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Toward Efficient Collaboration in Autonomous Mobile Robot Fleets:
Addressing Latency and Distributed MPC
Yinsong Wang & Zihao Lu
Department of Electrical Engineering
Chalmers University of Technology

Abstract
Cloud-based multi-robot systems offer significant advantages in computation capac-
ity and coordination capabilities, but face critical challenges related to communi-
cation latency that can compromise system performance and safety. This paper
presents a latency-tolerant hierarchical control architecture for Autonomous Mobile
Robot (AMR) fleet coordination that maintains operational integrity despite net-
work delays. The proposed multi-layer framework integrates (1) a cloud component
implementing switchable distributed model predictive control (DMPC) and path
sampling for trajectory generation, (2) an AMR component featuring switchable
controllers (Pure Pursuit and hybrid LQR) for local trajectory tracking, and (3) a
comprehensive simulation environment for systematic evaluation. We introduce a
custom ROS2-based communication infrastructure with intelligent finite state ma-
chine design to manage complex system behavior and enhance resilience to varying
network communication latency conditions. Experimental results across multiple
test scenarios demonstrate that our approach maintains over 90% success rates even
under high-latency conditions (1000ms), with limited path deviation and execution
time. The findings provide quantitative insights into the latency impact of MPC
solvers based on different scenarios and offer practical solutions for robust cloud-
robotic systems design and implementation.

Keywords: Multi-robot system, Multi-layer control, Cloud robotics, Distributed
model predictive control, AMR fleet coordination, Trajectory generation, Trajectory
tracking, Latency impacts.
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act Activity Diagram
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CMPC Centralized Model Predictive Control
DARE Discrete Algebraic Riccati Equation
DDS Data Distribution Service
DMPC Distributed Model Predictive Control
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PANOC Proximal Averaged Newton-type method for Optimal Control
QoS Quality of Service
RL Reinforcement Learning
ROS/ROS2 Robot Operating System
RViz Robot Visualization
SLAM Simultaneous Localization And Mapping
smd State Machine Diagram
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Nomenclature

Below is the nomenclature of indices, sets, parameters, and variables that have been
used throughout this thesis.

Indices

i, j Indices for robots in the fleet
n Index for static obstacles
m Index for half-space constraints
k Discrete time step
N Planning horizon length

Sets

F Set of mobile robots in the fleet
B Set of boundary constraints
O Set of static obstacles
D Set of dynamic obstacles
Hn Set defining the n-th obstacle (convex polygon)
I Set of all pairs of robot indices (i, j) where i ̸= j

State and Control Variables

x(i)
k State vector [x(i)

k , y
(i)
k , θ

(i)
k ]⊤ of robot i at time step k

(xk, yk) Cartesian coordinates of robot position
θk Heading angle of robot
u(i)

k Control input vector [v(i)
k , ω

(i)
k ]⊤ of robot i at time step k

vk Linear velocity at time step k

ωk Angular velocity at time step k
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c(i) Center position of robot i

x̃k Reference state at time step k

ũk Reference control input at time step k

umin, umax Lower and upper bounds for control inputs

System Model

f(xk, uk) Discrete-time kinematic motion model
Ts Sampling time
P Number of robots in the fleet

Obstacle Modeling

r Radius of each mobile robot
d0 Safe distance threshold for collision avoidance
Hn Convex polygon representation of static obstacle n

hn,m(p) Half-space constraint function for obstacle n, inequality m

e(p) Elliptical obstacle constraint function
an,m, bn,m Coefficients of linear constraints for obstacles
No Number of static obstacles
Nd Number of dynamic obstacles
M Number of inequalities defining a polygon
E Positive definite matrix defining ellipse shape and orientation

Cost Functions and Penalties

JRi
Overall cost function for robot i

Jτ Penalty function for deviation from reference trajectory
Ju Penalty function for deviation from reference control inputs
Ja Penalty function for control smoothness
JF Penalty function for robot-to-robot collisions
JO Penalty function for static obstacle avoidance
JD Penalty function for dynamic obstacle avoidance
Qk Adaptive weighting matrix for state deviation
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α Adaptation gain that scales the sensitivity of the state deviation
weight Qk relative to the deviation magnitude

R Weighting matrix for control input deviation
S Weighting matrix for control smoothness
QF , QO, QD Weighting coefficients for penalty functions
[·]+ Function defined as max{0, ·}
[·]− Function defined as min{0, ·}

Pure Pursuit Controller

L Lookahead distance
(xL, yL) Lookahead point coordinates
(x′

L, y′
L) Transformed lookahead point in vehicle frame

κ Curvature for path following
vmax Maximum allowable velocity
α Tuning parameter for speed reduction in turns
di Distance from current position to waypoint i

LQR Controller

xref Reference state for LQR
uref Reference control input for LQR
δxk Error state (deviation from reference)
δuk Control error (deviation from reference control)
A, B System matrices for linearized model
Q Positive semi-definite state weighting matrix
R Positive definite control weighting matrix
K Feedback gain matrix
P Solution to discrete algebraic Riccati equation
dlookahead Lookahead distance for hybrid controller

Evaluation Metrics

Adev Deviation Area
Dnorm Normalized Deviation
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Texec Execution Time
Lp Path Length
Sl Linear Smoothness
Sa Angular Smoothness
Rconv Convergence Success Rate
Rsuccess Success Rate
Rcollision Collision Rate
Rtimeout Timeout Rate
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1
Introduction

This chapter lays the groundwork for our investigation into cloud-integrated multi-
robot systems, with an emphasis on managing communication latency. We begin
by reviewing the market trends and architectures in multi-robot systems (MRS),
followed by a discussion of our research motivation, objectives, and key questions.
A survey of related literature contextualizes our contributions, which aim to improve
coordination robustness under variable network conditions.

1.1 Background
The field of MRS has evolved significantly over the decades, reflecting broader ad-
vancements in robotics technology and collaborative methodologies. As discussed
in [1], multi-robot systems are characterized by the coordinated efforts of multiple
robots working together to achieve specific objectives, a paradigm that has gained
substantial traction across various domains. This section provides a comprehensive
background on multi-robot systems, covering market trends, architectural classifi-
cations, application domains, and the integration of cloud computing for enhanced
coordination.

As Figure 1.1 shows, the global robotics market is projected to grow by USD 18.79
billion at a compound annual growth rate of 6.1% between 2024 and 2029. According
to the analysis in [2], this growth is driven primarily by increasing adoption of
collaborative robots and Robotics as a Service business models that eliminate the
need for substantial upfront investments.
Multi-robot systems can be classified into three distinct architectural paradigms
based on their operational characteristics and scale, as shown in Table 1.1. Teams
typically consist of a small number of robots (usually fewer than 10) that optimize
individual objectives in either cooperative or competitive scenarios. In a team, the
behavior and strategies of each individual agent seek to explicitly maximize a local
objective, allowing for specialized roles while contributing to the overall mission.
Formations involve robots assigned to specific subtasks, roles, or placements within
a structured arrangement, commonly including tens of robots. As described in [3],
swarms, by contrast, comprise large groups of dispensable agents whose global ca-
pabilities emerge from their collective behavior rather than centralized control.

Multi-robot systems have demonstrated remarkable versatility across diverse ap-
plications. From environmental monitoring and search and rescue operations to

1



1. Introduction

Figure 1.1: Market Size Outlook for the robotics market (2019-2029). The market
showed accelerating growth momentum with 5.4% Year-over-Year in 2025 and is
projected to grow at a CAGR of 6.1% between 2024-2029 [2].

Table 1.1: Classification of Multi-robot Systems

Type Scope Size
Team Typically small groups; each agent optimizes in-

dividual objectives in a cooperative or compet-
itive manner

Typically
≤ 10

Formation Each agent is typically assigned a specific sub-
task, role, or placement

Typically
≤ 10

Swarm Typically large groups of dispensable agents;
global capability arises from emergent behav-
ior

Large

manufacturing and logistics, these systems leverage collective behavior to achieve
objectives that would be difficult or impossible for single robots. Particularly note-
worthy is the field of swarm robotics, which, as explored in [4], draws inspiration
from biological systems to create large-scale robot collectives that exhibit emergent
intelligence through relatively simple individual behaviors.

