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Abstract

Multi-robot systems have gained significant attention due to their potential to accomplish tasks more
efficiently and robustly than individual robots. One of the critical challenges in such systems is ensuring
collision-free path finding and effective coordination among multiple robots. This paper presents an in-
depth analysis of various multi-robot coordination strategies and collision-free path finding algorithms,
along with their practical applications in diverse domains. We investigate centralized, decentralized, and
hybrid coordination approaches; compare collision-free path finding algorithms like potential field
methods, probabilistic roadmaps, and sampling-based techniques; and discuss their implementation
challenges and potential solutions. Through case studies in warehouse automation, agriculture, search
and rescue, and surveillance, we demonstrate the real-world impact of these strategies. Moreover, we
highlight the current challenges and future directions in multi-robot coordination and path finding
research.

Categories: Optimization Algorithms, Robotics, Distributed Systems
Keywords: distributed optimization, hybrid approaches, multi-robot coordination, multi-robot systems, path finding
algorithms, path planning

Introduction And Background

Multi-robot systems have evolved from being mere theoretical constructs to transformative technologies,

with applications across industries such as logistics, agriculture, search and rescue, and surveillance [1-3].

In such systems, multiple robots collaborate to perform tasks more efficiently, achieve higher throughput,

and ensure robustness in dynamic environments. A critical aspect of ensuring the success of these systems
is the coordination of multiple robots to navigate through their environment while avoiding collisions and
effectively reaching their destinations [4,5].

Traditional single-robot path finding approaches often fall short in the multi-robot context due to
interactions between robots, dynamic obstacles, and the need for real-time adaptability [6-8]. Figure I
provides a schematic overview of the three principal coordination architectures - centralized,
decentralized, and hybrid - each of which addresses these challenges in a different way. In the centralized
architecture, a single planning server maintains a global map and allocates tasks to all robots, ensuring
globally optimal paths but risking a single point of failure. The decentralized approach distributes
decision-making across peer nodes, each equipped with local sensing and consensus modules, which
enhances robustness at the cost of potentially suboptimal global performance. The hybrid model
combines a global overseer with autonomous local agents to strike a balance between optimality and fault
tolerance (see Figure I).
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FIGURE 1: Centralized, Decentralized, and Hybrid Co-ordination
Architecture

This study aims to comprehensively analyze multi-robot coordination strategies and algorithms for
collision-free path finding. Our goals encompass categorizing coordination methods, exploring path
finding algorithms, presenting an analytical model, showcasing practical applications, and identifying
challenges and future directions.

Review
Summary of literature review on multi-robot path planning and
coordination

Table I presents a comprehensive summary of literature review in the field of multi-robot path planning
and coordination. The table summarizes key studies on multi-robot path planning, highlighting the focus
areas, key contributions, results, and challenges faced by each research group.
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Authors Focus Area

Banik et .
Path-planning approaches

al. [9] .
for multiple robots

Mao et  Time-Optimal Path

al. [10] Parameterization (TOPP)
algorithm
Behavior Prediction

Han et Kinematic Priority Based

al. [11] Search (BK-PBS) for
mixed-traffic environments
Multi-agent path planni

Tian and . g path planning
combining deep

Zheng ) )

[2] reinforcement learning and
collision avoidance
Allocation, motion

Huand planning, and exploration

Pei[13]  strategies for multi-robot
collaboration

Abujabal

ot :Ija @ Classification of multi-robot

' path planning approaches

(14]

Miao et  Multi-chain robot path

al. [15] planning (MCRPP) with

MT-SIPP algorithm

Key Contribution

Categorized methods into classical,
heuristic, and Al-based; bio-inspired
methods optimize adaptability in
uncertain environments

Optimized execution time for multiple
car-like robots by prioritizing collision-
free trajectory timing

Forecasted HDV responses to CAV
maneuvers, improving coordination
through kinematic constraints and
priority-based search

