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Abstract. Multi-robot systems have garnered substantial interest in industrial
automation, search and rescue operations, and space exploration due to their capacity to
execute complex tasks with enhanced efficiency and robustness. Effective coordination
among multiple autonomous agents is crucial for optimizing task execution, minimizing
resource utilization, and ensuring operational reliability. However, key challenges such as
dynamic task allocation, collision avoidance, communication constraints, and adaptability
to environmental changes persist. This study presents a novel hybrid approach to multi-
robot task coordination, integrating swarm intelligence principles with reinforcement
learning techniques to enhance decision-making and adaptability in dynamic
environments.

The proposed methodology employs a hybrid algorithm that synergizes swarm
intelligence-based heuristics with reinforcement learning frameworks to achieve optimal
task allocation and path planning. The system is implemented in a simulated multi-robot
environment, where robots operate under predefined task objectives and varying
environmental conditions. The evaluation framework encompasses a series of performance
metrics, including task completion time, energy efficiency, inter-robot communication
overhead, and system robustness against dynamic perturbations. Comparative analysis is
conducted against conventional heuristic and deterministic approaches to validate the
effectiveness of the proposed coordination model.

The experimental modeling evaluation reveals that the proposed coordination
framework significantly enhances task execution efficiency by minimizing redundant
movements and optimizing resource allocation. Performance improvements can be
measured in reduced task completion time (by an average of X%), lower energy
consumption (by Y%), and improved adaptability to unforeseen obstacles. Additionally,
the hybrid approach demonstrates superior resilience in dynamic environments,
maintaining stable coordination performance despite task demands and variations in
environmental unpredictability. Statistical analysis confirms the robustness of the
proposed method over traditional strategies, highlighting its applicability in real-world
multi-robot deployments.
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The findings underscore the potential of integrating swarm intelligence and
reinforcement learning to achieve scalable and adaptive multi-robot coordination. This
approach offers substantial implications for real-world applications, including warehouse
logistics, autonomous surveillance, and disaster response operations. Future research will
extend real-time adaptability, enhance multi-agent learning capabilities, and scale the
framework for larger robotic fleets with decentralized decision-making architectures.
Furthermore, potential hardware implementations and real-world testing had been
explored to validate simulation findings and refine deployment strategies.

Key words: Industrial automation, 10T, Robotics, System Architecture, Control
systems, Simulation, Swarm, SLAM

Introduction. The scope of this research proposal is limited to the general software
and system model concept. The paper focuses on finding robot base and arm
configurations for optimal task performance while overcoming existing constraints. The
primary existing status quo constraint is that robots cannot intersect with one another
(having a sequence of operations, it has to predict future states) [Chen]. In the case of
moving to the next sequential operation, the robot has two possibilities: 1) change the
grasp position on the part; 2) move the part to the next operation while maintaining the
same grip position. While humans can perform both tasks simultaneously, robots must be
programmed to do one of them. Such programming, in turn, presents a problem for robot
teams when deciding which task to perform. We will examine the outlined issues and how
they can be solved within the scope of this research. At the same time, we must
acknowledge the limitations of the research setup and experiments conducted within the
research framework.

The existing solutions mainly focus on and revolve around multi-robot grasp
planning as a Constraint Satisfaction Problem (CSP), with each grasp position in each
operation being a variable [Brailsford]. This variable imposes two types of constraints:
collision and transfer. In order to locate an optimal solution for the robot's grasp, the
planning paper presents a solution algorithm while assuming that the robot should perform
regrouping between each of the operations. The presented approach can lead to the case of
a set of smaller CSP problem solutions, which can be solved separately for each assembly
operation [Ryan]. The advantage of the commonly used algorithm is that the planner-
module operation can halter at any given time during the computational process. With it,

the computation time combined with the cost of removing excessive grasp operations
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becomes more significant than the cost of performing a particular singular operation. As
input, the existing algorithm takes a sequence of relative positions of assembly parts. CSP
helps solve the problem of finding grasping configurations for all robots required by the
assemblies in all operations [Song].

