximum value of 𝜆ଶ  = 𝑁, and it is obtained when the entries (𝑖, 𝑗)  of the 
adjacent matrix (A) are all equal to 1, which means that all possible edges are present in it 
[10,28]. Recent research has extended these principles to multi-robot domains, introducing 
connectivity metrics such as algebraic connectivity (λ2) to enhance coordination. These 
studies have explored hybrid approaches integrating VG with optimisation heuristics and 
graph theory metrics to achieve better trade-offs between safety, computational speed, 
and scalability [10,27,29]. 

In MRS coordination and path planning, maintaining a larger value for 𝜆ଶ  ensures 
that all robots remain within communication range, thus allowing for cooperative behav-
iour such as formation maintenance and dynamic task allocation [10,26,38]. The algo-
rithms that explicitly incorporate 𝜆ଶ, such as MRPP, dynamically adjust planning order 
and edge weighting based on real-time connectivity metrics, achieving a balance between 
global optimality and network coherence [12,30–36]. Studies (e.g., [3,8,10]) have demon-
strated that coupling geometric path planning with spectral measures significantly en-
hances both safety and computational efficiency, particularly in dense environments with 
inter-robot communication constraints [10,32–37]. 

3. Materials and Methods 
The workspace was modelled using a metric map, providing the geometric accuracy 

required for constructing visibility graphs and computing Euclidean distances between 
waypoints. This modelling framework also supports higher-level analysis, including al-
gebraic connectivity evaluation in multi-robot systems. Overall, accurate workspace mod-
elling ensures that the planned trajectories are collision-free, respect robot motion 
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constraints, and provide the spatial fidelity needed for multi-robot coordination. All algo-
rithms were formulated upon the VG framework and used Dijkstra’s algorithm as the core 
path-search mechanism. The distinction among them lies in the graph simplification, se-
quencing, and optimisation strategies applied. The main objective of optimisation is min-
imising the path length (the total distance travelled by the robots) while maintaining a 
minimum level of connectivity in the communication graph, generating optimal and col-
lision-free paths from source to goal destinations. 

To consider collision and connectivity constraints, we considered two collision types: 
(i) collisions between the robots and obstacles, and (ii) inter-robot collisions (i.e., collisions 
between multiple robots). Each robot could determine the presence of an obstacle and 
measure its relative location and the distance from its boundary within the communica-
tion range. Therefore, the aim was to solve the problem of a team of multiple robots that 
began from an initial configuration where the team was connected (i.e., λ2 > 0), maintain-
ing connectivity while avoiding collisions until reaching their target positions. A collision 
avoidance mechanism was executed to prevent the robots from colliding with each other. 
Communication was defined based on the weights of the edges that determined the qual-
ity of the communication links between robots. Connectivity was preserved when λ2 re-
mained non-zero while each robot tracked its planned path toward its goal location. 
Within this connectivity-aware collision avoidance framework, the visibility graph (VG) 
was adopted as the underlying path planning structure. However, despite the advantages 
of the VG framework, certain limitations motivated further refinement. 

MRPPs utilise VG because they are well-established in 2D environments and can pro-
duce shortest-path trajectories between polygonal obstacles. However, they have two crit-
ical limitations: 

• They may result in paths too close to obstacles. 
• Their computational cost rises with environmental complexity, making them ineffi-

cient in cluttered environments. 

To address these limitations, enhanced variants were introduced within the same 
framework: 

• The central algorithm (CA) utilised the central baseline (CB) to reduce the number of 
vertices and selectively considered only intersecting obstacles. 

• The optimisation of the central algorithm (OCA) further enhanced safety by incorpo-
rating obstacle expansion based on safety margins. 

3.1. Simulation and Comparative Evaluation 

This section details the simulation framework, experimental parameters, and perfor-
mance metrics used to evaluate the effectiveness of the proposed MRPP, CA, and OCAs. 
The simulations were designed to test each algorithm’s ability to produce collision-free, 
computationally efficient, and scalable trajectories for multiple robots operating in static 
2D polygonal environments. A series of simulations was implemented in MATLAB 
R2024a, utilising a custom-developed Graphical User Interface (GUI) that supported in-
teractive workspace generation, robot deployment, and result visualisation [39–41]. 

3.2. Simulation Environment and Setup 

To evaluate the performance of the three algorithms (MRPP, CA, and OCA), the test 
environment consisted of 2D polygonal maps, populated with irregular obstacles, sparse 
and dense. The obstacles were randomly generated to ensure variability and to challenge 
the algorithms’ adaptability. A team of five homogeneous robots (R1–R5) was deployed in 
each simulation, modelled as small points with identical communication and actuation 
constraints. The robots’ initial positions and goal locations were predefined and spaced to 
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ensure feasible, non-trivial planning scenarios. Each robot was assumed to have limited 
communication with its neighbouring robots within a specified range, supporting inter-
robot coordination based on the neighbourhood graph. The obstacles were treated as non-
traversable polygonal regions, and the algorithms were tasked with avoiding collisions 
while maintaining visibility and graph connectivity when required. The primary objective 
for each algorithm was to generate a set of collision-free paths from the initial to goal 
positions while minimising total path length and computational time. 

3.3. Performance Metrics of the Algorithms 

Each experiment assumed complete a priori knowledge of the environment, includ-
ing the obstacle boundaries, start (si) and goal (gi) positions of the robots, and their geo-
metric configurations. Figure 1 is a scenario in a workspace environment with an area of 
10 m × 9 m, containing 13 static polygonal obstacles (𝑂ଵ,𝑂ଶ, … .𝑂ଵଷ) of varying sizes. Up to 
five robots (Rଵ, Rଶ, … , Rହ) were initialised at non-overlapping positions with five distinct 
target (𝑔ଵ,𝑔ଶ, … ,𝑔ହ) locations. 

 

Figure 1. This scenario, in a workspace, consists of thirteen obstacles highlighted in grey, five robots 
highlighted with red circles, and five goals highlighted as green circles. 

The following metrics were used to evaluate the algorithms: 

• Path length: Total Euclidean distance from start to goal positions per robot. 
• Arrival time: Time to reach the goal, assuming a constant speed. 
• Connectivity (λ2): Algebraic connectivity value posts each planning step (for MRPP). 
• Central baseline: Reduce obstacles and generate waypoints (for CA). 
• Safety distance: Minimum average clearance from obstacles (for OCA). 
• Computation time: Time required to compute a complete set of paths. 

4. Results 
To illustrate the functionality of MRPP, CA, and OCA in generating optimal and col-

lision-free paths from source to goal destinations, the workspace scenario depicted in Fig-
ure 1 was employed. This highlights the algorithms’ capabilities in ensuring path effi-
ciency, safety, and effective inter-robot coordination within a structured environment. The 
scenario of workspace environment measured 10 m × 9 m, containing 10 static polygonal 
obstacles ( 𝑂ଵ,𝑂ଶ, . . . ,𝑂ଵ଴ ) of varying sizes represented as grey squares. The robots 
(Rଵ, Rଶ, and Rଷ) were initialised at non-overlapping positions with distinct three targets 
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(𝑔ଵ,𝑔ଶ, and 𝑔ଷ) locations, highlighted as red, green and blue circles, respectively (see Fig-
ure 2). 

 

Figure 2. Scenario in a workspace environment indicating the obstacles and robots. The grey 
squares are the obstacles while the circles are the robots and their associated destination (goals). 

Figure 3 shows the application of MRPP to find the shortest paths for three robots 
and their associated goals, which were determined using Dijkstra’s algorithm. The red 
path is for R1, the green path is for R2, and the blue path is for R3. 

 

Figure 3. Path planning using MRPP. The paths for robots R1, R2 and R3 are shown in red, green 
and blue, respectively. The red, green, and blue circles are the robots and their goals, respectively. 

Figure 4 illustrates the operation of CA. The red straight lines are CB. The red, green 
and blue circles are the robots and their goals, respectively. The grey squares represent 
the obstacles, and the small blue points are the waypoints. 
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Figure 4. The steps involved in the operation of the central algorithm. The red straight lines are 
CB. The red, green and blue circles are the robots and their goals, respectively. The grey squares 
represent the obstacles, and the small blue points are the waypoints. 