Guided agents effectively through grid
environments while minimizing
collisions

Optimized WOA for faster exploration
and employed dynamic Voronoi
partitioning for better area coverage

Emphasis on bio-inspired and Al
methods; identified challenges like
fault tolerance and dynamic target
management

Increased solution success rate and
solvable instances for complex multi-
chain interactions

Results

Highlights growing trends
towards hybrid approaches
with Al being more effective in
real-time applications

Achieved 10-20%
improvement in makespan
through simulations and
hardware experiments

Reduced collision rates and
travel delays in highway
merging scenarios with varying
traffic densities

Demonstrated significant
collision probability reduction

Improved exploration
performance and speed;
highlights the need for robust
obstacle avoidance

Provides research gaps to
enhance energy efficiency and
robustness in multi-robot
systems

Achieved 30% higher success
rate and 50% more solvable
instances

Challenges

Al methods outperform
heuristic and classical
methods in dynamic
environments

Effective for cluttered
environments; dependent
on accurate priority
queue management

Superior to rule-based
and reinforcement
learning models in
mixed-traffic scenarios

Potential applications in
real-world scenarios;
requires scalability for
larger systems

Addressing unexpected
barriers in unfamiliar
environments remains
critical

Dynamic targets and
energy efficiency are key
areas for improvement

Effective conflict
management (travel,
waiting, station) for multi-
train processes

TABLE 1: Summary of Literature Review on Multi-Robot Path Planning and Coordination

CAV, Connected and Autonomous Vehicles; HDV, Human-Driven Vehicle; WOA, Whale Optimization Algorithm

Multi-robot coordination strategies

Centralized Approaches

Centralized coordination involves a single controlling entity making decisions for all robots to enhance
system performance [16]. This typically employs global planning, task allocation, and auction-based
methods for optimized task distribution, path planning, and resource efficiency.

Decentralized Approaches

Decentralized coordination involves robots making decisions independently, eliminating the need for a
central controller. Consensus-based approaches enable robots to communicate and agree on actions [17].
Swarm intelligence utilizes collective robot behavior for tasks via local interactions, while distributed
optimization allows robots to collaboratively solve problems by sharing information in a decentralized
way [18].

Hybrid Approaches

Hybrid coordination strategies combine elements of both centralized and decentralized approaches to
harness their respective benefits. Hierarchical planning divides the coordination problem into levels of
complexity, optimizing different aspects at various levels. Market-based approaches allow robots to

negotiate tasks through market mechanisms, balancing efficiency and fairness.

Model for Analysis
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Purpose of the analysis: The model/framework for analysis aims to provide a structured approach to
evaluate and compare multi-robot coordination and collision-free path finding strategies and algorithms

3].

Inputs Coordination Modules Path Planning
- Tasks - Centralized - Potential Fields
—_— e
- Robot Characteristics - Probabilistic Roadmaps
- Decentralized
- Environment Data - Sampling Methods
- Hyjorid

Output Metrics
- Completion Time

- Path Optimality
- Resource Utilization
- Collision Avoidance Rate

- Scalability

FIGURE 2: Depicting the Analytical Framework for Evaluation and
Comparison

Figure 2 illustrates our analytical framework, organizing the evaluation process into four interconnected
modules. First, the Inputs block gathers all necessary specifications - task definitions, robot characteristics
(e.g., kinematics, sensor ranges), and environmental data (map layouts, obstacle positions). These inputs
feed directly into the Coordination Modules, where one of the three paradigms (centralized, decentralized,
or hybrid) handles task allocation and high-level decision-making. Concurrently, the Path Planning block
applies collision-free algorithms - potential-field methods, probabilistic roadmaps, and sampling-based
techniques - to compute safe trajectories under the chosen coordination scheme. Finally, the Output
Metrics block captures quantitative performance indicators - completion time, path optimality (measured
via path length and energy consumption), resource utilization efficiency, collision avoidance rate, and
scalability - to enable a fair, systematic comparison across different strategies and algorithms. By
structuring the model in this modular fashion, we can precisely trace how variations in coordination or
planning methods impact each performance metric, thereby supporting rigorous, apples-to-apples
evaluations of multi-robot systems [3]. It facilitates a systematic assessment of performance, enabling a
fair comparison among various approaches.