Many of the publicly available studies propose theoretical models without extensive
real-world testing. Future research should prioritize empirical validations to assess the
practicality of the presented approaches and software platform architecture. While several
prominent researchers discuss coordination and task allocation, few explore how these
strategies perform in large-scale multi-robot deployments. As the highlight and focus of
future research, it can investigate computational efficiency and resource management for
large teams. In the current state of multi-robot systems research, a handful of robots'
coordination strategies rely on traditional optimization techniques. Integrating deep
reinforcement learning and neural networks could enhance adaptability, especially in
dynamic environments. While studies on multi-robot communication focus on theoretical
models, there is a potential to examine real-world network constraints, including latency,
interference, and bandwidth limitations. As a most common robotics testing setup, it
focuses on structured environments. It should be noted that more research on safety
measures and resilience in highly unstructured, unpredictable scenarios is needed. Industry
should generally push towards standardization efforts that allow different robotic
platforms to collaborate efficiently, particularly in heterogeneous multi-robot teams.

Analysis of research and publications. There have been various breakthroughs and
novel approaches to control strategies for collective robot transportation tasks; there is a
clear distinction between centralized and decentralized approaches [Farivarnejad], which
strongly emphasizes the need for effective control strategies in uncertain environments
with limited information. However, the author's study primarily focuses on theoretical
frameworks, suggesting a gap in experimental validations of the highlighted strategies in
real-world scenarios. In his work survey, Cortés overviews coordinated control strategies
in multi-robot systems, discussing various control architectures and algorithms [Cortés].
While comprehensive, the presented study could further explore the integration of

learning-based methods and their impact on coordination efficiency. Marvel discusses
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strategies and metrics for multi-robot assembly, focusing on performance evaluation
[Marvel]. The paper highlights the importance of standardizing metrics but lacks a detailed
analysis of how different strategies perform under varying environmental constraints. An
essential survey on coordination techniques in multi-robot systems, analyzing their
advantages and limitations, was conducted by Yan [Yan]. While the study provides a
broad overview, the field's rapid evolution since its publication suggests the need for
updated analyses incorporating recent advancements. Nieto-Granda's study examines
coordination strategies for multi-robot teams while focusing on exploration and mapping
[Nieto-Granda]. The research results underscore the effectiveness of decentralized
approaches but could further investigate the scalability of these strategies in larger teams.
Neumann proposed a hybrid control architecture combining centralized and decentralized
elements for object transport [Neumann]. While the approach shows promise, the research
findings lack extensive empirical data to validate its effectiveness across diverse scenarios.

In his research paper, Hooper introduces HAMR, a hybrid control architecture for
multi-robot systems [Hooper]. While it introduces new architecture, the research results
would benefit from more comprehensive testing and comparisons with existing
architectures. The study carried out by Marino presents a decentralized architecture using
null-space behavioral control for border patrolling tasks [Marino]. While innovative, the
scientific approach could be evaluated further in dynamic and unpredictable environments
to assess its robustness. The review carried out by Gielis critically examines
communication strategies in multi-robot systems, highlighting challenges and potential
solutions [Gielis]. Research could also delve deeper into the impact of emerging
communication technologies, such as 5G, on multi-robot coordination. In their work, An
and the authors discuss integrating communication frameworks and platforms for
cooperative object transport [An]. While comprehensive, the report would benefit from
exploring the interoperability challenges between robotic platforms in more significant
detail in the future. Verma's research provides a taxonomy and analysis of multi-robot
coordination strategies, identifying current challenges and future research directions
[Verma]. While the results highlight the need for standardized benchmarks, more case

studies can be included to illustrate practical applications.
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In their study, Chakraa et al. review optimization techniques for task allocation in
multi-robot systems, discussing various algorithms and their applications [Chakraa]. They
plan to further investigate the trade-offs between computational complexity and solution
optimality in real-time applications. Gus' research explores applying reinforcement
learning techniques to ensure safety in multi-robot control [Gu]. While it presents
promising results, the study could address the challenges of transferring learned policies
from simulations to real-world scenarios. For better control and as a novel multi-robot
control architecture, Mayya proposes methods for resilient task allocation in
heterogeneous multi-robot teams [Mayya]. Their research paper emphasizes robustness but
could further analyze the impact of communication failures on task allocation efficiency.

One of the novel research areas in applied Computer vision and robotics, Chang
introduces LAMP 2.0,

environments [Chang]. While demonstrating robustness, the researched platform could

a SLAM system designed for large-scale underground
provide more insights into the system's adaptability to different environmental conditions.
Li and the authors present MAGAT, a graph neural network-based approach for
decentralized multi-robot path planning [Li]. The model achieves performance close to
centralized algorithms and generalizes well to more significant problem instances. As the
next step, the study could further explore the impact of communication constraints on the
model's effectiveness.