As multi-robot systems grow in complexity and scale, one of the key challenges they
face is the management of computational resources and coordination mechanisms.
Cloud robotics has emerged as a transformative approach to address these limi-
tations, enabling robots to leverage distributed computing resources for enhanced
performance and capabilities beyond what their onboard systems can provide inde-
pendently.

The integration of cloud computing with multi-robot systems offers several dis-

2



1. Introduction

tinct advantages for fleet coordination, particularly for AMR applications. In the
work [5], the concept of Cloud Networked Robotics was introduced, demonstrating
how distributed infrastructure can support multi-location robotic services, which is
particularly valuable in scenarios requiring coordination across physically separated
robots. This approach has significant implications for large-scale logistics operations
where AMRs must operate cohesively across extensive facilities.

Building on this foundation, in [6], Wang et al. proposed a multi-robot autonomous
negotiation (MRAN) module within cloud infrastructure that facilitates co-localization
among robots. This collaborative functionality is essential for AMR fleet coordina-
tion, where precise relative positioning between robots enables efficient path plan-
ning and collision avoidance in shared workspaces.

For computation-intensive tasks common in multi-robot coordination, such as simul-
taneous localization and mapping (SLAM), offloading to cloud resources has proven
effective. The research [7] explored SLAM task offloading to edge and fog computing
services, alleviating the computational burden on individual robots. This approach
is particularly valuable in complex warehouse environments where multiple AMRs
must maintain and share consistent environmental maps while navigating dynami-
cally changing surroundings.

Energy efficiency represents another critical consideration in AMR fleet operations.
In [8], Rahman et al. developed a multi-layer decision-making scheme specifically
designed for energy-efficient task offloading in cloud networked multi-robot systems.
Their framework optimizes the offloading process by considering factors such as task
selection and network access point determination, thereby extending operational du-
ration and reducing charging requirements for AMR fleets.

These studies highlight the need for robust coordination strategies in cloud-integrated
MRS environments. However, existing frameworks rarely quantify the impact of la-
tency on control performance or implement latency-tolerant development.

1.2 Motivation
Cloud robotics has emerged as a paradigm that extends traditional robotic systems
by leveraging cloud computing infrastructure. As defined in the work of [9], cloud
robotics enables robots to benefit from the cloud’s vast computational resources,
storage capacities, and collaborative capabilities. This integration offers several
significant advantages for multi-robot systems. First, it facilitates complex compu-
tations that would be stressful on resource-constrained robotic platforms, enabling
advanced algorithms for perception, planning, and learning, as demonstrated in [10].
Second, cloud-based architectures promote efficient sharing of data and experiences
among multiple robots, accelerating collective learning and adaptation according to
the research presented in [11].

Despite these compelling advantages, the integration of cloud computing with robotics

3



1. Introduction

introduces significant challenges, particularly in terms of communication latency.
This issue becomes increasingly critical in cloud robot cluster systems, where timely
coordination among multiple robots is essential for effective operation. The impact
of latency varies substantially under different optimization strategies, system archi-
tectures, and network conditions, warranting dedicated investigation.

Recent studies in [12] and [13] highlight how packet loss and high latency degrade the
quality of service (QoS), especially in cloud-IoT ecosystems. The findings in these
works reveal that transmission delays can render time-sensitive robotic operations
unsafe or ineffective, creating a fundamental challenge for real-time coordination.

While the layered architecture of cloud robotics effectively offloads resource-intensive
functions to the cloud—thereby minimizing resource consumption on edge nodes—as
highlighted in the research of [14], this approach inevitably introduces latency-
related challenges that can compromise system performance and reliability. This
trade-off becomes particularly apparent in multi-robot scenarios, where coordina-
tion timing directly impacts collective behavior, leading to potential collision or
disconnection problems.

The tension between the significant advantages of cloud robotics and the inherent
challenges of communication latency motivates our research.

1.3 Research Questions

This research addresses four key questions regarding latency management in cloud-
based multi-robot systems, focusing on architectural design, coordination mecha-
nisms, error handling, and performance evaluation.

• RQ1: How to design cloud-based architecture for efficient AMR fleet
coordination?

• RQ2: How can DMPC be applied to coordinate robot fleets effec-
tively under high-latency conditions?

• RQ3: What strategies can be employed on individual AMRs to man-
age outdated trajectory information when latency and computation
bottlenecks exist?

• RQ4: What is the quantitative impact of varying communication
latency conditions on multi-robot system performance?

4
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1.4 Related work
The growing complexity of multi-robot systems—particularly in cloud-integrated
and latency-sensitive environments—demands robust architectural designs and com-
munication strategies capable of supporting real-time coordination and control. To
contextualize these challenges, the following reviews of related works addressing sys-
tem architecture, communication latency, trajectory coordination, and tracking are
provided. While cloud robotics enables scalable fleet management and intelligent
task allocation, it also introduces significant challenges related to communication
latency and system responsiveness. The trade-offs between centralized and dis-
tributed architectures critically influence how efficiently robots can perceive, plan,
and act in dynamic environments. Moreover, reliable trajectory coordination and
tracking require both effective path planning algorithms and well-designed commu-
nication frameworks to ensure safe execution. As multi-robot applications expand
into mission-critical domains, addressing these interrelated challenges becomes es-
sential for achieving scalable, responsive, and dependable robotic collaboration.

1.4.1 Multi-robot System integrated Cloud Robotics
Multi-robot systems require well-designed structural frameworks to efficiently man-
age resources and communication. In their research, [15] defines robot cloud as an
emerging cloud computing paradigm that leverages robot networking, big data, AI,
and edge computing technologies to manage robot resources, provide backend AI
capabilities, support edge computing orchestration, and analyze operational data
for business intelligence.

Recent research on multi-robot system architectures emphasizes the importance of
efficient and robust architecture design. As presented in [16], contemporary stud-
ies highlight the integration of autonomous robots with advanced communication
resources as key enablers for enhanced multi-robot collaboration, with frameworks
organized around perception, planning, and coordination as fundamental pillars.
According to the classification in [17], architectural approaches to multi-robot co-
ordination can be categorized into several algorithmic categories, including task al-
location, path planning, area coverage, and centralized versus distributed planning
methods. In the review by [18], it is noted that the choice between centralized ar-
chitectures—where a single control unit manages all environmental information and
coordinates subordinate robots through command issuance—and distributed archi-
tectures—where individual robots maintain greater autonomy—directly impacts a
system’s ability to operate effectively under varying network conditions.

Meanwhile, some studies focus on task allocation strategies within cloud robotics.
For example, in works of [19] [20] proposed a sector-based hierarchical architec-
ture to coordinate traffic heatmaps across different sectors. Meanwhile, several
cloud platforms have emerged, such as the KubeEdge-based Multi-Robot Collab-
oration Framework described in [21] and the Rapyuta Cloud Robotics Platform
introduced in [22]. However, these platforms primarily address high-level aspects of
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1. Introduction

AMR fleet coordination and management, including task assignment as discussed
in [21], scheduling, and traffic balancing methods presented in [20].

1.4.2 Latency in Multi-robot Systems
Research has highlighted the critical importance of achieving minimal communica-
tion latency in cloud-based multi-robot systems, particularly for mission-critical ap-
plications. Traditional TCP/IP communication protocol-based synchronizing mid-
dleware that relied on ROS’s master-based architecture consumed significant band-
width and introduced communication delays. In the work [23], it has been demon-
strated that implementing ROS2-based architectures with masterless packet discov-
ery mechanisms can substantially reduce latency (by approximately 12% in simula-
tion and 11% in real-world deployments) while simultaneously improving reliability
through reduced packet loss (10% reduction in simulation and 15% in real envi-
ronments). The work described in [24] emphasizes that network latency is the key
point of concern in cloud robotics implementations, highlighting the critical nature
of communication efficiency in these systems.

Further research has revealed significant challenges in managing communication la-
tency for multi-robot systems in industrial environments. In [25], Kronauer et al.
demonstrated that ROS2’s end-to-end latency is heavily dependent on the chosen
Data Distribution Service (DDS) middleware, with findings indicating that ROS2
can introduce up to 50% latency overhead compared to direct low-level DDS com-
munications, which has profound implications for time-critical robotic operations.
Similarly, studies on real-time video streaming between robots and their control
stations, as described in [26], have emphasized that control signal transmission and
video feedback impose strict requirements on network bandwidth and latency, with
measurements showing that typical video latencies in LAN environments range be-
tween 50-150 ms.