Analytical formulation: The analysis employs a set of mathematical equations to quantify performance
metrics such as completion time, collision avoidance rate, and resource utilization. These equations
incorporate variables related to robot characteristics, environment complexity, and coordination
algorithms.

Equation (1) quantifies completion time for a centralized coordination strategy. Let n be the number of
robots and be the completion time.

Teomp = 1 - Trask + Teomm ey

where:

Tiasr s the time taken by a single robot to complete its task.

Teomm is the communication time required for coordinating tasks centrally.
Equation (2) quantifies the cost associated with a decentralized coordination strategy.
Let

Caec represent the cost, then

Caee = Tiask + Teom + Z Cother, (2)

i=1

2025 Mahule et al. Cureus J Comput Sci 2 : es44389-024-02894-6. DOI https://doi.org/10.7759/s44389-024-02894-6 40f13


javascript:void(0)
https://assets.cureusjournals.com/artifacts/upload/figure/file/16029/lightbox_5b3b80401ce511f0ab68e1eb12711c5e-output-1-.png
javascript:void(0)
javascript:void(0)

Cureus Journal of Computer Science

Cother;  represents any additional costs incurred by robot i due to its interactions with other robots.

Application of algorithms: The analytical model showcases how different coordination strategies and
collision-free path finding algorithms interact within the established equations. For instance, centralized
approaches can be assessed by integrating their decision-making logic into the equations, while
decentralized methods can be simulated by considering the impacts of local interactions.

The provided block diagram (Figure 3) illustrates three coordination approaches. The Centralized Strategy
employs global planning algorithms, like Optimal Assignment and Path Optimization, based on sensor
inputs and communication channels to create optimal task assignments and paths. On the other hand, the
Decentralized Strategy enables individual robots to decide using local data, using Decentralized Path
Planning and Task Allocation algorithms for specific paths and tasks. The Hybrid Strategy combines
centralized and decentralized aspects through Hierarchical Coordination or Market-Based Methods for
adaptable and effective coordination, all driven by the Established Model's environmental data, tasks, and

constraints.
Centralized
Strategy
Established
Processed Model
Information

Decentralized
Strategy Block

Input Data ‘
Established

Block
Local Plans &

Assignment
Hybrid
Input Data Strategy

Combined Established

Plans & Model
Assingment

FIGURE 3: Block Diagram - Interaction of Coordination Strategies

Performance metrics: To evaluate the effectiveness of surveyed coordination strategies, a set of
performance metrics is employed:

1. Completion Time: Measures time taken for all robots to finish tasks, indicating efficiency.

2. Path Optimality: Assesses generated paths' efficiency using metrics such as length, energy
consumption, and energy use (includes utilization balance, idle time minimization).

3. Resource Allocation Efficiency: Gauges task assignment effectiveness, considering workload balance.
4. Collision Avoidance Rate: Shows successful collision prevention, indicating safe interactions.
5. Scalability: Tests strategy performance with varying robots/tasks, assessing adaptability.

Analyzing these metrics helps understand strengths and limitations, aiding strategy selection for multi-
robot scenarios.

Consideration of practical factors: The comprehensive analysis incorporates real-world factors like robot
dynamics, communication constraints, and environmental uncertainties. These elements bring
authenticity to evaluating coordination strategies. By addressing these complexities, the analysis provides
insight into how practical issues can influence surveyed approaches. This integration enhances research
applicability, connecting theory with real-world implementation.