Figure 5 illustrates the application of CA to find the shortest paths for three robots 
and their associated goals, determined using Dijkstra’s algorithm. The paths for R1, R2 and 
R3 are shown in red, green and blue, respectively. The red, green and blue circles are the 
robots and their goals, respectively. The grey squares are the obstacles. 

 

Figure 5. Path planning using CA: The paths for robots R1, R2 and R3 are shown in red, green and 
blue, respectively. 

CA offers a balance between accuracy and speed. Its reduced vertex count enables a 
faster computation while maintaining near-optimal path length. However, safety near ob-
stacles is not explicitly guaranteed, motivating further improvement via the OCA. Figure 
6 shows the application of OCA to find the shortest paths for three robots and the associ-
ated goals, which were determined using Dijkstra’s algorithm. The paths for robots R1, R2 
and R3 are shown in red, green and blue, respectively. The red, green and blue circles are 
robots and their goals, respectively. The grey square represents the obstacles. 
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Figure 6. Paths planning using OCA: The paths for robots R1, R2 and R3 are shown in red, green and 
blue, respectively. 

These results indicate that MRPP ensures optimality in terms of distance minimisa-
tion via VG combined with Dijkstra’s algorithm It also maintains the robustness of net-
work connectivity (highest λ2) due to its use of the sequential paths ordering, enhancing 
coordination and reducing potential inter-robot conflicts. Thus, λ2 contributes to system-
level robustness rather than direct path length optimisation. CA and OCA reduce compu-
tational load and enhance safety. OCA, in particular, balances path length and safety dis-
tance effectively. OCA path maintains a consistent buffer around obstacles while MRPP 
tends to pass through narrower corridors, and CA’s trajectory occasionally approaches 
obstacle edges. OCA achieves substantial improvements in both computational efficiency 
and collision avoidance. It provides smoother, safer paths and outperforms traditional 
MRPPs and CAs under a high obstacle density. Although OCA incorporates obstacle ex-
pansion to guarantee a predefined safety margin (δ), the shortest-path computation along 
the expanded obstacle boundaries may cause the trajectory to appear visually close to ob-
stacles in graphical representations. However, the minimum clearance is strictly enforced 
in configuration space and verified numerically in simulation results. 

4.1. Comparative Analysis 

Path length (PL) is defined as the total Euclidean distance travelled by each robot 
along its assigned path, i.e., 𝐿 = ෌ 𝑤௜,௜ାଵ(௜,௜ାଵ)∈௉ౣ౟౤ = 𝑑௜,௜ାଵ  (4)

To calculate the average path length for each algorithm, let the number of robots (k) 
be 3, 𝑃𝐿௜஺  be the path length of robot 𝑖  using an algorithm 𝐴 , where 𝐴 ∈{MRPP,CA,OCA}, then the total path length (PL) is 𝑃𝐿total

஺ = ෌ 𝑃𝐿௜஺௞௜ୀଵ   (5)

and the average path length (APL) is 𝐴𝑃𝐿஺ = ଵ௞෌ 𝑃𝐿௜஺௞௜ୀଵ   (6)

The values for PLs for MRPP, CA and OCA for R1, R2 and R3 are shown in Table 1. 

Table 1. Path length for each robot and each algorithm. 
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Robot MRPP CA OCA 
R1 11.00 9.95 9.83 
R2 10.30 10.16 9.57 
R3 9.98 9.65 9.24 
Total 31.29 29.76 28.65 
Average 10.43 9.92 9.55 

Total performance difference between the algorithms is determined as 

Percentage difference = 𝐴𝑃𝐿A − 𝐴𝑃𝐿B𝐴𝑃𝐿A
× 100 (7)

As illustrated in Table 2, using the average path lengths, the proposed OCA achieves 
an overall path length reduction of 8.4% compared to MRPP. This improvement is 4.9% 
when comparing MRPP and CA, followed by a 3.7% reduction when comparing CA and 
OCA. 

Table 2. Path length differences comparing the algorithms. 

    Algorithm Percentage Difference 
MRPP versus CA ଵ଴.ସଷିଽ.ଽଶଵ଴.ସଷ × 100= 4.9% 

MRPP versus OCA ଵ଴.ସଷିଽ.ହହଵ଴.ସଷ × 100= 8.4% 

CA versus OCA ଽ.ଽଶିଽ.ହହଽ.ଽଶ × 100= 3.7% 

The traverse time for each robot, assuming a constant speed of 1 unit/second is shown 
in Table 3. It is calculated based on the geometric path length obtained for each robot as 𝑇௜ = 𝐿௜/S where 𝑇௜  is the traversal time of robot 𝑖, 𝐿௜  is the total path length, and 𝑆 is 
constant robot speed (1 unit/sec). Under this assumption, the traversal time numerically 
equals the path length. This simplified model allowed a fair comparison of algorithm per-
formance in terms of travel efficiency without introducing dynamic or kinematic variabil-
ity. 

Table 3. The traverse time for each robot and each algorithm. 

Robot Method Path Length (m) Arrival Time (Seconds) 

R1 
MRPP 11.00 11.00 

CA 9.95 9.95 
OCA 9.83 9.83 

R2 
MRPP 10.30 10.30 

CA 10.16 10.16 
OCA 9.57 9.57 

R3 
MRPP 9.98 9.98 

CA 9.65 9.65 
OCA 9.24 9.24 

Computational efficiency was evaluated qualitatively based on algorithmic complex-
ity and graph size reduction. Since CA and OCA reduce the number of considered obsta-
cle vertices via the Central Baseline (CB) method, they produce smaller graphs compared 
to the full visibility graph used in MRPP. Given that Dijkstra’s algorithm has complexity 𝑂(𝐸log 𝑉), reducing the number of vertices and edges directly decreases computational 
cost. Therefore, CA and OCA are considered computationally more efficient. 

The evaluations indicated that OCA determines the path faster than MRPP and provides 
shorter path lengths as compared to CA. The inclusion of adaptive weighting allows OCA 
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to manage dense obstacle regions effectively. MRPP remains suitable for scenarios de-
manding strict global optimality while CA and OCA are preferable for real-time applica-
tions requiring computational efficiency. 

4.2. Comparative Evaluation of the Algorithms 

Table 4 provides a qualitative comparison of the MRPPs, CAs, and OCAs based on 
criteria including path optimality, collision avoidance, safety margin, and computational 
efficiency. 

Table 4. A qualitative comparison of the MRPP, CA, and OCAs. 

Criteria MRPP CA OCA 

Collision Avoidance Good (λ2 sequence) Good (Waypoints se-
quence) 

Excellent 

Connectivity Aware-
ness 

Yes No No 

Efficiency Moderate High High 

Path Optimality High (VG + λ2) 
High (CB Filtered + 

waypoints) 
High (with Margin 

(𝐷௦)) 
Safety Distance from 

Obstacles Low Medium 
High (obstacle 

margin) 
Safety Margin Low Medium High 

Scalability Medium High High 

4.3. MRPP Performance Evaluation 

Figure 7 shows the simulation results for the shortest path planning for five robots 
using the MRPP involving five robots operating within a two-dimensional-based environ-
ment. 

 

Figure 7. Simulation results of the MRPP demonstrating the computed shortest paths for all robots, 
with each trajectory distinctly visualised using separate colour assignments (blue, orange, yellow, 
purple, and green, respectively). 

The key objective is to illustrate the MRPP’s ability for collision-free and shortest tra-
jectories. The environment contains static obstacles that are denoted by the grey squares 
distributed across the map. These areas were inaccessible to robots. The five robots are 
depicted by red circles representing their initial starting positions. Their respective desti-
nation targets or goals are highlighted by green circles. The underlying mechanism for 
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generating the optimal path segment between any two accessible vertices in the grid is 
Dijkstra’s algorithm. This guarantees that the path calculated for each individual robot 
would be the geometrically the shortest route. The resultant path for each robot is dis-
played as a solid line, indicating its calculated movement sequence from its starting point 
(red circle) to its assigned goal (green circle). The overall coordination and execution dis-
played in this figure are governed by the MRPP. The MRPP layer utilises the shortest 
paths provided by Dijkstra’s algorithm to ensure that all five robots can reach their re-
spective targets without collisions with each other, or with static grey obstacles. 

4.4. CA 

A typical result of a CA’s path planning simulation involving five robots operating 
within a two-dimensional-based environment is demonstrated in Figure 8. The environ-
ment contains static obstacles denoted by the grey squares. These areas are inaccessible to 
the robots. The five robots depicted by red circles representing their initial starting posi-
tions. Their respective destination targets or goals are highlighted by green circles. 