These findings underscore the importance of evaluating ROS2-based systems under
latency constraints—an area our research addresses the latency’s impacts on multi-
robot system.

1.4.3 Trajectory Coordination in Multi-robot system
Trajectory planning for multi-agent systems has been approached from various an-
gles, including classical search-based algorithms, learning-based strategies, control-
theoretic frameworks, and hybrid methods. Each of these paradigms aims to balance
safety, scalability, and real-time feasibility while addressing the challenges posed by
dynamic and uncertain environments.

Traditional graph-based methods such as A∗ remain relevant due to their simplicity
and effectiveness in structured environments. [20] utilized A∗ for trajectory genera-
tion and incorporated a traffic heat map to balance congestion and improve flow in

6
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dense multi-agent scenarios.

To handle the uncertainties of the real world and learn adaptive behaviors, Reinforce-
ment Learning (RL) has gained attention. The research [27] and [28] demonstrated
the application of RL for socially aware and collision-free navigation in dynamic,
human-populated environments.

Hybrid approaches have also emerged to combine the strengths of model-free and
model-based methods. [29] proposed a framework integrating RL with Model Pre-
dictive Control (MPC), allowing for adaptive planning with constraint handling.
Similarly, the work [30] combined RL with Control Barrier Functions (CBFs) to
enforce safety constraints during policy learning.

CBF-based methods, in particular, have been used to provide formal safety guaran-
tees in decentralized settings. As demonstrated in [31], the researchers presented a
scalable approach that ensures provably collision-free behavior by modifying nomi-
nal controllers to satisfy safety constraints in real-time.

Among the most widely adopted frameworks, optimization-based MPC has proven
especially effective for dynamic and multi-agent environments. The research [32] pro-
posed a decentralized MPC for navigating in dynamic scenes. In [33], the researchers
further applied DMPC to enable multi-robot coordination, while the studies con-
ducted in [34] and [35] extended similar DMPC strategies to handle dynamic obstacle
avoidance and trajectory re-planning under latency and resource constraints.

1.4.4 Trajectory Tracking

Trajectory tracking methods for autonomous vehicles are generally divided into ge-
ometric and model-based approaches, as categorized in the research presented in [36].

Geometric methods rely on the spatial relationship between the vehicle and the
reference path. They are simple, efficient, and do not require detailed vehicle mod-
els. Among them, Pure Pursuit is widely used for its ease of implementation and
reasonable performance. However, according to the analysis in [37], its accuracy is
sensitive to the choice of look-ahead distance, especially in dynamic environments.

Model-based methods use kinematic or dynamic models to enhance tracking accu-
racy and robustness. Though computationally more demanding, they are better
suited for real-world scenarios. For example, as demonstrated in the work described
in [38], Linear Quadratic Regulator (LQR) control has shown effective performance
in minimizing tracking errors by optimizing control inputs.
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1.5 Contributions
In this paper, we present several contributions to the construction of cloud robotics
and multi-robot systems:

• Multilayer Control Architecture: We design and implement a hierarchi-
cal control system that operates at both local robot and cluster levels. This
architecture allocates control responsibilities between local robots and cloud
infrastructure based on network conditions and computing resources.

• Switchable Trajectory Generation: We provide an integrated DMPC and
path sampling method for trajectory generation.

• Flexible Trajectory Tracking Strategies: We design a switchable trajec-
tory tracking approach by using hybrid LQR and pure pursuit depending on
the operational context.

• Well-designed Local Decision-making: We develop multiple error-handling
process that ensures safe robot operation even during communication disrup-
tions. This approach provides fail-safe collision avoidance capabilities that
remain effective despite intermittent or delayed cloud connectivity.

• Comprehensive Simulation Platform: We develop an integrated simu-
lation environment that combines RViz as the observer, Gazebo providing
physics simulation, and an automated testing module.

1.6 Thesis Outlines
The remainder of this thesis is structured as follows.

Chapter 2: System Architecture and Communication. Introduces the hi-
erarchical framework for distributed multi-robot coordination, detailing the Cloud,
AMR, and Simulator components. It focuses on communication design and latency
management to enable robust, multi-level decision-making.

Chapter 3: Modeling and Control. Presents the mathematical models, trajec-
tory optimization, and collision avoidance strategies. It compares centralized and
distributed control approaches, and introduces a hybrid Pure Pursuit–LQR method
for adaptable, real-time trajectory execution.

Chapter 4: Evaluation and Results. Describes the AutoTest framework and
test cases used to assess coordination performance under varying latency conditions.
Results highlight the system’s robustness in terms of success rate, path accuracy,
and control stability.
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Chapter 5: Conclusion. Summarizes contributions, answers the research ques-
tions, discusses current limitations, and outlines future work directions in latency-
tolerant multi-robot coordination.
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2
System Architecture and

Communication

This chapter presents a comprehensive framework and architectural design for achiev-
ing robust coordination among multiple robots under realistic constraints. We be-
gin by discussing the limitations of traditional sequential processing paradigms in
multi-robot research and introduce our parallel decision-making approach that more
accurately reflects real-world operating conditions. After that, we examine various
distributed system architectural paradigms before detailing our hierarchical imple-
mentation, which optimizes information flow and computational efficiency. We then
explore our communication design, including inter-component communication top-
ics, communication patterns, and solutions to distributed communication challenges.
The chapter concludes with a detailed examination of our three primary system com-
ponents: the Cloud Component for centralized coordination and trajectory planning,
the AMR Component for local robot control, and the Simulator Component for re-
alistic testing and validation. By adopting a hierarchical and communication-aware
design, we ensure that the system remains scalable, resilient, and capable of real-time
coordination in dynamic environments.

2.1 Distributed Multi-Robot System
For the sake of simplicity in system design, researchers often develop and test multi-
robot cluster control algorithms using sequential processing paradigms, wherein
robots are processed one after another even when there are no logical dependen-
cies between their operations, as observed in the work described in [32]. However,
such approaches fail to reflect real-world operating conditions. Current implemen-
tations process robots serially within each time step, allowing each robot to access
the complete state information of previously processed robots when making plan-
ning decisions. According to the principles outlined in [39], this artificial sequential
information flow is unrealistic due to the inherently parallel nature of distributed
systems, communication delays, and asynchronous state updates that occur in phys-
ical deployments. In real-world scenarios, each robot operates simultaneously with
others, possessing only limited sensing capabilities and requiring explicit communi-
cation mechanisms to coordinate actions.

To address these limitations of sequential processing approaches, we propose a dis-
tributed multi-agent communication framework that realizes truly parallel decision-
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making processes, wherein all robots simultaneously complete planning and control
phases based solely on locally available information. This paradigm shift from se-
quential to parallel processing more accurately reflects the concurrent nature of real
multi-robot systems, as emphasized in [18]. At the same time, we have made cus-
tomized adjustments for different modules and communication topics for explicit
information flow. This approach not only better approximates real-world operating
conditions but also provides a more robust testbed for evaluating the resilience and
adaptability of multi-robot coordination strategies under realistic constraints.

To better understand the context of our design choices, it is essential to examine the
spectrum of available architectural approaches for distributed systems. As explored
in the research presented in [40], distributed multi-agent systems can be imple-
mented through various architectural paradigms, each with distinct characteristics
suited for different operational contexts.

Figure 2.1 illustrates the fundamental topological differences between centralized
and decentralized architectures, highlighting how information flows and control de-
cisions propagate differently across these paradigms. The centralized structures
like Master-Slave and Star configurations (left) concentrate all critical information
and decision-making authority in one or few central nodes, while decentralized ap-
proaches (right) distribute both information and control authority across multiple
interconnected nodes.

As further analyzed in [18], these architectural paradigms present different advan-
tages and limitations for real-world multi-robot deployments, summarized in Table
2.1.