Collision-free path finding algorithms
Potential Field Methods
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Potential field-based algorithms create virtual attractive and repulsive forces that guide robots toward
their goals while avoiding obstacles [19,20]. Stern et al. [4] categorize potential-field, roadmap, and
sampling methods, and benchmark them on grid and continuous maps. These methods provide a simple
and intuitive approach to collision avoidance. Attractive forces pull robots towards their targets, while
repulsive forces push them away from obstacles.

To represent the attractive and repulsive forces used in potential field methods (Equation 3). Let Fur
represent the attractive force, Frep represent the repulsive force, and Fret represent the net force:

Fnet = Fattr - FTep (3)
where:
Futtr| = kattr - (Goal — Current Position) (4)

()

o 2": i Obstacle; — Current Position
rep = 2 " ||Obstacle; — Current Position||?

kaur andkrep are constants regulating the strength of the forces.
Probabilistic Roadmaps

Probabilistic roadmap techniques use randomized sampling to build a roadmap of the environment
[6,8,21]. These graphs represent feasible paths for robots to follow. Yu and LaValle [5] present PRM* and
Lazy PRM, demonstrating trade-offs between initial build time and eventual path optimality. PRM*
iteratively refines the roadmap to improve path quality, while Lazy PRM focuses on reducing computation
time by deferring path refinement until necessary. A 2D graph shows the X-axis representing the robot's
configuration space and the Y-axis representing the free space in the environment. The graph represents a
set of sampled configurations for the robot. In this PRM graph (Figure 4), each row corresponds to a
configuration of the robot in the environment.

PROBABILISTIC ROADMAP (PRM)
PERFORMANCE ANALYSIS

1.2

0.8
0.6
0.4

FREE SPACE

0.2

0 5 10 15
CONFIGURATION

FIGURE 4: Graph - Comparative Evaluation of Pathfinding Efficiency
Using Probabilistic Roadmaps

Sampling-Based Methods

Sampling-based algorithms, exemplified by Rapidly exploring Random Trees (RRT) and RRT*, construct
tree-like structures in the configuration space [7,22]. They explore the space to find collision-free paths by
gradually growing a tree toward the goal. RRT* optimizes the tree structure to converge towards near-
optimal paths.

The calculation of the Euclidean distance between two configurations in the configuration space is shown
in Equation (6):
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Metric

Completion Time

Path Length

Resource Utilization
Communication Overhead

Scalability

d(q1, q2) =

Z(QM - Q2i)2 )

i=1

4] | »] aretwo configurations in the n-dimensional configuration space.

4] | »] represent the ith dimension values of the configurations.

Comparative analysis and observations

Comparison Metrics

To compare coordination strategies and algorithms, key metrics are identified, including completion time,
path length, resource utilization, communication overhead, and scalability (Table 2). These metrics enable
a comprehensive evaluation of the different approaches' performance.

Centralized Approach A Decentralized Approach B Hybrid Approach C
25 units 40 units 30 units

100 units 120 units 110 units

75% 80% 85%

10 units 15 units 12 units

High Moderate High

TABLE 2: Comparison Metrics

Comparative Analysis

Figure 5 highlights the advantages and limitations of the surveyed strategies and algorithms. Centralized
approaches excel in optimization but suffer from single points of failure. Decentralized strategies exhibit
adaptability but may struggle with convergence. Hybrid approaches seek a balance between the two.
Collision-free path finding algorithms vary in terms of efficiency, optimality, and complexity.

TIME TAKEN COMPARISON: COMPLETION
DURATIONS

20
w
£
- 15 -
S 10 — —
k]
£ 5
[=]
o
0
Centralized A Decentralized B Hybrid C
Tasks
e Task 1 (s) e Task 2 (s)
Task 3 (s) Task 4 (s)

e Task 5 (s)

FIGURE 5: Comparative Completion Time

Figure 5 provides a visual representation of completion times across different scenarios. It compares three
distinct strategies: Centralized Approach A, Decentralized Approach B, and Hybrid Approach C. The
chart's X-axis represents scenarios, and the Y-axis signifies completion time. Each approach'’s line depicts
its performance, allowing for a quick assessment of efficiency in achieving goals across various scenarios.
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The calculation of the resource utilization efficiency for each strategy is shown in Equation (7):

Total Res z
Resource Utilization Ef ficiency = Tot;l i{eljte)z(rnézgez;vl{;le(ile x 100% %)

where:
Total Resources Used is the sum of resources consumed by all robots.
Total Resources Available is the total resources available for all robots.