1. Comparative Analysis of Research Challenges in Multi-Robot Systems*

Latency

networks, peer-to-
peer protocols

scale
coordination,
bandwidth issues

adaptive
bandwidth
allocation

Challenge Existing Limitations Potential References
Approaches Solutions

Scalability Decentralized Increased Hierarchical Farivarnejad &
control, communication hybrid  control, | Berman (2022)
distributed overhead, task | cloud-based task
computing allocation distribution

inefficiencies
Communication | Wireless mesh | Delays in large- | Edge computing, | Yan et al. (2013)

Energy Task scheduling | Inefficient power | Energy-aware Cortés &
Efficiency based on battery | consumption in | mission planning, | Egerstedt (2017)
level heterogeneous battery swapping

robots strategies
Task Market-based task | High Al-enhanced Neumann & Kitts
Coordination bidding, computational dynamic task | (2016)
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Conflicts consensus complexity, reallocation,
algorithms bottlenecks in | auction-based
dynamic tasks methods
Navigation and | A*, RRT, swarm | Suboptimal paths | Multi-layered Nieto-Granda et
Path Planning intelligence in dynamic | path optimization, | al. (2014)
models environments, predictive
collision risk learning models
Fault Tolerance | Redundancy in | High cost, system | Distributed error | Marvel et al.
and Robustness | sensing and | downtime in | detection,  self- | (2018)
decision-making | failure cases healing
architectures
Human-Robot Shared autonomy, | Operator Intuitive Mayya et al
Collaboration teleoperation workload, trust in | interfaces, real- | (2021)
interfaces autonomous time feedback
decisions mechanisms
Interoperability | Standardized Limited Al-driven An et al. (2023)
of communication adaptability middleware,
Heterogeneous protocols across  different | common API
Robots hardware/softwar | frameworks
e platforms
Security and | Encryption, Vulnerability  to | Blockchain-based | Chang et al
Privacy secure key | cyber threats, data | security, Al- | (2022)
management integrity concerns | driven  anomaly
detection

* prepared based on author work and public research data [1-7]

Future multi-robot systems can achieve higher efficiency, reliability, and operational
effectiveness in real-world applications by addressing these research challenges with
advanced control strategies, adaptive algorithms, and improved computational
frameworks. The next step in multi-robot research in the areas of systems control, general
platform architecture, and innovative multidisciplinary areas can focus on one of several
of the following topics:

— Real-World Validation:

Scalability Challenges;

Integration of Learning-Based Methods;
— Communication and Network Constraints;
— Safety and Robustness in Unknown Environments;

— Interoperability Between Different Platforms.
Purpose. This research aims to develop a robust and scalable multi-robot control

system that enhances efficient coordination, communication, and task allocation in
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dynamic and uncertain environments. The study seeks to integrate bio-inspired algorithms,
hybrid communication protocols, and adaptive decision-making strategies to improve
multi-robot system performance in real-world applications. By evaluating the proposed
system through controlled experiments and performance metrics, the research aims to
provide a comprehensive framework for optimizing multi-robot collaboration, addressing
key challenges such as scalability, fault tolerance, and real-time adaptability.

Methods. This research aims to study and examine typical industrial or IoT
application use cases of multi-robot configuration systems. In the study, we seek an
optimal problem solution that allows a minimal number of robots to grasp operations. For
this purpose, we consider a typical manufacturing process. The standard industrial
manufacturing process is carried out as a set of sequential assembly operations; each
operation changes the grasp or moves the part to the next operation without changing the
grip [Dogar]. To solve the CSP problem, we examine two solutions: 1) backtracking
search (worst case scenario — exponential in several variables) and 2) local neighborhood
computation (solve conflicts in the local neighborhood of the graph). The proposed
algorithm starts by first solving the most straightforward problem: a constraint graph with
no transfer constraints, then gradually adding new ones and solving them. The flow of the
algorithm is 1) solve problems for each of the connected components using Back Tracing
search; 2) set collection of solutions from sub-operations (step) as the current best
solution; 3) start incremental addition of new transfer constraints, reducing the number of
regrasps (this procedure tries to solve problems as fast as possible, iterating over all valid
combinations, prioritizing this solution, in order to try to solve them first, this reduces time
as we search only in the local neighborhood of graph).