 

Figure 8. Simulation results of the CA demonstrate the computed shortest paths for all robots, with 
each trajectory distinctly visualised using separate colour assignments (blue, orange, yellow, purple, 
and green, respectively). 

4.5. OCA 

The path planning simulation result utilising the OCA and five robots is demon-
strated in Figure 9. 
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Figure 9. Simulation results from the OCA demonstrating the computed shortest paths for five ro-
bots, with each trajectory distinctly visualised using separate colour assignments (blue, orange, yel-
low, purple, and green). 

The environment of the workspace consists of static grey squares that denote inflated, 
impassable obstacles within the configuration space. The figure implicitly demonstrates a 
bijection between the initial positions and the target goals, where each robot must suc-
cessfully reach its assigned terminus. The lines connecting the red start circles to the green 
goal circles illustrate the final, calculated paths derived from the OCA. The simulation 
confirms the OCA’s effectiveness in achieving reliable, high-density navigation in the 
workspace environment, where all five robots reach their assigned targets without colli-
sion. 

4.6. Comparative Analysis of MRPP, CA, and OCAs 

The path length comparison metric represents the total distance each robot travels 
from its start to goal positions. MRPP produced optimal paths with good connectivity but 
tended to yield longer paths due to full VG computations, while CA achieved a notable 
reduction in both path length and planning time by simplifying the obstacle space. OCA 
provided the safest and shortest paths, thus proving ideal for high-density or safety-criti-
cal environments. The results in Table 5 indicate that OCA achieved the shortest average 
path length (8.54 m), followed by CA (8.62 m) and MRPP (8.97 m), demonstrating the 
effectiveness of optimisation and safety-aware refinements. 

Table 5. Comparison of path length (metres (m)) for MRPP, CA, and OCA for five robots. 

Robot MRPP (m) CA (m) OCA (m) 
R1 9.48 9.15 9.09 
R2 8.93 8.91 8.66 
R3 10.13 9.39 9.34 
R4 7.60 7.14 7.12 
R5 8.69 8.53 8.47 

Average 8.97 8.62 8.54 
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The results presented in Table 5 represent a representative trial conducted in a static 
environment. Because the MRPP, CA, and OCA frameworks utilise Dijkstra’s algorithm, 
a deterministic shortest path solver on a fixed roadmap, the generated path lengths are 
consistent and repeatable for any given set of start and goal configurations. These graph-
based methods yield identical path solutions under constant environmental constraints, 
ensuring the reliability of comparative metrics. While the specific values in Table 5 are 
derived from a single scenario, the relative performance trend (OCA < CA < MRPP) has 
been observed consistently across various workspace geometries. The percentage path 
differences for the five-robot scenario are shown in Table 6. 

Table 6. Path length percentage differences for five-robot scenario and three algorithms. 

Algorithm Percentage Difference 

MRPP versus CA 
8.97 − 8.638.97 × 100 = 3.8% 

MRPP versus OCA 8.97 − 8.548.97 × 100 = 4.8% 

CA versus OCA 8.63 − 8.548.63 × 100 = 1.0% 

OCA reduced the average path length by about 1.0% compared with CA. Using ex-
perimental averages, CA achieved a 3.8% reduction over MRPP, while OCA achieved a 
4.8% reduction over MRPP and 1.0% over CA. The arrival times for the five-robot scenario 
are provided in Table 7. OCA achieved the shortest average arrival time (8.54 s), followed 
by CA (8.63 s) and MRPP (8.97 s), indicating improved efficiency due to optimisation and 
safety-aware planning. MRPP had the longest arrival time, reflecting its more complex, 
potentially less safe routes. CA was faster than MRPP, and OCA performed best at mini-
mising arrival time. 

Table 7. Arrival time (in seconds) for MRPP, CA, and OCA for five robots. 

Robot MRPP CA OCA 
R1 9.48 9.15 9.09 
R2 8.93 8.91 8.66 
R3 10.13 9.39 9.34 
R4 7.60 7.14 7.12 
R5 8.69 8.53 8.47 

Average 8.97 8.63 8.54 

Simulated experiments for each algorithm demonstrated that all three algorithms 
successfully produced collision-free paths. MRPP achieved the most consistent global op-
timality but required the longest computation time due to sequential path generation. CA 
achieved a balance between path length and speed, while OCA outperformed both by 
generating the shortest paths with less computation time. The strong correlation between 
path length and arrival time confirms that the temporal gains are a direct result of the 
optimised geometric paths rather than random fluctuations in processing speed. Table 8 
summarises the comparative performance metrics. 
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Table 8. Overview of key differences between MRPP, CA, and OCA for 5-robot scenario. 

Feature/Algorithm 
MRPP (Multi-Robot 
Path Planning Algo-

rithm) 

CA (Central Algo-
rithm) 

OCA (Optimisation 
Central Algorithm) 

Base Method 
Visibility Graph + 
Dijkstra + Algebraic 
Connectivity 

Central Baseline + Re-
duced VG + Dijkstra 

CA + Obstacle Safety 
Margin + Dijkstra 

Graph type Full Visibility Graph 
(all pairs) 

Central Axis subset 
(reduced node con-
nections) 

Same as CA but with 
safety/margin modifi-
cations 

Safety Distance from 
Obstacles Low Medium 

High (obstacle mar-
gin) 

Obstacle handling 
All obstacles are con-
sidered 

Only those intersect-
ing Central Baseline 

Obstacles expanded 
with safety margin 

Path Planning Dijkstra on full VG 
Dijkstra on reduced 
VG 

Dijkstra with modi-
fied edge weights 

Path Optimality 
High (VG + Dijkstra + 
λ2) 

High (selective obsta-
cle avoidance) 

High (VG + CB + ob-
stacle expansion) 

Computational Effi-
ciency 

Moderate (full visibil-
ity graph) 

High (simplified ob-
stacle set) 

High (efficient + safe (𝐷௦)) 
Time complexity 

High (O(n2) visibility 
edges) Reduced Comparable to CA 

Collision Avoidance 

Good Via algebraic 
connectivity and path 
correction (sequence 
via λ2) 

Good Via Waypoint 
(W) generation 
through central Base-
line (sequence via W) 

Excellent Via Safety 
Distance (𝐷௦)) and 
buffered collision 
zones. (𝐷௦) avoids all 
collisions) 

Real-world feasibility Lower in dense 
scenes 

Medium High 

4.7. Overall Assessment of MRPP, CA, and OCA Performance 

To provide an overall assessment of algorithmic performance across the two experi-
mental scenarios (scenario with three robots and scenario with five robots) the path 
lengths were averaged. This aggregate analysis enables an overall comparison of MRPP, 
CA, and OCA. The average path lengths for the three algorithms are provided in Table 9. 

Table 9. Averaged path lengths for 3- and 5-robot scenarios. 

Algorithm Scenario 1 Scenario 2 Average 
MRPP 10.43 8.97 9.70 
CA 9.92 8.63 9.28 
OCA 9.55 8.54 9.05 

The associated percentage reduction differences for the three algorithms are shown 
in Table 10. 

Table 10. Percentage path reductions for the three algorithms when the values for 3- and 5-robot 
scenarios were averaged. 

Algorithm Percentage Difference 

MRPP versus CA 
9.70 − 9.289.70 × 100 = 4.33% 



Appl. Sci. 2026, 16, 2822 19 of 35 
 

https://doi.org/10.3390/app16062822 

MRPP versus OCA 9.70 − 9.059.70 × 100 = 6.75% 

CA versus OCA 9.28 − 9.059.28 × 100 = 2.48% 

Averaging the two experimental scenarios, the mean path lengths are 9.70 m for 
MRPP, 9.28 m for CA, and 9.05 m for OCA. Compared with MRPP, CA achieves a 4.3% 
reduction in path length, while OCA provides a total reduction of 6.8%. Furthermore, 
OCA improves on CA by 2.5%, demonstrating its superior balance between optimality 
and safety. 