Resource Utilization Efficiency: Represents the percentage of resources effectively utilized in comparison
to the total resources available.

Total Resources Used: Refers to the cumulative amount of resources consumed by all robots during the
operation. This includes energy, time, or other quantifiable metrics specific to the task.

Total Resources Available: Denotes the total potential resources allocated for all robots. This is the
maximum capacity of resources that can be utilized for a given operation.

Observations

The comparative analysis reveals insights into the strengths and weaknesses of various strategies and
algorithms. It becomes evident that the choice of strategy or algorithm depends on the application's
requirements, the environment's complexity, and the available resources.

Real-world deployments

Warehouse Automation

Warehouse environments require efficient coordination and collision-free path finding for the movement
of robotic vehicles [2,23,24]. The surveyed strategies and algorithms find application in optimizing the
movement of robots within warehouses, ensuring timely and safe material handling.

EFFICIENCY LEVELS OF DIFFERENT
WAREHOUSE AREAS

95 92 91
< 90 85
o 85
o 78
E 80
70
Area A Area B Area C Area D

Area's

FIGURE 6: Warehouse Area Efficiency Comparison

Figure 6 illustrates the varying efficiency levels among different sections within the warehouse. Each bar
corresponds to a specific warehouse area, while the vertical axis quantifies the achieved efficiency
percentage. This visual tool offers an intuitive means to compare and contrast the performance of various
areas, facilitating the identification of zones that may require optimization or enhancements.

Agriculture and Environmental Monitoring

In precision agriculture, multi-robot systems can optimize planting, irrigation, and harvesting processes.
These systems can navigate complex terrains and collect data for crop monitoring. The surveyed
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techniques aid in path planning to maximize crop yield and minimize resource consumption [7,22].

D1
Central
Control
Communication Line
D2
Communication Line > D3

FIGURE 7: Multi-Robot System for Environmental Monitoring

In this scenario, a multi-robot system has been devised to monitor environmental conditions (Figure 7).
Drones (D1, D2, D3) stationed at various field locations independently collect data. A central control unit
manages communication and coordination, ensuring synchronized operations. This approach results in a
comprehensive environmental dataset that supports informed decision-making. The diagram depicts how
drones equipped with sensors collaboratively enhance data collection and analysis for effective
environmental monitoring.

Another visualization, a line chart (Figure 8), depicts the trend of data collection over time. With time
periods on the X-axis and collected data volume on the Y-axis, the chart presents fluctuations in data
accumulation across months. This provides valuable insights into data accumulation trends and
variations.

DATA COLLECTION

560
540
520
500
480
460
440
420
400
Month 1 Month 2 Month 3 Month 4

Time Period

Data Collected (units)

FIGURE 8: Data Collection Trends Over Time: Monthly Variations

Search and Rescue

In search and rescue operations, multi-robot systems can be deployed to locate survivors in disaster-
stricken areas. Efficient coordination and path finding are crucial for covering large areas while avoiding
obstacles [25-27]. The surveyed algorithms contribute to effective exploration and localization.

Incorporate Equation (8) to represent the coverage area of a multi-robot system during search and rescue
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operations:

Coverage Area = - R*- N 8)

where:

Coverage Area: The total area covered by the deployed robots.

R: The sensing radius of each robot, representing the effective distance within which a robot can sense its
surroundings.

N: The total number of robots deployed for coverage.

T (pi): The mathematical constant ~3.1416, used to compute coverage area under the assumption of
circular sensing regions.