Table 2.1: Comparison of Centralized and Decentralized Architectural Paradigms

Aspect Centralized Architectures Decentralized Architectures
Pros Simplified control

Strong consistency guarantees
Reduced coordination overhead

Better scalability
No single point of failure
Localized decision-making

Cons Single point of failure
Communication bottlenecks
High dependency on central node

Increased coordination complexity
Potential consistency challenges
Higher communication overhead

The choice between these architectural paradigms involves critical trade-offs among
reliability, scalability, communication overhead, and decision-making efficiency, with
the selection depending on specific application requirements and deployment con-
straints.

Our implementation specifically leverages a hierarchical architecture, which, as pre-
sented in the research described in [41], offers several critical advantages for dis-
tributed multi-agent control systems. This architectural choice enables effective
decomposition of control tasks into state management, trajectory planning, and
trajectory tracking through multi-level organization, where higher-level agents coor-
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Figure 2.1: Topology of Centralized Architecture and Decentralized Architecture
in Distributed Multi-agent Systems

dinate strategic decisions while lower-level agents focus on tactical execution. This
separation of concerns significantly reduces computational load at some nodes and
reduce communication demands, as nodes only interact with the upper and lower
levels of their hierarchy, rather than interacting with the entire network. Further-
more, this architecture also provides natural scalability by allowing additional nodes
to be incorporated at appropriate hierarchical levels without requiring system-wide
reconfiguration. This brings convenience to a different number of robot control tasks.
In our implementation, we design the explicit information flow between hierarchical
levels, ensuring that agents maintain sufficient situational awareness while avoiding
the excessive communication burden characteristic of fully connected mesh networks.

2.2 System Communication Design
The communication architecture is a critical component of our distributed multi-
robot system, providing the foundation for coordination and information exchange
between various modules. This section details the communication design princi-
ples, implementation choices, and performance considerations that underpin our
system, including inter-component communication topics, communication patterns,
distributed challenges and solutions, and advantages of the ROS2 framework.
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Figure 2.2 illustrates the structure of the Cloud Component and its internal and
external message flows, showcasing the hierarchical communication pattern that en-
ables efficient coordination among multiple robots.

2.2.1 Inter-Component Communication Topics
Our distributed system architecture implements a comprehensive set of communi-
cation pathways that connect different components both externally and internally.
These pathways are realized through specialized ROS2 topics and services that fa-
cilitate different types of information exchange:

• Cloud Component Internal Communication:
– /cluster_{robot_id}/state: Transmits processed robot state from Clus-

ter nodes to the Manager
– /manager/robot_states: Broadcasts consolidated state information from

Manager to all Cluster nodes
– /manager/global_start: Synchronizes system initialization across all

Cluster nodes
– /register_robot: Service interface for robot registration with the Man-

ager
• Cloud-to-AMR Communication:

– /cluster_{robot_id}/trajectory_delayed: Delivers optimized trajec-
tories from Cluster nodes to individual robots

– /cluster_{robot_id}/heartbeat_delayed: Maintains connection sta-
tus between Cluster and Robot nodes

• AMR-to-Cloud Communication:
– /robot_{robot_id}/state: Reports robot state information including

position, velocity, and operational status
– /robot_{robot_id}/heartbeat: Confirms robot operational status and

connection health
• AMR-to-Simulator Communication:

– /robot_{robot_id}/command: Service interface for sending velocity com-
mands to the simulated robot

• Simulator-to-Cloud Communication:
– /robot_{robot_id}/sim_state_delayed: Provides simulated robot state

information to the Manager
• Simulator-to-AMR Communication:

– /robot_{robot_id}/odom: Provides simulated odometry data
– /robot_{robot_id}/robot_collision: Reports collision detection events
– /robot_{robot_id}/f_scan: Front-facing laser scan data for obstacle

detection
– /robot_{robot_id}/b_scan: Rear-facing laser scan data for obstacle

detection
The communication architecture reflects the hierarchical nature of our distributed
system. The Manager node serves as the central coordination hub within the Cloud
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Figure 2.2: Topology of Cloud Component and internal/external message flow
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Component, handling robot registration, consolidating state information from mul-
tiple sources, and broadcasting synchronized state information to all Cluster nodes.
Each Cluster node is paired with a specific Robot node, forming a dedicated control
channel responsible for trajectory planning and execution for that robot.

The bidirectional heartbeat mechanism between the Cluster and Robot nodes pro-
vides connection monitoring. When heartbeats are missed, robots can autonomously
enter disconnecting handling modes while attempting to restore communication, en-
suring operational safety even during network disruptions.

2.2.2 Communication Patterns

Beyond simply listing the communication topics, it is important to understand the
different communication patterns employed in our system and how they address
various distributed robotics challenges:

• Publisher-Subscriber Pattern: The majority of our system communica-
tion utilizes this asynchronous pattern, which decouples message publishers
from subscribers and facilitates many-to-many relationships. This pattern is
particularly valuable for real-time state updates, sensor data broadcasts, and
trajectory distributions, where multiple components may need the same infor-
mation simultaneously. For example, robot state information is published by
individual robots and consumed by both the Manager and the visualization
system without requiring direct point-to-point connections.

• Service-Based Communication: For operations requiring immediate con-
firmation or atomic transactions, we employ ROS2’s service-based communi-
cation. The robot registration process exemplifies this pattern—each robot
initiates registration through a service call to the Manager, which responds
with confirmation only after successfully establishing the necessary communi-
cation channels. This synchronous pattern ensures system consistency during
critical setup phases.

• Parameter-Based Configuration: System-wide settings and calibration
values are managed through ROS2’s parameter server, providing a centralized
configuration mechanism. This pattern facilitates dynamic reconfiguration
without requiring component restarts and ensures configuration consistency
across the distributed system.

Each communication pattern is selected based on the specific requirements of the
information exchange, considering factors such as timing constraints, delivery guar-
antees, and relationship complexity between senders and receivers.
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2.2.3 Distributed Communication Challenges and Solutions
Implementing communication in distributed multi-robot systems presents several
unique challenges that we have addressed with specific design solutions:

• State Consistency: Maintaining a consistent view of the system state across
distributed components is challenging due to communication delays and mes-
sage ordering issues. Our architecture addresses this through a state version
tracking mechanism where each state update includes a sequence identifier.
The Manager implements a state reconciliation algorithm that merges up-
dates based on both timestamps and sequence numbers, resolving conflicts
when needed.

• Communication Failures: Unreliable communication presents a significant
risk in distributed robotics applications. Our system implements a multi-tiered
reliability strategy. Using bidirectional heartbeat mechanisms, detect connec-
tion failures between paired components (Cluster-Robot, Manager-Cluster).
Besides, Safety-first policies trigger emergency stops when critical communi-
cation failures persist beyond threshold durations.

2.2.4 ROS2 Framework and Quality of Service Advantages
Our system leverages ROS2 as the communication framework, which offers several
significant advantages over ROS for distributed multi-robot applications. A key
strength of ROS2 is its support for DDS and QoS policies, enabling fine-grained
control over communication behavior that is essential for robust multi-robot coor-
dination.

• Built-in Data Distribution Service (DDS): Unlike ROS’s centralized
master architecture, ROS2 uses DDS middleware that enables true peer-to-
peer communication without a single point of failure, as demonstrated in the
work described in [42]. This distributed architecture is essential for robust
operation in multi-robot systems where components may join or leave dynam-
ically.

• QoS Controls: ROS2 introduces comprehensive QoS settings that allow fine-
grained control over communication characteristics. This capability is crucial
for our system, as different types of messages have vastly different require-
ments regarding reliability, timeliness, and persistence.

• Native Multi-threading Support: ROS2’s executor model enables true
parallel processing within nodes, allowing our system to efficiently handle mul-
tiple concurrent operations such as state processing, trajectory planning, and
communication management.

Our system strategically employs different QoS profiles for various communication

17



2. System Architecture and Communication

channels based on their specific requirements. Table 2.2 summarizes the QoS profiles
used in our system and their application contexts.