5. Discussions 
The comparative analysis of the three proposed algorithms revealed trade-offs be-

tween computational complexity, path optimality, safety, and real-world feasibility. The 
results confirmed that graph-theoretic strategies combining visibility-based methods can 
deliver scalable, safe, and communication-aware path planning for complex multi-robot 
systems. The study validated the suitability of MRPP, CA, and OCA for path planning in 
obstacle-rich environments and established a foundation for future extensions into dy-
namic and three-dimensional domains. The OCA stood out as the most robust option 
when safety and optimisation were critical objectives. In the following sections, a more 
thorough discussion of these issues is provided. 

5.1. Performance Evaluations of the Algorithms 

MRPP prioritises path optimality and connectivity by integrating VG, Dijkstra’s al-
gorithm, and algebraic connectivity (λ2). It ensures effective inter-robot coordination and 
avoids collisions by leveraging λ2-based sequencing to maintain the robustness of the ro-
bot communication network. Concurrently, it utilises VG to generate short, safe, and effi-
cient paths. However, its major limitation lies in the computational burden due to full VG 
construction and sequential planning, making it less scalable in complex or dynamic en-
vironments. 

CA and OCA represent advancements that build upon the strengths of the VG 
method while effectively addressing its inherent limitations, particularly concerning ob-
stacle proximity and safety. A key distinction lies in their approach to path generation 
relative to obstacles. CA introduces a more computationally efficient approach by narrow-
ing the planning space to relevant obstacles intersecting a CB. While it simplifies calcula-
tions for minimal distance and reduces planning time, it may compromise slightly on 
safety, as it does not explicitly maintain communication links or enforce obstacle clearance 
margins (the paths generated may pass close to obstacle corners). This can pose a safety 
risk in practical applications. Nevertheless, it offers a strong balance of speed and path 
feasibility. 

OCA, incorporating safety margins through obstacle expansion, produces smoother, 
safer, and more reliable paths in cluttered environments. As an improvement over CA, 
OCA incorporates a fixed safety distance. This ensures that paths curve around obstacles, 
actively maintaining a safe distance and significantly enhancing path safety. This makes 
OCA especially valuable for real-world deployments where sensors may be imperfect and 
obstacle boundaries uncertain. The trade-off is a marginal increase in computation time 
as compared to CA. While CA guarantees a path that does not intersect obstacles, OCA 
further ensures that each robot maintains a specified clearance from obstacles. This makes 
OCA particularly well-suited for real-world applications where factors such as environ-
mental uncertainty and the need for robust safety margins are critical considerations. 
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All three algorithms consistently employ Dijkstra’s algorithm to compute shortest 
paths. This foundational choice ensures path optimality within their respective graph con-
structions and allows for adaptation to dynamic robot placements, although the extent of 
this adaptability varies with the specific algorithm’s design. Overall, OCA balances path 
optimality, efficiency, and computational feasibility. CA is more efficient than MRPP 
while retaining a good performance. MRPP is best suited where robust connectivity (via 
λ2) is critical. 

Summary of advantages and disadvantages 
MRPP: 

• Advantages: Ensures shortest paths via Dijkstra’s algorithm, maintains inter-robot 
connectivity, effective in static and well-known environments. 

• Disadvantages: High computational cost, limited scalability, lacks adaptability to dy-
namic changes. 

CA: 

• Advantages: Efficient path generation, significantly reduced planning time, well-
suited for dense environments. 

• Disadvantages: May sacrifice path safety near obstacles; does not maintain connec-
tivity awareness, less robust under environmental uncertainty. 

OCA: 

• Advantages: High safety due to margin buffers, ideal for real-world applications, 
preserves CA’s efficiency while improving safety. 

• Disadvantages: Marginally higher computational cost than CA, not yet adaptive to 
dynamic obstacle movement. 

Overall Ranking: OCA → CA → MRPP. 

• Best Overall: OCA is safest, shortest, and most application ready. 
• Most Efficient: CA offers a strong trade-off between performance and computation. 
• Most Theoretically Robust: MRPP excels in coordination and connectivity metrics. 

5.2. Qualitative Comparison with Existing Path Planning Methods 

Although the focus of this study was a comparative analysis between MRPP, CA, 
and OCA within a unified VG framework, it was also important to position these algo-
rithms relative to the commonly used path planning algorithms reported in the literature. 
Classical graph-based approaches such as the Dijkstra and A* algorithms provide optimal 
shortest-path computation, but they do not inherently address multi-robot coordination 
or connectivity preservation, which are critical aspects in multi-robot systems [9,42–44]. 
Sampling-based methods such as probabilistic road map (PRM) and rapidly exploring 
random tree (RRT) offer efficient exploration in complex environments, but they typically 
generate non-optimal paths or require smoothing to achieve trajectory efficiency [9,45,46]. 
In contrast, MRPP, CA, and OCA extend the visibility graph framework to incorporate 
coordination, obstacle handling strategies, and safety considerations in multi-robot navi-
gation. Therefore, while the classical algorithms primarily focus on single-robot optimal 
path computation, the proposed framework emphasises multi-robot coordination, safety-
aware navigation, and computational efficiency within the same visibility graph structure. 
This qualitative comparison situates the proposed algorithms within the broader context 
of robotic path planning research. 

5.3. Real-World Applications of Graph-Theoretic Multi-Robot Path Planning 

MRPP graph-theoretic multi-robot path planning algorithms, including MRPP, CA, 
and OCA, offer broad applicability across diverse real-world scenarios where coordinated 
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action, operational efficiency, and stringent safety protocols are paramount. Their inher-
ent adaptability renders them particularly suitable for deployment in a range of static and 
semi-structured environments [3,47–49]. 

Industrial automation and warehousing: In controlled industrial environments such 
as automated warehouses, assembly lines, and robotic fulfilment centres, path planning 
must prioritise efficiency and safety under high traffic densities [47–51]. CA and OCA are 
highly suitable due to their capacity for efficient path generation. The computational effi-
ciency offered by CA and the safety-enhanced routing provided by OCA are particularly 
valuable in ensuring smooth, collision-free operations within high-density robotic envi-
ronments. 

Static and known workspaces: Environments with fixed layouts, such as laboratories 
or grid-based facilities, benefit from the deterministic nature of algorithms like MRPP, CA, 
and OCA. These algorithms ensure collision-free and optimally coordinated navigation, 
enabling robots to execute parallel tasks with minimal interference [10,52,53]. 

Communication-aware coordination: Robust inter-robot communication is funda-
mental for cooperative task execution. MRPP and CA offer scalable solutions that enable 
robots to coordinate across operational regions, while reducing unnecessary motion 
[3,10,48]. These algorithms preserve connectivity, thereby ensuring robots function as a 
cohesive unit [54–60]. 

Search-and-rescue and disaster response: In dynamic and partially structured envi-
ronments such as collapsed buildings or post-disaster zones, robots must operate under 
uncertainty while maintaining communication. MRPP’s emphasis on connectivity makes 
it well-suited for such missions, where communication robustness is critical for team sur-
vival and operational success [10,47,52,57]. 

The principles of MRPP and inter-agent spacing directly translate to scenarios such 
as autonomous vehicle platooning and intelligent intersection coordination. Algorithms 
like OCA are instrumental in ensuring that vehicles maintain safe distances while mini-
mising overall travel time, even in dynamic and partially observable traffic environments. 

Autonomous vehicle coordination: The principles behind multi-robot coordination 
apply directly to autonomous vehicle platooning and intelligent intersection control. OCA 
supports safe inter-vehicle spacing and dynamic path adjustments, improving both safety 
and efficiency in traffic networks [13,61]. 

Military and hazardous missions: in high-risk domains such as minefield navigation, 
reconnaissance, or surveillance in hostile terrain, algorithms like OCA are critical. They 
deliver mission efficiency while upholding strict safety standards in the absence of reliable 
external control [47,52,53]. 

Traffic networks and intelligent transport systems: Urban mobility systems face chal-
lenges like multi-robot environments. Graph-based MRPP techniques provide real-time 
re-routing, connectivity maintenance, and optimal inter-agent spacing, key enablers for 
autonomous traffic coordination and congestion mitigation [13,54–56]. 

Each of these application areas presents distinct operational priorities, ranging from 
paramount safety and rapid computational speed to unwavering communication robust-
ness. The algorithms discussed offer tailored strengths that can be judiciously matched to 
these varying and specific demands. 