A bar chart in Figure 9 visually compares the success rates of search and rescue operations in distinct
zones. Each bar corresponds to a specific zone, while the vertical axis shows success rate percentages. The
chart provides an immediate understanding of the differences in success rates across various zones, aiding
in identifying areas of higher effectiveness.

ZONE-WISE SUCCESS RATES IN SEARCH AND

RESCUE OPERATIONS
__100
£ g0
Q
®T 60
(-4
@ 40
@
S 20
=]
“ 0
Zonel Zone 2 Zone 3 Zone 4

Operation Area

FIGURE 9: Search and Rescue Success Rates by Zone

Efficient path planning is crucial in search and rescue operations. The work seamlessly aligns with this
context, spotlighting how advanced algorithms bolster firefighting robots. Algorithms like Probabilistic
Roadmaps, RRT, and A* empower robots to navigate intricate indoor environments swiftly, enabling agile
responses during emergencies [24]. Notably, A* stands out, showcasing its potential for real-world search
and rescue applications [24,28].

Surveillance and Security

Surveillance applications involve coordinating robots to patrol areas and monitor for intrusions [29-30].
Collision-free path finding ensures efficient coverage and minimizes blind spots [31]. The surveyed
strategies and algorithms enhance the surveillance capabilities of multi-robot systems.

This line chart in Figure 10 displays the fluctuations in detected incidents over several weeks. The X-axis
represents time periods in weeks, while the Y-axis shows the count of incidents detected. The graph offers
a clear overview of the changing patterns of detected incidents throughout the specified weeks.
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WEEKLY INCIDENT DETECTION
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FIGURE 10: Incident Detection Trends Over Weeks

Challenges and future directions

Current Challenges

The survey identifies existing challenges of multi-robot systems such as scalability, real-time
performance, communication constraints, robustness to failures, heterogeneous robot systems, multi-
agent path finding (MAPF), and safety concerns. Achieving scalability as the number of robots rises is one
of the biggest obstacles in multi-robot systems. Coordination and communication become progressively
more complicated as the number of robots in a system increases. Furthermore, networks may become
overloaded due to increasing robot communication, which might cause synchronisation problems, delays,
or message loss. Another significant issue is resource contention, which may result in congestion or
ineffective operations as robots vie for scarce physical space, charging stations, or work assignments. The
study of MAPF, an optimisation problem on graphs, has been conducted since it is crucial for real-world
multi-robot systems to plan courses for several robots that do not collide [8].

Scalability in multi-robot systems denotes the capacity to sustain performance with an increasing number
of robots; however, it poses several obstacles. As the number of robots increases, communication
overhead escalates, resulting in network congestion and delays. Coordination gets more intricate,
complicating work allocation and dispute resolution. Decentralisation of computation often complicates
the maintenance of consistency and efficiency. Moreover, physical space is a limitation, increasing the
likelihood of accidents and interference. These issues must be resolved to guarantee efficient and scalable
multi-robot operations [6,14].

Future Directions

Future research directions include developing adaptive and robust coordination strategies that can handle
dynamic environments and unforeseen obstacles. Integrating machine learning and Al techniques could
enhance the adaptability and efficiency of path finding algorithms. Exploring strategies for human-robot
collaboration and addressing ethical considerations are also important areas of development. In-depth
investigation of bio-inspired swarm algorithms, integrated with real-time environmental sensing and
predictive modelling, has considerable promise for enhancing coordination in chaotic and unpredictable
real-world situations. This methodology may result in more autonomous, robust, and contextually aware
multi-robot implementations across various industries.

Conclusions

In conclusion, this paper has presented a comprehensive exploration of multi-robot coordination
strategies and collision-free path finding algorithms. The significance of these techniques across domains
like warehouse automation, agriculture, search and rescue, and surveillance has been showcased. While
challenges exist, the potential for enhancing these strategies and algorithms to address real-world
complexities is promising. As technology advances, the role of multi-robot systems in shaping various
industries is set to expand.

Additional Information
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