Table 2.2: Comparison of QoS Profiles Used in the Multi-Robot System

QoS Profile Key Characteristics Primary Use Cases
Volatile Reliable Reliable delivery & No

history retention
• Robot state updates
• Position broadcasts
• Status information

Transient Local
Reliable

Reliable delivery & His-
tory caching

• Map data
• Obstacle information
• Reference trajectories

Best Effort No delivery guarantees &
Minimal overhead

• Sensor data streams
• Heartbeat messages
• Non-critical telemetry

The combination of ROS2’s distributed architecture and configurable QoS profiles
has proven essential for our multi-robot system’s resilience. For example, using
Transient Local Reliable QoS for reference trajectories ensures that robots can re-
cover planned paths even after brief communication interruptions, while Best Effort
QoS for heartbeat messages minimizes network overhead during normal operation.
These architectural advantages make ROS2 significantly more suitable than ROS
for distributed multi-robot systems, particularly in scenarios requiring robust com-
munication under variable network conditions.

2.3 Modules Design
The proposed architecture comprises three primary components that work together
to create a comprehensive distributed multi-robot system with realistic communica-
tion characteristics:

• Cloud Component: This component is centralized around a singleton Man-
ager class that coordinates the operation of multiple robot instances. The
Robot Manager node serves as the central coordination hub for the distributed
robotic system, fulfilling several critical functions: it is responsible for regis-
tration and management of all robot states, broadcasting global initialization
messages, and performing trajectory planning tasks. The Cluster Robot mod-
ule within this component is mainly responsible for receiving robot status and
dynamic obstacle information, executing DMPC for trajectory planning, and
sending the resulting trajectories to the corresponding AMR nodes.

• AMR Component: This component consists of several local robot nodes
that perform trajectory tracking and local control based on planning informa-
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tion received from the Cluster Robot module.

• Simulator Component: This component simulates responses to control re-
quests in physical environments and emulates sensor information available to
robots, such as odometry and Laser data.

2.3.1 Cloud Component

The Cloud Component forms the central coordination hub of our distributed system,
providing high-level planning, state management, and inter-robot coordination. This
section details the two main elements of this component: the Robot Manager that
oversees the entire system, and the Cluster Robot nodes that handle individual robot
planning.

2.3.1.1 Robot Manager

The core of the Cloud Component is the Robot Manager, which undertakes the
following main tasks:

• Robot Registration: Handles robot registration through a service interface,
validating requested robot IDs against expected configurations and maintain-
ing a registry of active robots. When a robot registers successfully, the man-
ager dynamically creates a corresponding cluster node, establishing necessary
communication channels.

• State Management: Implements a comprehensive state management system
that collects robot state information from multiple sources (cluster nodes and
simulation converter nodes), reconciles potentially conflicting state data based
on timestamps, and publishes consolidated state information to all connected
components.

• Global Coordination: Provides global coordination through a start signal
broadcasting mechanism. Once all expected robots have successfully regis-
tered, it transmits a synchronized start command to initiate coordinated op-
erations.

The implementation leverages ROS2’s communication patterns with quality of ser-
vice profiles that ensure reliable message delivery. Thread safety is maintained
through mutex locks that protect shared resources during concurrent operations.
The multithreaded executor design allows the manager to handle multiple opera-
tions simultaneously, including robot registration, state updates, and publishing.
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2.3.1.2 Cluster Robot

The Cloud Component also includes a dedicated ClusterNode implementation that
functions as a bridge between the centralized Manager and individual robot con-
trollers. When a local robot registers with the system, the Manager spawns a corre-
sponding ClusterNode instance that handles trajectory planning and coordination
for that specific robot.

The ClusterNode architecture encompasses several key functionalities:

• Communication Management: Maintains bidirectional communication chan-
nels with both the Manager and its associated robot, enabling efficient infor-
mation flow.

• Trajectory Planning: Implements local trajectory planning capabilities by
integrating path coordination with DMPC. Upon receiving the global start
signal, the node initializes planning components and generates optimal trajec-
tories by considering both static obstacles, dynamic obstacles, and predicted
movements of other robots.

The control loop operates at a configurable frequency, where each iteration follows
a systematic process:

1. Retrieval of current state information
2. Calculation of local reference trajectories
3. Acquisition of other robots’ states
4. Execution of the DMPC controller to generate collision-free trajectories
5. Publication of the resulting trajectory to the robot controller

To systematically govern the behavioral logic of the cluster robot, a Finite State
Machine (FSM) is employed as illustrated below. This FSM formalizes the robot’s
operational workflow by encapsulating its behavior into discrete, well-defined states.
Such an approach enhances modularity, facilitates state-dependent control strate-
gies, and ensures deterministic transitions across various execution phases—from
initialization and task execution to completion.
While the FSM governs the high-level behavioral transitions of the cluster robot, it

is equally important to detail the underlying control procedure executed within the
operational states—particularly the Running state. This control procedure outlines
the internal logic and data flow that enable the robot to perceive its environment,
coordinate with fleet-level directives, and generate safe, executable trajectories in
real time. The following activity diagram presents a structured view of this multi-
channel control architecture, which ensures robust decision-making and adaptive
motion planning in dynamic and potentially uncertain environments.

The design of the control procedure for the Node Cluster Robot effectively bal-
ances computational power and coordination across the various subsystems. By
structuring the system into four channels—Fleet Coordinator, Path Generation,
Decision-Making, and MPC Solver—the design allows for dynamic allocation of re-
sources based on the operational context. The Fleet Coordinator and Path Genera-
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Figure 2.3: FSM of the Node Cluster Robot. In the Initialization state, the
node loads all necessary information from the RobotManager and establishes com-
munication with the local robot. During the Running state, it primarily handles
the trajectory generation procedure. Upon detecting that the robot has reached its
target, the node transitions to the Target Reached state, indicating readiness to
terminate the process.

Figure 2.4: Control Procedure of the Node Cluster Robot. Once the control loop
is active, four sequential channels are executed to enable coordinated multi-robot
trajectory planning and generation. The Fleet Coordinator channel processes
information from both the local robot and the RobotManager. The Path Gener-
ation channel then constructs a reference path based on a pre-defined navigation
network and current robot states, along with a connecting path to the reference.
Next, the Decision-Making channel evaluates potential static or dynamic obsta-
cles along the planned path and within a forward semi-circular region around the
robot. If the path is deemed safe, the connecting path is sent directly to the local
robot for tracking. Otherwise, the system transitions to the MPC Solver channel,
where PANOC(Proximal Averaged Newton-type method for Optimal Control) is in-
voked to compute a collision-free trajectory, which is subsequently sent to the local
robot for execution.
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tion channels leverage pre-defined information and current states to generate paths
efficiently, minimizing computational load during steady operations. The decision-
making process, which assesses the presence of static and dynamic obstacles, serves
as a critical switch between computational modes. If no obstacles are detected,
the system follows a low-complexity path tracking mode, maintaining system effi-
ciency, especially in multiple robot scenarios. However, in the presence of obstacles,
the MPC Solver channel is activated, leveraging the PANOC solver to compute a
collision-free trajectory. This switchable mode design ensures that the robot is ca-
pable of maintaining high computational efficiency during routine tasks while also
dynamically scaling computational power when the environment presents challenges,
thus optimizing overall system performance and coordination.

2.3.2 AMR Component
The AMR Component serves as the final layer in the distributed system architec-
ture, implementing the interface between the Cloud Component’s planning capabil-
ities and physical robot control. This implementation follows a client-server model
where each robot node operates independently while maintaining synchronization
with its corresponding cluster node.

The RobotNode is designed with a comprehensive initialization process that includes
registration with Robot Manager in Cloud Component, establishment of communi-
cation channels with its dedicated Cluster node, and configuration of control param-
eters based on robot specifications. Once initialized, it implements a bidirectional
communication pattern, receiving trajectory commands from the Cluster while pro-
viding state updates derived from physical sensors or simulation.

Key features of the AMR Component implementation include:
• Switchable Controller: Implements various control algorithms (Pure Pur-

suit, LQR) that are switchable based on different trajectory types.

• Trajectory Tracking: Implements trajectory tracking controllers that trans-
form high-level trajectory plans into low-level control commands suitable for
the robot’s motion model.

• Error Handling: Implements logic that ensures received paths are physically
feasible given the robot’s current state, executing emergency stops when nec-
essary. Implements local obstacle detection to ensure safety. Handles timing
differences between planning cycles and control execution to maintain system
stability.

The control loop on each local robot node operates at a configurable frequency. In
each iteration, it performs trajectory interpretation, selects the appropriate con-
troller, computes control commands subject to relevant constraints, and executes
them through a command service interfacing with either physical or simulated robot
hardware.
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The associated FSM provides a structured and fault-tolerant framework for man-
aging the robot’s operational states, ensuring robust coordination with the cloud
system and safe, reliable execution of assigned trajectories.