5.4. Algorithms Challenges and Future Research Directions 

Despite the promising outcomes and advancements presented, several critical chal-
lenges remain within the domain of multi-robot path planning using graph-theoretic ap-
proaches. Addressing these areas represents a significant opportunity for future research. 
Future work will involve adapting these algorithms for dynamic environments, auto-
mated parameter tuning, and decentralised multi-robot coordination. 



Appl. Sci. 2026, 16, 2822 22 of 35 
 

https://doi.org/10.3390/app16062822 

Dynamic environments: A primary challenge involves enhancing the adaptability of 
these algorithms to environments characterised by moving obstacles or requiring real-
time map updates. Current methods often struggle to maintain efficiency and optimality 
in such highly dynamic settings [47,50,51]. 

Decentralised planning: The MRPP, while effective, relies on sequential planning, 
which inherently introduces a degree of centralization. Real-time updates to visibility 
graphs and the continuous maintenance of algebraic connectivity during robot movement 
remain computationally intensive. Future research should prioritise the development of 
truly distributed or fully decentralised algorithms that can uphold safety and coordina-
tion without the overhead of centralised control [10,48,54]. 

Communication-aware coordination: Maintaining robust inter-robot communication 
is essential for cooperative task execution in multi-robot systems (MRS). MRPP and CA 
support scalable deployment over large operational regions, enabling synchronised be-
haviour and reduced redundant motion [3,47]. These algorithms ensure topological con-
nectivity, often quantified via algebraic connectivity (λ2), which sustains collaborative task 
engagement [54,60]. 

Scalability: While algorithms such as CA and OCA offer notable reductions in com-
putational complexity compared to traditional methods, scaling them effectively to very 
large robot teams operating in real-time dynamic environments presents an ongoing and 
open challenge [53,57,60,61]. 

By addressing these challenges, future work can substantially extend the applicabil-
ity, robustness, and intelligence of graph-theoretic approaches, thereby significantly en-
hancing the autonomy of multi-robot systems in increasingly complex real-world settings. 
These areas constitute a substantial agenda for continued research and innovation. 

6. Conclusions 
This study presented a comprehensive analysis of three graph-theoretic multi-robot 

path planning algorithms, i.e., MRPP, CA, and OCA. Each algorithm was evaluated and 
analysed in terms of its underlying principles, computational workflow, and performance 
within cluttered 2D polygonal environments. The algorithms were further explored 
through controlled simulations using common metrics, including path length, computa-
tion time, safety index, path smoothness, and algebraic connectivity. The findings demon-
strate that MRPP provides the shortest paths and the robust inter-robot connectivity, ben-
efiting from its full visibility graph and λ2-based sequencing. However, this comes at the 
expense of increased computational time and reduced scalability. CA achieves rapid com-
putation by constructing a reduced visibility graph focused on a central baseline. This 
approach is suitable for time-critical applications but exhibits weaker safety margins due 
to its lack of obstacle expansion or clearance optimisation. OCA delivers the best balance 
among all the criteria evaluated. By incorporating a weighted cost function and explicit 
safety distance expansion, OCA produces smooth, collision-free, and computationally ef-
ficient paths, outperforming CA in safety and approaching MRPP in quality while main-
taining lower computational cost, making it the most practical for real-world deployment. 

Overall, the results confirmed that the integration of geometric roadmaps with spec-
tral connectivity measures and safety-aware optimisation yields a robust and efficient so-
lution for multi-robot navigation in cluttered environments. These insights contribute to 
the development of research indicating that hybrid approaches combining visibility 
graphs, Laplacian connectivity, and adaptive weighting are essential for enabling coordi-
nated, safe, and scalable robotic systems. 
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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 
RRT Rapidly exploring random tree 
UGI User graphic interface 
VD Voronoi diagram 
VG Visibility graph 
Symbols 
The following symbols are used in this manuscript: 
G Graph 
V Vertex 
E Edges 𝑊𝒊𝒋 Weighted edge 
λ2 Second smallest eigen value of Laplacian matrix 𝑅௜ Robot 𝐷௦ Safety Distance 𝛿 Minimum obstacle clearance along the edge. 𝛼 ,𝛽 

Weighting parameters balancing path length and 
safety. 𝑂௜ Obstacles 𝑠௜ Start positions of robots 𝑔௜ Goals positions of robots 𝑊௙௥௘௘ Free Workspace 𝑛 Number of edges in the path. 𝑊෡௪ෝ೔௪ෝ೔శభ Weighted (distance) of edge (𝑤ෝ௜ ,𝑤ෝ௜ାଵ) 

Appendix A. Operations of MRPP, CA and OCA 
For completeness of the paper, in this appendix, the operations of the three graph-

theoretic path planning algorithms (i.e., MRPP, CA and OCA) are described. The planning 
algorithms incorporate graph-theoretic representations in different ways, aligning their 
structural design with specific path planning and connectivity requirements [3,9,10,14,37]. 
These differences reflect the unique design objectives and operational strategies of each 
algorithm. The approaches demonstrate the versatility and importance of graph-theoretic 
representations in robotic path planning. 
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A.1. Problem Definition 

Multi-robot motion planning concerns finding paths for multiple robots in an envi-
ronment. The aim is to plan the movements of the robots from the start position (si) to the 
target position (gi) in a workspace environment through a sequence of steps that will be 
described in the next sections [1,25,33,34]. 

A.2. Algorithms’ Inputs and Outputs 

The inputs to a planning framework for multiple robots consist of the following: 

• Environmental graph (G): A graph G (V, E) where |V | = N. 
• The vertices V of the graph are all the possible positions or waypoints available to the 

robots within the workspace. 
• The edges E represent all feasible, collision-free paths (lines-of-sight) connecting the 

positions of R robots. 
• Robot team (R): A set of n robots, denoted as Rଵ, Rଶ..., R୬. 
• Configuration states: For each robot R୧, two specific states are defined: a start posi-

tion  𝑠௜  ∈ 𝑉, and a goal position  𝑔௜ ∈ 𝑉. 

The output is a path plan for each robot, ensuring all robots reach their goal locations 
without collisions [10,22,35]. 

A.3. Multi-Robot Path Planning Algorithm (MRPP) 

The MRPP integrates three foundational techniques: 

(i) Visibility graphs for modelling the environment and identifying feasible shortest 
connections. 

(ii) Dijkstra’s algorithm for computing optimal paths between nodes from start to goal 
positions. 

(iii) Algebraic connectivity λ2 to assess communication robustness and to guide the se-
quential planning of robot paths [3,10,36]. 

The procedure begins with constructing a VG representing all visible connections 
between obstacle vertices, the robot’s start and goal positions [10,37]. The Laplacian ma-
trix of the graph is then computed, and λ2 is used to determine network connectivity. 
Path planning proceeds sequentially, ensuring each robot’s path is optimised while 
avoiding any collision with previously assigned paths [3,9,10,27,38]. It assumes full a pri-
ori knowledge of the environment, including obstacle geometry and the start and goal 
positions of each robot. 

A.3.1. MRPP Description 

Inputs: Robots’ start positions (𝑠௜), goal positions (𝑔௜), and polygonal obstacles (𝑂௜). 
Outputs: visibility graph (VG), optimal paths from source 𝑠𝑖 to goal (destination) 𝑔𝑖. 

(i) Establish a free workspace (𝑊free): Construct the free configuration space and map all 
obstacle boundaries, robot start position, and goal position. The free workspace is the 
entire 2D plane minus all obstacles. 𝑊free = 𝑅ଶ ∖ ሪ 𝑂௜௜ , where  𝑊free  is the subset of 
the two-dimensional Euclidean plane (𝑅ଶ ) that is not occupied by obstacles. R2 is 
therefore the entire 2D workspace where the robots operate. It represents all possible 
points (x,y) in a continuous plane. ሪ 𝑂௜௜  denotes the union of all obstacle regions. 
The free workspace is represented by an environmental graph  𝐺௘௡௩ = (𝑉௘௡௩,𝐸௘௡௩ ) 
that provides a graph-based abstraction of the obstacle-free space for path planning, 
where 𝑉௘௡௩, is the set of vertices and 𝐸௘௡௩ the set of edges. 
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(ii) Determine robots’ Start (𝑠௜)  and Goal (𝑔௜) positions: Identify: 𝑠௜ = {𝑠௜|𝑠௜ ∈ 𝑊௙௥௘௘ , 𝑖 =1 … ,𝑛},𝑔௜ = {𝑔௜|𝑔௜ ∈ 𝑊௙௥௘௘ , 𝑖 = 1 … ,𝑛} and record the number, geometry, and posi-
tions of all obstacles. 