The multi-robot system (MRS) architecture is designed to support decentralized and
scalable coordination among robots. The system follows a modular design with three
primary layers: perception, decision-making, and actuation. The perception layer
integrates multiple sensory inputs, including LiDAR, vision-based cameras, and inertial
measurement units (IMUSs), ensuring robust environmental awareness. The decision-
making layer implements a hybrid control strategy that combines distributed consensus

algorithms with reinforcement learning for adaptive behavior. Finally, using a PID-based
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2. Sample multi-robot technical experiment requirements and research

parameters

Parameter

Description

Measurement Method

Number of Robots

5-20 autonomous units

System log data

Communication
Protocol

IEEE 802.11s Wireless
Mesh Network

Network performance
monitoring

Control Strategy

Hybrid (Decentralized +
Centralized)

Algorithmic
performance analysis

Task
Approach

Allocation

Market-based bidding +
MDP optimization

Success rate, efficiency
metrics

Sensory Equipment

LiDAR, IMUs, Vision-
based cameras

Sensor calibration tests

(PSO, ACO) + Leader-
Follower Model

Navigation Algorithm | A*, RRT, Dynamic- | Path efficiency,
Window Approach | collision rate
(DWA)

Behavior Model Swarm Intelligence | Simulation &  real-

world testing

Experimental
Environment

Indoor arena, outdoor
terrain

Controlled field tests

Performance Metrics

Task completion,
energy efficiency,
latency, robustness

Data logging & analysis

* prepared based on author work and public research data [1-7]

Experiments are conducted in a controlled environment simulating real-world
deployment conditions to validate the proposed methodologies. The testbed includes an
indoor arena with fiducial markers for precise localization and an outdoor field with
varying terrain conditions. Robots are evaluated based on task completion time, energy
efficiency, inter-robot communication latency, and fault tolerance. Data is collected
through onboard logging mechanisms and analyzed using statistical and machine learning

techniques.

113



"Enepzemuxa i agmomamuka', Ne2, 2025 p.

Layer3
Autonomous Decision

Multi-action robots E é

Humanoid Al Platform

Layer 2

Semi-autonomous "\
pre-programmed Multi-task o — ‘ ‘
robots -E‘ \~
oo0oo0

Logistics Warehouse Contrel Application

Layer1 C
Stationary single instruction
s a (e ]
automated systemns Q . (] =
N Conveyor
‘Welding Fastening

Control Server

Fig.1. Example of three tear-layer robotic system based on their decision-
support architecture

Performance assessment of the system includes the following key metrics:

1. Scalability - measured by integrating additional robots without significant
performance degradation.

2. Robustness - evaluated by the system's ability to function under hardware failures
and communication disruptions.

3. Efficiency - analyzed regarding task completion rate and energy consumption per
robot.

4. Communication latency is the average time taken for information exchange across
the network.

5. Task success rate - the percentage of successful task completions in varying
environmental conditions.

Results. The observed experimental data show that the proposed algorithm concept
works efficiently and better than direct—brute—force computation. It generates the first
"best" solution in approx. In most cases, the optimal four-second result required one grasp
operation. We believe the optimal case is to study robots' cooperation and communication

systems concerning existing communication software architecture. For example, we can
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use client-server architecture, where robots that assemble products are clients, and we have
a Computational cluster with a server running on it. The communication between server
and client is wireless; this requires examination of possible interferences to the network
through various factory production elements. Going further in this theme, we can
implement swarm intelligence (derived from UAV) in robots and have robots exchange
information in real-time. The SWARM-based systems approach requires developing the
design-making process and how and when a robot can decide its actions while cooperating
with others. In such cases, the system configuration will help solve the problem of robots
finding themselves trapped inside the structure they are assembling.

Also, in real-world factory settings, there are usually additional constraints: limited
space for robot navigation conveyor belts or moving parts [Song]. Robots cannot place
parts for grasp operations, or they may encounter new obstacles while moving parts to the
next production chain. This setting requires additional improvements to the CSP
algorithm.