Figure 2.5: FSM of the Node-Local Robot. The node-local robot is designed with
multiple operational states. During the Initialization state, the robot registers with
the cluster, establishes communication with the cloud-level robot, and connects to
the simulator environment. Upon completion, it transitions to the Idle state, where
it waits for a trajectory to be published by the cluster robot. Once a trajectory
is received, the FSM moves to the Running state. From this state, the system
may transition to Error Handling in the case of faults, or to a Terminal state
upon reaching the target or experiencing a collision—both of which conclude the
execution in the End state.

The Local Robot’s FSM Figure 2.5 presents the high-level operational states and
transitions of the node-local robot, while the control procedure in Figure 2.6 details
the internal logic executed within each state, especially during Running. The FSM
defines when transitions occur, and the control procedure defines how actions are
performed, including sensor processing, error detection, and control execution. To-
gether, they provide a clear and comprehensive view of both state management and
real-time onboard decision-making.
The node-local robot receives input from both the cluster robot (e.g., trajectory
information) and the simulation environment (e.g., odometry and LaserScan data).
The control process begins in the Local Controller channel, where sensor data is
used to identify nearby obstacles within a predefined elliptical region, analyze the
received trajectory type, and compute the minimum distance to avoid outdated tra-
jectories. Additionally, a heartbeat mechanism is used to monitor the connection
status with the cluster robot.

In the Decision-Making channel, these inputs are evaluated to determine if any error
conditions are present. Depending on the situation, the system may transition to
one of several error-handling procedures in the Error Handling channel: Safety Stop
for nearby obstacles, Emergency Stop for distant trajectories, and Disconnect Han-
dling when no heartbeat is received for a predefined duration (currently 2 seconds).
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Figure 2.6: Control Procedures of the Node-Local Robot. This figure outlines the
onboard decision-making and control flow based on inputs from both the cluster
robot and the simulation environment.

If none of these conditions are met, the system checks for terminal states, such as
reaching the goal or detecting a collision. Otherwise, it proceeds to the Trajectory
Tracking channel, where a pure-pursuit algorithm is used for path tracking and a
hybrid LQR controller for full trajectory tracking. The resulting control commands
are then sent to the simulation environment. Further details of the tracking algo-
rithms are discussed in the following chapter.

The design of the local robot highlights the clarity and modularity of the onboard
control architecture. The FSM ensures well-defined state transitions, while the
control procedure delineates the real-time logic executed within each state. Notably,
the architecture supports a switchable controller design, allowing the system to
dynamically choose between path tracking and trajectory tracking strategies—such
as pure pursuit and hybrid LQR—based on the operational context. This flexibility
enables robust performance across varying task requirements and environmental
conditions.

2.3.3 Simulator Component
The Simulator Component provides a realistic environment for testing the dis-
tributed multi-robot system without requiring physical hardware. This component
emulates the physical characteristics and sensing capabilities of real robots, allowing
for comprehensive validation of the system architecture before deployment on actual
hardware. Through this simulation environment, we can evaluate the performance
of our distributed communication framework under various scenarios and identify
potential issues before real-world implementation.

The Simulator Component consists of three integrated parts: Gazebo, Robot Visu-
alization (RViz), and Message Buffer:
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• Gazebo Simulation: Serves as the primary physics-based simulation engine
that implements realistic robot dynamics, sensor simulation (odometry, Laser),
and environmental interactions. Gazebo handles all physics calculations in-
cluding collision detection, motion dynamics, and sensor data generation.

• RViz: Functions as a real-time visualization system that renders and analyzes
critical system information including map data, robot states, trajectories, and
sensor ranges. This visualization module provides both qualitative visual feed-
back and quantitative performance metrics for comprehensive system evalua-
tion.

• Message Buffer: Acts as a communication middleware that caches and for-
wards messages on designated topics to simulate real-world communication
challenges such as network delays, packet loss, and out-of-order message ar-
rival. This component is crucial for evaluating the robustness of the distributed
communication framework under realistic network conditions.

2.3.3.1 Gazebo Simulation

The Gazebo implementation handles the dynamic creation and initialization of robot
entities within the simulation environment. This module leverages ROS2’s node ar-
chitecture and service-based communication to interact with the Gazebo simulation
engine. Key aspects of the Gazebo implementation include:

• Custom Interface Plugin Integration: The implementation incorporates
differential drive controllers and contact sensor plugins. These plugins enable
the translation of high-level trajectory commands into low-level joint controls
and the generation of sensor data (odometry, collision detection) that mirrors
real-world robot capabilities.

• Converter Node Management: For each successfully spawned robot, the
system automatically initializes a dedicated converter node that transforms
Gazebo’s native message formats into standardized formats expected by the
AMR and Cloud Components. These converter nodes run as separate pro-
cesses to maintain system modularity and robustness against individual com-
ponent failures.

2.3.3.2 Robot Visualization

The RViz visualization module is implemented through the RobotStateVisualizer
class that provides comprehensive real-time visualization and analytical capabili-
ties. This component leverages ROS2’s publisher-subscriber architecture to collect,
process, and display various aspects of the multi-robot system. Key features of the
RViz implementation include:
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• Multi-layered Visualization System: The visualization is organized into
distinct marker arrays with different update frequencies—static environmen-
tal elements (low frequency), robot states (high frequency), path histories
(medium frequency), planned trajectories (medium frequency), and reference
paths (low frequency).

• Status-Based Visual Encoding: Robot states are visually encoded using a
color-coding scheme that reflects their operational status (initializing, running,
emergency stop, target reached, etc.), providing immediate visual feedback on
system conditions.

• Temporal Path Analysis: The system maintains and visualizes historical
path data with configurable resolution, allowing for detailed analysis of robot
movements over time.

• Automated Performance Metrics: The RViz module automatically calcu-
lates and publishes quantitative performance metrics such as path deviation,
execution time, path length, and motion smoothness. These metrics enable
objective comparison between different control algorithms and parameter con-
figurations.

The simulation framework implements proper error handling and logging mecha-
nisms to facilitate debugging and provide transparency into the simulation state.
Thread management ensures clean termination of all spawned processes when the
simulation is stopped, preventing resource leaks and system instability during re-
peated testing cycles.

2.3.3.3 Message Buffer

The Message Buffer component implements a communication middleware layer that
simulates realistic network conditions in multi-robot systems. Key aspects of the
Message Buffer implementation include:

• Topic-specific Delay Simulation: The system applies configurable delay
models to each communication topic independently. The buffer accurately
simulates the stochastic nature of real-world network latencies. Messages are
captured, timestamped with a future release time, and stored in priority queues
until their scheduled delivery time.

• Interactive Configuration Interface: The implementation includes an op-
tional graphical user interface that allows researchers to dynamically adjust
delay parameters for individual topics or globally across all communication
channels.

• Asynchronous Message Processing: The implementation utilizes ROS2’s
reentrant callback groups and high-frequency timers to ensure non-blocking,
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asynchronous message handling. This design allows the buffer to process thou-
sands of messages per second while maintaining accurate delay simulation,
even under high communication loads that might occur during complex multi-
robot coordination scenarios.

This comprehensive simulation environment, with its three integrated components
(Gazebo for physics simulation, RViz for visualization, and Message Buffer for real-
istic communication delay simulation), provides an ideal testbed for evaluating our
distributed multi-robot system. By simulating realistic sensor data, physical inter-
actions, and communication dynamics, the Simulator Component enables thorough
validation of both individual robot control algorithms and collective coordination
strategies before deployment on physical hardware. Furthermore, the integrated per-
formance evaluation capabilities allow for quantitative comparison between different
system configurations, providing valuable insights for optimization and refinement
of the distributed architecture.
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3
Modeling and Control

Modern AMR fleets require a robust control framework that integrates cloud-based
fleet-wide coordination, trajectory generation, and local trajectory tracking. An ef-
fective solution must balance three critical objectives:

• Collision-free coordination – Ensuring safe and cohesive navigation in dy-
namic environments.

• Computational efficiency – Enabling real-time operation for large-scale
fleets.