(iii) Partition the workspace graph: Represent the environment as an undirected 
weighted graph  𝐺௘௡௩. Divide this graph into two disconnected components of sub-
graphs 𝐺௘௡௩ ← {𝐺1,𝐺2},  𝐺ଵ ∩ 𝐺ଶ = ∅ . These subgraphs correspond to distinct con-
nected regions of the free workspace that are not mutually reachable. 

(iv) Connectivity enhancement via λ2: Let 𝐿 be the Laplacian matrix of the current envi-
ronment (or communication) graph. For all possible candidate edges (𝑤௜௝)  that could 
link the two components: 𝑤௜௝ = ൫edge between (𝑣௜ ,𝑣௝൯, where 𝑣௜ ∈ 𝐺ଵ and 𝑣௝ ∈ 𝐺ଶ . 
Evaluate the algebraic connectivity of the Laplacian: 𝜆ଶ = 𝜆ଶ(𝐿). Select the edge (or 
set of edges) that maximises 𝜆ଶ, thereby increasing network robustness and improv-
ing global mobility of the workspace. For each candidate edge (𝑤௜௝), form the up-
dated Laplacian 𝐿ᇱ = 𝐿 + 𝐿(𝑤௜௝), where 𝐿(𝑤௜௝) is the Laplacian contribution of add-
ing edge (𝑖, 𝑗). The optimal edge is selected as 𝑤∗௜௝ = arg max ௪೔ೕ 𝜆ଶ(𝐿 + 𝐿(𝑤௜௝))  (A1) 

The selected edge (𝑤௜௝∗  ) is the one that yields the largest increase in 𝜆ଶ , thereby 
strengthening graph connectivity, improving robustness to disconnection, and enhancing 
the global traversability of the workspace. 
(v) Optimisation process: The optimisation phase refines the initial paths to ensure the 

path length remains near optimal. The robot team maintains sufficient communica-
tion connectivity, typically expressed as keeping 𝜆ଶ < 𝜆௠௜௡ > 0,  where 𝜆௠௜௡    is a 
predefined threshold that ensures reliable inter-robot communication. The optimisa-
tion proceeds through the following operations. The value of 𝜆௠௜௡  is selected based 
on communication range, network density, and robustness requirements of the 
multi-robot system. 

a) Evaluate connectivity during motion: At each planning iteration, the communi-
cation graph (𝐺௖) is updated according to the robots’ current positions, and its 𝜆ଶ  is recomputed: 𝜆ଶ = 𝜆ଶ(𝐿(𝐺௖)). If 𝜆ଶ < 𝜆୫୧୬ , this indicates that robots are at 
risk of communication loss. If  𝜆ଶ ≥ 𝜆୫୧୬ , the team remains well-connected. 𝐺௖ 
denotes the communication graph, which represents the communication links 
between robots at a given planning iteration. The Laplacian matrix. 𝐿(𝐺௖)  of this 
graph is used to compute the algebraic connectivity. 

b) Connectivity-aware path adjustment: If the connectivity requirement 𝜆ଶ ≥ 𝜆௠௜௡ 
is not satisfied, the algorithm introduces path modifications to enforce team co-
herence: Adjust robot positions to keep them inside the communication range of 
neighbours. The algorithm introduces temporary edges into the communication 
graph to bolster network connectivity. It prejudices robot motion toward regions 
that maintain or increase 𝜆ଶ . This ensures that 𝜆ଶ(new) > 𝜆ଶ(old),  thereby ensuring 
that the communication graph remains robust throughout the mission, the net-
work is harder to disconnect, and information can flow more reliably among ro-
bots, where 𝜆ଶ(old): connectivity before adjustment,  𝜆ଶ(new): connectivity after ad-
justment. The path modification step successfully improves team connectivity 
while the robots move, reducing the risk of communication loss. 

(vi) Construct the visibility graph (VG): Create the visibility graph 𝑉𝐺 = (𝑉,𝐸), where 𝑉   includes obstacle vertices, start points, and goal points 𝑉 = 𝑠௜ ,∪ 𝑔௜ ,∪{all obstacle vertices}, and 𝐸  includes all pairs of vertices with line-of-sight connec-
tivity (collision-free edges) ൫𝑣௜ , 𝑣௝൯ ∈ 𝐸 iff 𝑣ప𝑣ఫതതതതത ⊂ 𝑊free. 

(vii) Compute shortest paths using Dijkstra’s algorithm: For each robot R୧, compute the 
waypoints (𝑊෡௜) = Dijkstra (𝑉𝐺, 𝑠௜ ,𝑔௜ ). This yields an ordered waypoint sequence, 
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 𝑊෢௜ = {𝑤଴,𝑤ଵ, … ,𝑤௡},  where 𝑤଴ = 𝑠௜ ,𝑤௡ = 𝑔௜ . The output is the set of optimal colli-
sion-free paths for all robots across the visibility graph, enhanced by improved graph 
connectivity obtained through λ2-based edge augmentation, 𝑃 = {𝑃ଵ,𝑃ଶ, … ,𝑃௡}, 
where P is the optimal path for each robot [3,10]. 
The operations of the MRPP are also illustrated in Figure A1. 

 

Figure A1. The operation of the MRPP. 

Pseudocode placeholder: Algorithm A1: multi-robot path planning algorithm 
(MRPP). 

Algorithm A1. Multi-robot path planning algorithm (MRPP). 
Inputs: Start positions of robots: 𝑠௜ =  {𝑠ଵ, 𝑠ଶ, … , 𝑠௡}, , Goal positions of robots: 𝑔௜ = {𝑔ଵ,𝑔ଶ, … ,𝑔௡},, and set of polygonal obstacles: 𝑂௜ =  {𝑂ଵ,𝑂ଶ, … ,𝑂௡}, 
Outputs: VG, and Optimal paths from each 𝑠௜ to𝑔௜ 
1. Construct Free Workspace: 𝑊௙௥௘௘ ← BuildFreeSpace (𝑂௜) 
2. Initialise Robot Start and Goal Positions: Identify all 𝑠௜  ∈  𝑆 𝑎𝑛𝑑 𝑔௜ ∈  𝐺. Extract   
  obstacle geometry and positions 
3. Partition Workspace Graph: 𝐺௘௡௩← Build Environment Graph (𝑊௙௥௘௘). {𝐺ଵ, 𝐺ଶ}      
  ← Partition (𝐺௘௡௩)// two disconnected components 
4. Connectivity Enhancement using  𝜆ଶ: Candidate Edges ← All possible edges be- 
  tween vertices in 𝐺ଵ  and 𝐺ଶ . For each edge 𝑤௜௝ ∈ Candidate Edges: 𝐺௧௘௦௧ ← 𝐺௘௡௩+    𝑤௜௝. 𝜆ଶ_test ← Algebraic Connectivity (𝐺௧௘௦௧).  Select 𝑤௜௝ that maximises  𝜆ଶ_test:      𝐺௘௡௩← 𝐺௘௡௩+𝑤௜௝ 
5. Construct Visibility Graph (VG): VG ← Build Visibility Graph (O, S, G) 
6. Compute Shortest Paths (Dijkstra): For each robot 𝑅௜:𝑊෡௜← Dijkstra (𝑉𝐺, 𝑠௜ ,𝑔௜) 
7. Output Final Paths: 𝑊෡௜= = {𝑤଴,𝑤ଵ, … ,𝑤௡},  𝑤଴ = 𝑠௜ ,𝑤௡ = 𝑔௜ . 
8. Return Final Paths: 𝑃 = {𝑃ଵ,𝑃ଶ, … ,𝑃௡}. 

Key Features for MRPP: 

• Sequential planning: The paths of robots are planned sequentially. The order is de-
termined by λ2 values to reduce potential conflicts. 
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• Edge weight adjustment: Edge weights are dynamically modified based on previ-
ously planned paths to minimise overlap and prevent collisions. 

• Optimal path assurance: Utilises Dijkstra’s algorithm on well-constructed VG, ensur-
ing the shortest and safest feasible paths. 

• Suitable for static, fully known environments. 
• Maintains inter-robot communication. 
• Avoids collision without complete re-planning. 