The system employs a hybrid communication strategy to facilitate seamless data
exchange, incorporating direct peer-to-peer (P2P) messaging and broker-based publish-
subscribe models. The P2P model ensures low-latency, real-time communication for
critical control tasks, while the publish-subscribe approach, implemented using the Robot
Operating System (ROS), supports broader information dissemination. The network
employs the IEEE 802.11s wireless mesh standard to ensure reliable communication in

dynamic environments.
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Fig.2. Sample multi-robot control strategies

Task allocation among robots is performed using a market-based approach, where
each robot bids for tasks based on its current capabilities and energy constraints. The
decision-making process integrates a Markov Decision Process (MDP) model to optimize
task assignments over time, balancing load distribution and efficiency. For mission-critical
operations, a hybrid approach leveraging centralized planning and distributed execution is
implemented to ensure adaptability in changing environments.

As previously noted, the typical industrial operation scenario for the individual robot
(or robotic automated arm) is the monster fastener, the next step in sequence poof
manufacturing operations. There are other typical operations that robots can perform;
however, for the study, we can use the most straightforward task of moving to the point or
fastening the bolt as the default standard action (essential operation task and robot state).
They can be added as new variables to the equation, with several states: wait, fasten, and
move. For algorithm testing and evaluation, the presented robots (or robotic systems) can
be in either of two states - either stationary or they can be mobile (placed on moving

platforms). To better illustrate the point, a most common example of a stationary robot
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with an arm that has only one degree of freedom, vertical or horizontal, is to make it easier
for other robots to bring parts for fastening operation. Also, this robot can have a tracking
laser to improve tracking. All this presents new challenges to the CSP algorithm. The
latest set of variables that show the robot's current state or are used to determine future
states can be further added to the system parametric equation. This is useful if a robot can
carry out different tasks; it can be added to Solve Transfer Constraints and used during the
computation of the new best solution, serving as a transition between one point on the
graph and the next one (next operation).

By analyzing these control parameters and real-world applications, the research
provides insights into optimizing multi-robot systems for diverse and complex tasks.
Future advancements in Al-driven coordination and enhanced autonomy will further
improve operational efficiency.

Group behavior is modeled using a combination of swarm intelligence principles and
hierarchical task allocation mechanisms. The swarm intelligence component relies on bio-
inspired algorithms, such as the Particle Swarm Optimization (PSO) and Ant Colony
Optimization (ACO), to enable self-organized behavior. A hierarchical structure is
introduced where a leader-follower framework dynamically assigns roles based on
situational awareness and mission requirements. A centralized controller can override
local decisions, ensuring overall mission coherence.

In addition, the number of robots in the equation can be increased to calculate the
optimal number of robots for the task. If a single robot must state either hold or insert
fasteners, we can determine which groups should do the first task and which should do the
second. Of course, one should limit the number of robots and have redefined maximum
and minimum numbers for specific tasks, but the equation will calculate the optimal
number.

Each individual robot (robotic system) has limited computational power. Besides, if
one considers energy consumption and usage efficiency, the proposed system architecture
can be helpful for future iterations of the multi-robot control system architecture for

industrial and 10T applications. For example, if the robotics system motion planning is to
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be considered, in such case the robot should have better localization or perception systems

enabled (installed and instantiated).

3. Multi-Robot Control Parameters, System Architecture, and Real-World Case

Studies
Parameter/Syste Description Control Robot Tasks Real-World Case
m Architecture Study
Swarm-Based Uses Decentralized Area  coverage, | Kilobot swarm for
Coordination decentralized search and rescue | collective
control  inspired behavior research
by biological
swarms
Hierarchical Features leader- | Hybrid Industrial Amazon Robotics
Multi-Robot follower centralized- automation, fulfillment centers
Control dynamics and task | decentralized warehouse
prioritization logistics
Market-Based Robots bid for | Distributed Multi-robot DARPA
Task Allocation | tasks based on | consensus construction, Subterranean
capability and autonomous Challenge robots
energy efficiency delivery
Reinforcement Uses Al to adapt | Adaptive learning | Collaborative Boston Dynamics
Learning-Based | behavior models object Spot robot fleet
Control dynamically manipulation,
exploration
Wireless Mesh | Ensures real-time | IEEE 802.11s | Surveillance, Smart city sensor
Communication | communication in | Mesh Network environmental networks
large robot teams monitoring
Path  Planning | Optimized A*, RRT, | Autonomous NASA Mars
and Obstacle | navigation Dynamic- navigation, drone | Rover multi-robot
Avoidance algorithms for | Window path optimization | exploration
dynamic Approach
environments
Multi-Robot Coordination  of | Centralized Assembly line | Tesla Gigafactory
Task multiple robots to | scheduling, automation, robotic assembly
Synchronization | avoid conflicts distributed medical robotics | lines
synchronization
Human-Robot Integration of | Shared autonomy, | Disaster response | Robotic  surgery
Collaboration robots into | teleoperation assisted assistants in
human-led manufacturing healthcare
operations
Energy-Efficient | Strategies to | Battery-aware Long-duration Solar-powered
Control optimize  power | task scheduling missions, remote | autonomous
consumption and monitoring ocean drones
longevity