• Robust trajectory tracking – Mitigating the impact of latency in real-world
deployments.

This chapter establishes a mathematical foundation to address these challenges us-
ing a multi-layer control framework. The proposed approach integrates distributed
nonlinear DMPC for high-level coordination with trajectory tracking and motion
control strategies for low-level execution.

The formulation is structured around two key components:

• Fleet-wide collision avoidance coordination – Ensuring safe and efficient
navigation among AMRs.

• Latency-tolerant local trajectory tracking and motion control –En-
hancing responsiveness in simulation environments with real-world dynamics
effects like inertia and friction, etc.

3.1 Modeling of Robot
A discrete-time robot model is essential for aligning trajectory generation and track-
ing within the same computational framework. It reflects the inherently digital na-
ture of real-time control systems, enabling accurate step-wise predictions, effective
latency handling, and seamless integration with optimization-based methods. This
consistency enhances robustness, responsiveness, and overall control performance.

The discrete-time kinematic motion model of an autonomous mobile robot at time
step k is expressed as:

xk+1 = f(xk, uk) (3.1)

where xk represents the state of the robot at time step k, including its current
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position and orientation, see the definition in Figure 3.1, while uk denotes the control
input at time step k, adjusting the velocity and angular velocity.
In this thesis, the state vector is defined as

Figure 3.1: Robot States coordinate frame

xk = [xk, yk, θk]⊤

where (xk, yk)represents the Cartesian coordinates of the robot, and θk is its heading
angle.

The control input vector is given by

uk = [vk, ωk]⊤

where vk is the linear velocity and ωk is the angular velocity.

To model the robot’s motion over discrete time steps, we introduce the full state-
space representation with a sampling time Ts. The system’s state evolution follows:

xk+1 = f(xk, uk) =

xk + Tsvk cos(θk)
yk + Tsvk sin(θk)

θk + Tsωk

 (3.2)

This formulation describes the robot’s kinematics, assuming constant velocity within
each sampling interval. It forms the basis for motion prediction and control in the
following sections. The differential drive model incorporates essential nonholonomic
constraints while remaining computationally efficient for real-time optimization.

3.2 Trajectory Planning
Modern autonomous systems must navigate complex environments while maintain-
ing strict safety margins and ensuring smooth motion. Our formulation addresses
four key requirements: 1) Accurate motion prediction using kinematic modeling, 2)
Optimal trajectory generation through cost minimization, 3) Comprehensive colli-
sion avoidance for various obstacle types, and 4) Real-time trajectory execution via
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distributed MPC. This integrated framework enables robots to dynamically replan
paths while adhering to physical constraints and interaction dynamics. As detailed
in the system architecture chapter, this module operates within a cluster.

3.2.1 Reference Path
To determine the optimal reference path for each robot, we employ Dijkstra’s algo-
rithm, a fundamental graph search algorithm that efficiently solves the single-source
shortest path problem for graphs with non-negative edge weights. This algorithm
enables us to identify the most efficient route through the workspace while avoiding
obstacles.

The mathematical formulation of Dijkstra’s algorithm can be expressed by the re-
lation:

d(s, v) = min d(s, v), d(s, u) + w(u, v) (3.3)

where d(s, v) represents the shortest distance from source node s to node v, d(s, u)
denotes the shortest distance from source node s to node u, and w(u, v) signifies
the weight or distance of the edge connecting node u to node v. The algorithm
initializes d(s, s) = 0 and d(s, v) = ∞ for all other nodes v, then iteratively refines
these estimates until the optimal solution is reached.

During the trajectory tracking process, we implement a sampling strategy to ob-
tain a local reference for each control loop. This local reference path serves as the
foundation for the Model Predictive Control (MPC) algorithm and facilitates the
connecting path generation: connection from the robot’s current position to the first
point in the local reference path.

These alternative connecting paths are evaluated based on predefined criteria, and
the optimal path is selected for execution. The subsequent chapter will present a
more detailed analysis of path selection and execution strategies.

3.2.2 Trajectory Optimization Objectives
To ensure smooth behavior while following given trajectories, the objective function
consists of three penalty terms:

1. Deviation from the reference trajectory: Penalizes differences between
the planned state and the reference state, which is formulated in function 3.4.

2. Deviation from the reference control inputs: Encourages the control
inputs to remain close to the reference, which is formulated in function 3.5.

3. Control smoothness: Penalizes sudden changes in control inputs to promote
smoother motion, which is formulated in function 3.6.

Given a planning horizon N , reference state x̃, and reference input ũ, the cost
components are formulated as follows:
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Jτ (x̃k, xk) = ∥x̃k − xk∥2
Qk

, Qk = Q0 (1 + α∥x̃k − xk∥2) , k ∈ N[0,N ] (3.4)

Ju(ũk, uk) = ∥ũk, uk∥2
R, k ∈ N[0,N−1] (3.5)

Ja(uk+1, uk) = ∥uk+1 − uk∥2
S, k ∈ N[0,N−1] (3.6)

The overall cost for a single robot i at time step k is given by:

JRi
(x̃(i)

k , x(i)
k , ũ(i)

k , u(i)
k , u(i)

k+1) = Jτ (x̃k, xk) + Ju(ũk, uk) + Ja(uk+1, uk) (3.7)

For simplicity, the time index k may be omitted in later expressions if there is no
ambiguity.

3.2.3 Collision Avoidance Formulation
In the AMR fleet, for a given mobile robot i at time step k, the state and control
input vectors are denoted as x(i)

k and u(i)
k , respectively. The objective is to plan

the motion for a fleet of P robots, each governed by a given dynamic model f(·),
ensuring collision-free navigation.

The motion planning must account for the following three categories of obstacles:

• Other Robots (F) – The remaining robots in the fleet, which act as dynamic
obstacles to each other.

• Static Obstacles (O) – Fixed polygonal obstacles that must be avoided.

• Dynamic Obstacles (D) – Moving elliptical obstacles representing objects
or agents with time-varying positions.

The goal is to generate collision-free trajectories for all P robots while considering
these factors.

1. Collision Avoidance within the AMR Fleet (F): The mobile robots in
the fleet are geometrically modeled as circles with radius r and center posi-
tion c. According to the approach presented in [43], the collision avoidance
constraint within the fleet can be formulated in two ways:

• Hard Constraint: The distance between the centers of any two robots i
and j must be at least 2r, ensuring no overlap:

∥c(i) − c(j)∥2 ≥ (2r)2. (3.8)

• Soft Constraint: A penalty function JF is introduced to encourage a safe
distance d0 (set to d0 = 2r in simulations). The penalty cost is formulated
as:

JF(c(i), c(j)) = QF
[
d2

0 − ∥c(i) − c(j)∥2
]2

+
, (3.9)
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where QF is a weighting factor, and [·]+ denotes [x]+ = max{0, x}, en-
suring that the cost is applied only when the distance is below d0.

2. Static Obstacles (O): Static obstacles are modeled as convex polygons,
where the n-th obstacle is defined by the set:

Hn = {p ∈ R2 : bn,m − a⊤
n,mp > 0, m ∈ N[1, M ]} (3.10)

where M is the number of inequalities defining the polygon, and an,m, bn,m are
the coefficients of the linear constraints.

A point p is considered outside an obstacle Hn if the following constraint holds
for all obstacles n:

∀n ∈ N [1, No],
M∏

m=1
[hn,m(p)]2+ = 0, (3.11)

where hn,m(p) = bn,m − a⊤
n,mp.

For No obstacles, a soft obstacle avoidance cost is introduced with a penalty
term QO, formulated as:

JO(p) = QO

No∑
n=1

M∏
m=1

[hn,m(p)]2+. (3.12)

Here, the penalty cost ensures that the robot maintains a safe distance from
obstacles, with higher costs applied when the robot gets closer to the polygon
boundaries.

3. Dynamic Obstacles (D): Dynamic obstacles are modeled as ellipses, as
their future positions need to be estimated using Gaussian distributions to
account for uncertainty. As described in the research presented in [44], the
shape of an elliptical obstacle is defined by the function:

e(p) =
[
1 − (p − c)⊤E(p − c)

]2
+

, (3.13)

where c represents the center of the ellipse, E is a positive definite matrix
defining the shape and orientation of the ellipse, ensuring that violations of
the constraint contribute to the penalty.