A.4. Central Algorithm (CA) 

The CA builds on the VG principle but introduces a central baseline (CB) strategy to 
drastically reduce computational complexity. Instead of connecting every visible pair of 
vertices, CA constructs connections only through those obstacles intersecting with a pre-
defined baseline that lies between the start and goal points. This approach simplifies VG 
by minimising unnecessary vertices and edges. Paths are then generated through way-
points defined along the CB, ensuring obstacle avoidance and shorter travel distances. 
This results in significantly reduced computational complexity while maintaining near-
optimal path quality and enhancing efficiency [3,14]. 

A.4.1. CA Description 

Figure A2 illustrates the waypoint calculation, where the Central Baseline joins the 
start point 𝑆  and goal point 𝑔 intersect an obstacle, the edges of which are shown as 
dotted lines, at point  𝑢(𝑥,𝑦). 

 

Figure A2. Computation of waypoint (𝑢′) at intersection point (𝑢). 

It is required to calculate a point 𝑢′(𝑥′,𝑦′)  that creates an orthogonal line to the cen-
tral baseline at point  𝑢(𝑥,𝑦). The normal distance between the point 𝑢′(𝑥 ′,𝑦′) and the 
straight line must exceed the maximum distance 𝑁,  where 𝑁 denotes the maximum per-
pendicular distance between the CB and any vertex 𝑣  of the intersecting obstacle. The 
waypoint must lie outside the obstacle by at least a safe clearance distance 𝛿. The distance 𝑁 is computed as 𝑁 =  |(௚ି௦)௑ (௦ି௩)||௚ି௦| , or alternatively, if the CB is represented in implicit 

line form: 𝑎𝑥 + 𝑏𝑦 + 𝑐 = 0. Then, the perpendicular distance from a point (𝑥,𝑦)  to the 
CB is 
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𝑁 = ฬ𝑎𝑥 + 𝑏𝑦 + 𝑐√𝑎ଶ + 𝑏ଶ ฬ (A2)

In the given equations 𝑢 , 𝑢ᇱ,𝑣, 𝑠,𝑎𝑛𝑑 𝑔  are position vectors for the intersection 
point, waypoint, vertex, start, and goal locations, whereas a, b, and c are constants, and x, 
y are variables. Let 𝜑 be the inclination angle of the CB with respect to the positive 𝑥-
axis. Since the slope of the CB is:  𝑀 = tan (𝜑),  we have sin (𝜑) = Opposite

Hypotenuse
, cos (𝜑) =

Adjacent
Hypotenuse

. 
A unit vector orthogonal to the CB is 𝑢ොୄ = ൤ −𝑐𝑜𝑠(90 − 𝜑)𝑠𝑖𝑛 (90 − 𝜑) ൨ (A3)

Thus, the waypoint 𝑢ᇱ is computed on either side of the intersection point as 𝑢ᇱ =𝑢 ± (𝑁 + 𝛿) 𝑢ොୄ: 𝑢ᇱ = 𝑢 ± (𝑁 + 𝛿) ൤ −𝑐𝑜𝑠(90 − 𝜑)𝑠𝑖𝑛 (90 − 𝜑) ൨  (A4)

where N is the maximum distance between the CB and any vertex 𝑣, and 𝛿 is the safe 
clearance distance. Or explicitly as ൤𝑥′𝑦′൨ = ቂ𝑥𝑦ቃ ± (𝑁 + 𝛿) ൤ −𝑐𝑜𝑠(90 − 𝜑)𝑠𝑖𝑛(90 − 𝜑) ൨ (A5)

For each intersection point (u), two symmetric waypoints are generated, 𝑢́(ା) = 𝑢 +𝑑 𝑢ොୄ,𝑎𝑛𝑑 𝑢́(ି) = u − 𝑑 𝑢ොୄ , where 𝑢́(±) =  𝑤ෝ௜(±) , and 𝑑 = (𝑁 + 𝛿) > 0  is the safety offset 
(clearance distance). Each obstacle produces four waypoints because its CB intersection 
consists of two points, and each point yields two orthogonal offsets, 𝑢́௜ = {𝑤ෝଵ,𝑤ෝଶ,𝑤ෝଷ,𝑤ෝସ}. 
Thus, the full waypoint set is 𝑊෡௜ = {𝑠௜ ,𝑔௜} ∪ ൛𝑤ෝ௜(ା)  , 𝑤ෝ௜(ି) ∣∣ u ∈ 𝑂௜ ൟ (A6)

Two waypoints 𝑤ෝ௜ ,𝑤ෝ௜ାଵ ∈ 𝑊ప෢  are connected by an edge if the straight segment be-
tween them does not intersect any obstacle (i.e., they are visible (Vis)): (𝑤ෝ௜ ,𝑤ෝ௜ାଵ) = ൜ 𝑤ෝ௜,௜ାଵ, 𝑖𝑓 (wෝ𝑤ෝపାଵതതതതതതതതതത ∩  𝑂௜ =  ∅ ∀𝑖∅,𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒  (A7)

i. Create a reduced graph 𝐺′(𝑉ᇱ,𝐸′) that is constructed from set of all vertices (way-
points generated from the relevant obstacles 𝑂෠௜, the start, the goal) and visible con-
nections among them, where 𝑉ᇱ =  𝑊෡௜, and 𝐸′={ 𝑤ෝ௜ ,𝑤ෝ௜ାଵ | Vis (𝑤ෝ௜ ,𝑤ෝ௜ାଵ) = 𝑤ෝ௜,௜ାଵ|(𝑖, 𝑖 + 1) ∈ 𝑉ᇱ} (A8) 

ii. An edge (𝑤ෝ௜ ,𝑤ෝ௜ାଵ) ∈  𝐸ᇱ  is included in the graph if and only if the straight-line seg-
ment connecting the two waypoints lies entirely in the free workspace, i.e., 𝑤ෝప𝑤ෝపାଵ‾ ∩𝑂௜ = ∅  for all obstacles 𝑂௜. 

iii. Apply Dijkstra’s algorithm on 𝐺′  to obtain the shortest feasible path. 𝑃 =
Dijkstra(𝐺ᇱ, 𝑆௜ ,𝑔௜).  The optimal CA-based path is 

𝑃 = arg min ௉∈𝒫(ௌ೔,௚೔)෍ 𝑊෡ ௪ෝ೔௪ෝ೔శభ  ୬ିଵ௜ୀ଴ s.t. ቐ 𝑤ෝ଴ = 𝑠௜ ,𝑤ෝ௡ = 𝑔௜ ,(𝑤ෝ௜ ,𝑤ෝ௜ାଵ) ∈  𝐸ᇱ∀𝑖 = 0, … ,𝑛 − 1,𝑠 ௪ෝ೔௪ෝ೔శభ ≥ 𝐷௦∀𝑖 = 0, . . ,𝑛 − 1.   (A9)

The 𝑎𝑟𝑔 𝑚𝑖𝑛  returns the sequence of waypoints (𝑃)  that minimises the total cost 
across the reduced visibility graph produced by CA. Feasibility requires each consecutive 
waypoint pair to be visible (edge in 𝐸′) and to have clearance at least distance 𝐷௦. s.t is a 
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standard abbreviation for “subject to” (under the constraints that) the following con-
straints: 

a) The path 𝑃(𝑠௜ ,𝑔௜): set of all feasible paths from start (𝑠௜)  to goal (𝑔௜). 
b) 𝑛: number of edges in the path. 
c) 𝑊෡௪ෝ೔௪ෝ೔శభ: weighted (distance) of edge (𝑤ෝ௜ ,𝑤ෝ௜ାଵ) 
d) Each consecutive pair of waypoints (𝑤ෝ௜ ,𝑤ෝ௜ାଵ)  must be a valid edge in the graph. 
e) 𝐸′: edge set of the planning graph 
f) The clearance 𝑠௪ෝ೔௪ෝ೔శభ: minimum clearance to obstacles along the edge. 
g) 𝐷௦: required safety distance 

 

Figure A3 provides an illustrative example of waypoint generation using the CA in 
a workspace containing seven static polygonal obstacles (shown in grey). 

 

Figure A3. An illustrative example of waypoint generation using the CA in a workspace contain-
ing seven static polygonal obstacles (shown in grey). 