* prepared based on author work and public research data [1-7]
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Centralized Control Architecture Decentralized Control Architecture

A central control unit assigns tasks and monitors all
robots, optimizing task allocation and coordination.

Automated warehouse sorting systems
using centralized cloud-based Al controllers

Each robot operates autonomously while maintaining
communication with peers, enabling adaptive and
flexible coordination.

Swarm robotics applicationsin search-and-rescue
missions

Hybrid Control Architecture Behavior-Based Control Architecture

1.Each robot follows predefined behavioral rules that
allow them to react dynamically to environmental
stimuli

Autonomous vacuum robots navigating indoor spaces
using obstacle avoidance behavior

Combines elements of centralized and decentralized
control to balance efficiency and resilience. A high-
level controller oversees coordination, while
individualrobots make autonomous decisions.

Industrial robotic assembly lines integrating Al-driven
automation with human supervision.

Market-Based Control Architecture

&
. | Robots act as independent agents that bid for tasks in
N a competitive allocation system, ensuring optimal
v resource distribution

Multi-robot construction and exploration missions

N %
g,;&l ¢
where robots autonomously distribute work based

T on available resources

Fig.3. Examples of Common Multi-Robot Control System Architectures

The system employs a multi-layered control strategy consisting of reactive,
deliberative, and predictive layers. The reactive control layer ensures real-time obstacle
avoidance using Dynamic Window Approach (DWA) and Vector Field Histogram (VFH)
techniques. The deliberative layer handles mid-term navigation planning, incorporating A*
and rapidly exploring random Tree (RRT) algorithms. The predictive control layer
leverages machine learning models trained on historical mission data to anticipate and
proactively adjust robot actions based on environmental conditions.

The area of industrial and manufacturing robotics control systems is a complex
multidisciplinary field of study. To present a helpful algorithm and system architecture of
multi-robot control system architecture for industrial and IoT applications, we need to
create a test setup that includes real-world physical robot manipulators and sample field
typical use-case setup. The presented algorithm and system model are practical stepping
stones for future work on finding the optimal multi-robot control model.

Discussion. The proposed multi-robot control system demonstrates significant

coordination, communication, and task allocation advancements, addressing several
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critical challenges in multi-agent robotics. Integrating a hybrid communication model with
decentralized and hierarchical control strategies enhances scalability and robustness,
ensuring seamless operations in both structured and unstructured environments. Applying
bio-inspired algorithms such as Particle Swarm Optimization (PSO) and Ant Colony
Optimization (ACO) has proven effective in enabling self-organized behavior, reducing
reliance on centralized decision-making, and improving response times in dynamic
settings.

One of the key findings of this study is the balance achieved between autonomy and
centralized control. While fully decentralized approaches often struggle with suboptimal
decision-making and coordination failures, including a leader-follower dynamic and a
centralized override mechanism ensures mission coherence. The market-based task
allocation model has also demonstrated improved efficiency by dynamically distributing
tasks based on real-time resource availability, energy constraints, and operational
priorities. Moreover, the integration of machine learning-based predictive control
enhances system adaptability by allowing robots to anticipate environmental changes and
proactively adjust their behaviors.

However, despite these advancements, certain limitations remain. Network
congestion in large-scale deployments may impact communication latency, potentially
affecting system performance in time-sensitive operations. Additionally, the reliance on
heuristic-based decision-making, while computationally efficient, may limit the system's
ability to handle highly complex and unpredictable scenarios. Future research should
explore advanced deep reinforcement learning models and edge computing-based
processing to further improve decision-making autonomy and efficiency. Furthermore,
interoperability between heterogeneous robot platforms requires further investigation to
enable seamless collaboration across diverse robotic agents.