The CB, depicted as a red line, represents the direct straight-line connection between 
the robot’s start position (red point) and goal position (green point). Only the obstacles 
that intersect the CB are considered relevant for path computation. For each intersecting 
obstacle, four waypoints (small red markers) are generated in the local collision-free re-
gion, positioned symmetrically around the CB. These waypoints serve as critical vertices 
that define feasible detour options. By connecting the start position, the generated way-
points, and the goal position, the CA produces two distinct collision-free path alternatives 
around the obstacle geometry. The operations of the CA are illustrated in Figure A4. 
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Figure A4. The operation of the CA. 

Pseudocode placeholder: Algorithm A2: central algorithm (CA) 
Algorithm A2. The central algorithm. 

Input: Start 𝑆௜, Goal 𝑔௜, Obstacle set 𝑂௜ 
Output: Reduced graph Gʹ and shortest path P 
1. Define Central Baseline CB (S, G) 
2. For each obstacle 𝑂௡ in 𝑂௡: if 𝑂௜ intersects CB: generate waypoint vertices 𝑤௜ near  
  intersection 
3. Construct reduced visibility graph Gʹ(Vʹ, Eʹ) 
4. P ← Dijkstra (Gʹ, s, g) 
5. Return P 

Key feature: CA is computationally efficient because it drastically reduces the num-
ber of vertices and edges. 

A.5. Optimisation Central Algorithm (OCA) 

OCA enhances CA by introducing optimisation-based weighting, safety distance 
control, and path correction mechanisms [3,14]. OCA builds safety distance (Ds) to ensure 
safer navigation. Ds is the average minimum distance from any obstacle. It modifies cost 
functions and graph edges adaptively based on obstacle proximity and inter-robot dis-
tance. This algorithm produces general solutions and acceptable results for different maps 
because it generates waypoints around obstacles in workspace. This provides a self-ad-
justing mechanism for real-time path correction, thereby enhancing path smoothness, re-
dundant motion, and ensures optimality in comparison to CA and traditional VG meth-
ods. 

A.5.1. CA Description 

Inputs: start point (si), goal point (gi), obstacles (𝑂), and weights (α,β). 
Output: Optimised safe path (𝑃opt). 

i. Obstacle expansion: Obstacles are artificially enlarged using a safety distance (e.g., 
δ). 

ii. Angular adjustment: Path curvature is modified to maintain clearance from ex-
panded obstacles. 

iii. Construct the reduced visibility graph 𝐺′(𝑉ᇱ,𝐸′) using these principles. 
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A.5.2. Safety Distance and Obstacle Expansion 

As shown in Figure A5, to avoid collisions, each obstacle is expanded by a safety 

distance (𝐷௦), calculated as: 𝐷ௌ =  𝑃𝑄 = ඥ(𝑥ଵ − 𝑥଴)ଶ + (𝑦ଵ − 𝑦଴)ଶ, where (𝑥଴,𝑦଴)  are the 
Cartesian coordinates of point P, and (𝑥ଵ,𝑦ଵ) are the Cartesian coordinates of point Q. 
Figure A5 provides the expression that computes the Euclidean distance between points 𝑃 and 𝑄, which in this context represents the safety distance (𝐷ௌ), which is the straight-
line distance between point 𝑃(𝑥଴,𝑦଴) and point 𝑄(𝑥ଵ,𝑦ଵ)  in the 2D workspace. 

 

Figure A5. The approach to computes the Euclidean distance between points P and Q, which in 
this context represents the safety distance (𝐷ௌ) which is the straight-line distance between point 𝑃(𝑥଴,𝑦଴) and point 𝑄(𝑥ଵ,𝑦ଵ)  in the 2D workspace. 

Alternatively, using polar coordinates, the Cartesian coordinates (𝑥ଵ − 𝑥଴)  and (𝑦ଵ − 𝑦଴) can be converted to the polar coordinates r and 𝜃 using trigonometric func-
tions sine and cosine as follows: 𝑟 = 𝐷௦, (𝑥ଵ − 𝑥଴) = 𝑟 cos𝜃 ,𝑎𝑛𝑑 (𝑦ଵ − 𝑦଴) = 𝑟 sin𝜃 (A10)𝑟 = ඥ(𝑟𝑐𝑜𝑠𝜃)ଶ + (𝑟𝑠𝑖𝑛𝜃)ଶ (A11)

This expansion ensures that the planned paths maintain a buffer around obstacles 
proportional to 𝐷௦. 
A.5.3. Weight Function Definition 

For each edge: 𝐸 = 𝑒௜௜ାଵ :𝑤௜,௜ାଵ = 𝛼𝑑௜,௜ାଵ + 𝛽 ൬ ଵఋ೔,೔శభ൰  ,𝑤 here 𝑑𝑖,𝑖+1  is the Euclidean 

distance between vertices 𝑖  and 𝑗  (in metres). 𝛿𝑖,𝑖+1  reflects the computed safety dis-
tance (𝐷𝑠). It is the minimum clearance from obstacles along the edge connecting vertices 𝑖  and 𝑖 + 1  (in metres). 𝛼 represents the weight assigned to the path length (coefficient 
for distance, reflecting preference for shorter paths).  𝛽  represents the safety weight (the 
importance of maintaining a safe distance from obstacles). 

• Apply an iterative optimisation loop to minimise the total distance: 𝑃௠௜௡ = 𝑚𝑖𝑛 (௜,௜ାଵ)∈௣∑𝑤௜,,௜ାଵ (A12)

where P is a path, defined as a sequence of connected edges between the start and goal 
vertices. ∑𝑤௜,௜ାଵ  is the total distance of the path sum of all edge weights along 𝑃,𝑎𝑛𝑑 𝑤௜,௜ାଵ  is the weight of moving from vertices 𝑖 𝑎𝑛𝑑 𝑖 + 1.  𝑚𝑖𝑛 (௜,௜ାଵ)∈௉  is the 
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optimisation operator to find the path 𝑃୫୧୬ that yields the minimum total distance among 
all possible paths between the start and goal nodes. 𝑃୫୧୬ is the optimal path (the sequence 
of edges with the lowest cumulative distance. 

• Introduce obstacle expansion margins to prevent near-obstacle travel. 
• Execute Dijkstra’s search using updated weights to obtain a safe and efficient path. 

𝑊෡ = arg 𝑚𝑖𝑛௉ୀ(௪బ,…,௪೙)  ∑ ൤𝛼𝑑 ௪೔௪೔శభ + 𝛽( ଵఋೢ೔ೢ೔శభ)൨௡ିଵ௜ୀ଴   (A13)

Subject to (s.t) 
a. The path 𝑃 = (𝑤଴, … ,𝑤௡), set of all paths from start 𝑤଴ = 𝑠௜ ,  𝑤௡ = 𝑔௜ 
b. 𝑑(𝑤௜ ,𝑤௜ାଵ): Euclidean distance between consecutive waypoints. 
c. 𝛿(𝑤௜ ,𝑤௜ାଵ): minimum obstacle clearance along the edge. 
d. 𝛼, 𝛽: weighting parameters balancing path length and safety. 
e. Repeat for all robots sequentially or in parallel (depending on communication con-

straints). 
The operations of the OCA are illustrated in Figure A6. 

 

Figure A6. The operation of the OCA. 

Pseudocode placeholder: Algorithm A3: optimisation central algorithm (OCA) 
Algorithm A3. Optimisation algorithm for OCA. 

Inputs: Start point 𝑆, Goal point 𝐺, Obstacles 𝑂, and Weights 𝛼,𝛽 
Output: Optimised safe path 𝑃opt 

1. Graph Generation (via OCA): G (V, E) 
2. Obstacle Expansion by safety Distance δ 
3. Edge weigh Computation: For each edge 𝑒௜௝ ∈ 𝐸ᇱ: 𝑤௜,௜ାଵ = 𝛼 ⋅ 𝑑௜,௜ାଵ + 𝛽 ⋅ (1/𝛿௜,௜ାଵ) 
4. Construct graph 𝐺′(𝑉ᇱ,𝐸′) 
5. Path Optimization (Dijkstra): 𝐺′, 𝑆,𝐺,𝑤௜,௜ାଵ 
Optimised safe path 𝑃opt 

Advantages: 

• Ensures high safety standards. 
• Avoids close-proximity paths that may be risky in real-world applications. 
• Retains path optimality and computational feasibility, i.e., selects the most efficient 

and safe route by minimising the total weighted cost accumulated along the candi-
date paths between the start and goal nodes. 
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