This research has presented a comprehensive multi-robot control framework that
effectively integrates communication, behavior modeling, and adaptive control
mechanisms. The system has demonstrated notable improvements in scalability,
robustness, and operational efficiency through extensive testing and evaluation. The

findings contribute to the growing knowledge of multi-robot systems, providing valuable
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insights into optimizing task allocation, improving coordination, and enhancing system
adaptability.

While the proposed system represents a significant step forward, continued research
Is essential to address existing limitations and refine multi-robot collaboration techniques.
Future studies should focus on enhancing real-time learning capabilities, reducing
communication bottlenecks, and improving resilience against system failures. By
addressing these challenges, multi-robot systems can play a transformative role in
logistics, disaster response, environmental monitoring, and autonomous exploration,
paving the way for more intelligent and autonomous robotic ecosystems.

As the next step of the presented research, computer vision and spatial awareness
must be included in system architecture. One of the most common computer vision
algorithms that are used in such cases is SLAM. The system manager gathers all the
relevant information from each robot sensor to conduct efficient computation tasks. The
next step will pass the message to the computational unit, which makes decisions for the
individual robot and assigns unique functions to each robot, improving their cooperation
algorithm on the run. Such a situation can be helpful in cases when robots are responsible
for several tasks during the assembly process. In the case of a single robot, the suggested
approach allows it to carry out several unique tasks, even just fastening bolts and bringing
parts to the assembly. In addition, this can improve algorithm computational time even
further, as the system uses and processes the data in real-time with low latency. Robots
can have some small computational units with limited abilities but can make small
decisions independently. At the same time, exchanging sensors and other information with

the server can send this robot to different tasks or send additional robots to help.
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OI'JISIJ OHJIAMH-HABYAHHS BE3 YUUTEJIS 13 CEMAHTUYHOI
CETMEHTAIII JIJII ABTOHOMHUX TPAHCIIOPTHUX 3ACOFBIB
B. A. Hazapenko, I0. O. Pomacesuu

AnoTaunisa. Cucmemu 3 Kilbkoma pobomamu NPueepHyIU 3HAYHUL IHmMepec V
NPOMUCTOBI a8MOMamu3ayii, NOULYKO8O-pAMY8AlIbHUX ONepayisax ma OC80EHHI KOCMOCY
3a805KU CBOIU 30aMHOCMI BUKOHYBAMU CKAAOHI 3A80AHHS 3 NIOBUWEHOIO epheKmUBHICIIO
ma Haditinicmro. Egexmusna koopounayis mixc KilbKOMA ABMOHOMHUMU A2eHMAMU MAE
BUPIULATIbHE 3HAYEHHS 01 ONMUMI3AYIl 6UKOHAHHA 3A80AHb, MIHIMI3AYIl GUKOPUCTNAHHS
pecypcie i 3abe3neuenns excniayamayitinoi naoditinocmi. OOHAK 3AIUMAIOMBC KIIOYO08I
npoobaemu, maxi K OUHAMIYHUL PO3NOOINl 3Aa80AHb, YHUKHEHHS 3IMKHEeHb, KOMYHIKAYIUHI
oOMedCceHHsT ma adanmuHicms 00 3MiH HABKOIUWHBbO20 cepedoguwa. Y ybomy
00CNIOJHCEHHT NPeOCmasieHo HOBUL 2i0pUOHULL NIOXI0 00 KOOPOUHAYii 3a860aHb 3a y4acmio
KIIbKOX pobomis, Wo iHmezpye NpUHYUnU potio8oeo iHmeieKkmy 3 Memooamu HAGUAHHS 3
NiOKPINIeHHAM Ol NOKPAWEHHs NPUUHAMMS pileHb ma adanmueHOCmi 8 OUHAMIYHUX
cepedosuax.

3anpononosana memooon02is SUKOPUCMOBYE 2IOPUOHULL ANCOPUMM, SAKUL NOEOHYE
eBpUCUK)Y HA OCHOBI pOU0B020 IHMENeKMy 3 PAMKAMU HAGYAHHA 3 NIOKPINJEHHAM O/
OO0CSACHEHHS. ONMUMAILHO20 PO3N0OJiy 3a80anb I naanyeauus wiiaxy. Cucmema
peanizoeana 8 3MO0eNbO8AHOMY cepedosuwi 3 Kilbkoma pobomamu, oOe pobomu
npayiooms 8 ymMoeax 3a30aneliovb 6UHAYEHUX 3A80aHb I PIZHUX YMOB HABKOIUUHBO2O
cepedosuwia. Cmpykmypa OYIHIOBAHHS OXONJIOE HU3KY NOKA3HUKIE NPOOYKMUBHOCMI,
BKIIOYAIOYU YAC BUKOHAHHSA 3A80AHHSA, eHepeoeheKMUBHICMb, HAKIAOHI eumpamu Ha
38'5130K Midc pobomamu ma cmitKicmes cucmemu 00 OUHAMIYHUX 30VPeHb.

llopisnanvuuu  ananiz npoGoOOUMbCA 3  MPAOUYIUHUMU — BPUCTNUYHUMU — Mda
0emepMIiHOBAHUMU NIOX00amMu OJisi NepesipKu ehexmusHocmi 3anponoHo8anHoi Mooeii
Koopounayii. OQyinka eKcnepumenmanbHo20 MOOEN08AHHs NOKA3YE, WO 3anponoOHO8AHA
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CMpPYKMypa KOOpOUHAyii 3HAYHO RNIOBUWYE edEeKMUBHICMb GUKOHAHHA 34680aHb 3d
PAxyHoK — MiHiMI3ayii 3aueux nepemiujeHb ma onmumizayii po3nooiny pecypcis.
llokpawenns npoOyKmMueHOCmMi MOJNCHA BUMIDAMU ) CKOPOYEHHI 4acy 6UKOHAHH:
3ae0annsi (6 cepeonvomy Ha X %), menHwiomy cnoxcueanui emepeii (na Y %) ma
noKpawjeHil aoanmugHocmi 00 Henepedbauysanux nepewxood. Kpim moeo, eiopuonutl
nioxio 0emMoHCmpY€E uy00o8y CHMIUKICMb Y OUHAMIYHUX cepedosuwax, 30epicaioyu
cmabiibHy — KOOpOUHAyilo,  He3eadxdcaryu  HA  6UMo2U  3a80aHb 1 eapiayii
Henepeobayy8aHocmi  HABKOIUUWHBO20  Cepeoosulyd. Cmamucmuunut  anani3
niomeepodcye HAOIUHICMb 3aNPONOHOBAHO20 MemoOy 8 NOPIGHAHHI 3 MPaAOUYIUHUMU
cmpameziamuy, NIOKPecuouu 1o20 3ACMOCOBHICMb 68 pPealbHUX pO32OPMAHHAX 3
oeKinbKoma pobomamu.

Ompumani pe3ynomamu niOKpecioms NOMeHyial inmezpayii potioeoco inmenexmy
ma HABYaHHA 3 NIOKPINAEHHAM 0N OOCSACHEeHHS MAcumabo8anoi ma aodanmueHoi
KoopouHayii Kinbkox pobomis. ILletl nioxi0 mae 3HauHi HACHIOKU ONIsl pPealbHUXx
3acmocy8aHb, GKIIOUAIOYU CKIAOCbKY J02ICMUKY, AB8MOHOMHE CNOCMEPeNCeHHs ma
onepayii 3 peazyéanHms Ha cmuxituHi auxa. Matibymui 00CHiONCeHHs PO3UUPAMD
A0anNMUBHICMb ) PeXCUMI PealbHO20 4acy, PO3UWUPAMb MONCIUBOCHI HABYAHHSA KITbKOX
azenmis 1 macwmabyromv pamku O0aa OLIbWUX pobOOMU308AHUX ABMONAPKIE 3a
00NOMO20I0 0eyeHmpaniz08anux apximexkmyp npuiinammsa piueHs. Kpim moeo, 0ynu
BUBYEHI NOMEHYIUHI peanizayii anapamno2o 3abe3nevents ma mecmy8aHHs 8 PedlbHUX
YMOB8axX OJis1 NepesipKu pe3yibmamieé MoOent08anHs ma 600CKOHANEHHS cmpamezii
DPO320PMANHSL.

KuwuoBi caoBa: npomucnoea aemomamuszauia, IoT, podomomexuika,
apximexkmypa cucmem, CUCHeMU YRPABIiHHA, MOOeatweannsa, Swarm, SLAM
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