A soft constraint is introduced to penalize proximity to dynamic obstacles.
Given Nd dynamic objects, the penalty function is formulated as:

JD(p) =
Nd∑

n=1
QD

[
1 − (p − cn)⊤E(p − cn)

]2
+

, (3.14)

where QD is a weighting coefficient that determines the strength of the penalty.

This formulation ensures that robots maintain a safe distance from moving
obstacles while incorporating uncertainty in their predicted locations.
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3.2.4 Distributed MPC for Multi-Robot Coordination
The coordination of autonomous robot fleets in dynamic environments demands
control architectures that balance computational efficiency with collaborative tra-
jectory planning. Building on the formulation that we established robot motion
model, the objective trajectory function, and the collision avoidance formulation,
we now analyze distributed control strategies that address the limitations of cen-
tralized approaches.

Modern multi-robot systems require control paradigms that adapt to two critical
challenges: (1) the combinatorial growth of collision constraints as fleet size in-
creases, and (2) the need for real-time replanning in uncertain environments. As
described in [45], MPC has emerged as a dominant methodology in process automa-
tion and robotics due to its inherent capability to handle constrained optimization
problems through receding horizon control. MPC framework solves finite-horizon
optimal control problems iteratively, executing only the immediate control action
before recomputing with updated state information.

3.2.4.1 Centralized MPC Formulation

Given a fleet of P robots, denoted as F = {R1, . . . , RP }, and the set of all pairs of
robot indices as

I = {(i, j) | Ri, Rj ∈ F , i ̸= j},

the centralized MPC is formulated as [43]:

min
u

N−1∑
k=0

(
P∑

i=1

[
JRi

+ JO(p(i)
k ) + JD(p(i)

k )
]

+
∑

(i,j)∈I

JF(p(i)
k , p(j)

k )


+
P∑

i=1
Jτ (x̃(i)

N , x(i)
N ) (3.15)

s.t. umin ≤ u(i)
k ≤ umax,

x(i)
k+1 = f(x(i)

k , u(i)
k ), (3.16)

∀k ∈ N[0,N−1], ∀i ∈ N[1,P ]

3.2.4.2 Distributed MPC Formulation

Distributed methods allocate computational tasks across multiple agents, enabling
decentralized processing. In our scenario, each robot operates an independent solver,
and predicted future states are exchanged among them. By sharing planned tra-
jectories, robots can proactively identify and mitigate potential collisions. This
coordination relies on position data obtained from a global camera system, ensuring
accurate situational awareness.
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The optimization problem presented below is formulated for a single mobile robot
at a time. The cost function component JF specifically penalizes deviations be-
tween the executing robot’s current position and the anticipated locations p̂(j)

k of
neighboring robots, promoting collision-free navigation.

min
u

N−1∑
k=0

JR + JO(pk) + JD(pk) +
P∑

j=1
JF(pk, p̂(j)

k )


+ Jτ (xref
N , xN) (3.17)

s.t. umin ≤ uk ≤ umax,

xk+1 = f(xk, uk) (3.18)
∀k ∈ N[0,N−1],

3.2.5 Comparison of Centralized and Distributed MPC For-
mulations

Centralized Model Predictive Control (CMPC) offers a global perspective and poten-
tially optimal coordination but suffers from scalability and robustness limitations.
In contrast, DMPC promotes scalability and robustness at the expense of global
optimality and coordination consistency. The Table 3.1 summarizes the key differ-
ences between these two formulations across several critical dimensions relevant to
multi-agent control systems.
In summary, while centralized MPC guarantees optimal solutions for single-robot
systems, its direct extension to multi-agent scenarios is hindered by fundamental
scalability limitations. The joint state space grows as O(P 3) for P robots, leading
to computational bottlenecks that make real-time implementation impractical for
large fleets. To address this challenge, DMPC has been developed, enabling scalable
optimization by decomposing the global problem into localized subproblems while
preserving inter-agent coordination through trajectory sharing.

3.3 Trajectory Tracking

This section presents multiple control methods for AMR local control, including
Pure Pursuit and LQR-based strategies, to track trajectories provided by the cluster
fleet coordinator. To ensure consistency between planning and execution, the same
discrete-time robot model has been employed. Pure Pursuit offers smooth geometric
tracking with adaptive speed control, while LQR provides optimal feedback based
on system dynamics. By combining both in a hybrid strategy and also providing
switchable function, we enhance tracking accuracy, responsiveness, and robustness
for real-time autonomous navigation.
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Table 3.1: Comparison of Centralized and Distributed MPC Formulations

Aspect CMPC DMPC
Computational
Complexity

Optimization considers all
robots simultaneously, leading
to a high-dimensional prob-
lem; challenging for real-time
execution as fleet size in-
creases.

Each robot solves its own prob-
lem, reducing per-agent load;
communication overhead from
trajectory sharing exists.

Coordination
and Collision
Avoidance

Collision avoidance is enforced
globally via joint optimization;
it enables globally optimal so-
lutions but requires solving a
large-scale problem.

Collision avoidance through
penalizing predicted vs. ac-
tual positions of others using
shared data; prone to incon-
sistencies with delays or mis-
matches.

Scalability Poor scalability as problem
size grows exponentially with
fleet size; limited by computa-
tional requirements.

Better scalability due to local
optimization; network conges-
tion and synchronization issues
may arise with dense fleets.

Communication
Requirements

Central unit gathers states,
computes controls, and dis-
tributes results; demands high
bandwidth and reliability.

Robots exchange predicted
states and plans; lower band-
width needs but sensitive to
latency and packet loss.

Robustness to
Failures

Single point of failure in cen-
tral solver; failure disrupts the
whole system.

More robust; individual robot
failures don’t necessarily affect
the whole, though coordina-
tion may degrade.

Optimality
and Perfor-
mance

Globally optimal solutions
possible; real-time perfor-
mance can suffer due to
computation limits.

Suboptimal but real-time fea-
sible; performance depends on
prediction accuracy and com-
munication efficiency.

3.3.1 Pure Pursuit

Lookahead Point Selection

The lookahead distance L is a predefined parameter. The lookahead point (xL, yL)
is the first waypoint in T that satisfies:

di =
√

(xi − xk)2 + (yi − yk)2 ≥ L, (3.19)

where (xk, yk) is the current position of the vehicle.

Transformation to Vehicle Frame

The lookahead point is transformed into the vehicle’s coordinate frame:
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x′
L = (xL − xk) cos(−θk) − (yL − yk) sin(−θk), (3.20)

y′
L = (xL − xk) sin(−θk) + (yL − yk) cos(−θk). (3.21)

Curvature Calculation

The required curvature κ to follow the lookahead point is given by:

κ = 2y′
L

L2 . (3.22)

Control Inputs Computation

The control inputs are computed as:

vk = vmax · e−α|κ|, (3.23)
ωk = vk · κ, (3.24)

where:
• vmax is the maximum allowable velocity,
• α is a tuning parameter that reduces speed during sharp turns.

This formulation implements a state-space-based Pure Pursuit controller that dy-
namically adjusts both linear and angular velocity to ensure smooth and stable
path-following behavior.

3.3.2 Linear Quadratic Regulator (LQR)
The LQR controller is designed for trajectory tracking using a discrete-time state-
space model of a unicycle.

The desired or reference state is:

xref =

xref
yref
θref

 , (3.25)

with the corresponding reference control input:

uref =
[
vref
ωref

]
. (3.26)

Defining the error state as:

δxk = xk − xref, (3.27)
and the control error is:

δuk = uk − uref. (3.28)
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Linearization

Linearizing the state-space model about (xref, uref) yields the error dynamics:

δxk+1 = A δxk + B δuk, (3.29)
where the system matrices are:

A =

1 0 −Ts vref sin(θref)
0 1 Ts vref cos(θref)
0 0 1

 , B =

Ts cos(θref) 0
Ts sin(θref) 0

0 Ts

 . (3.30)

Cost Function

The LQR controller minimizes the infinite-horizon quadratic cost function:

J =
∞∑

k=0

(
δx⊤

k Q δxk + δu⊤
k R δuk

)
, (3.31)

where Q is a positive semi-definite state weighting matrix, and R is a positive definite
control weighting matrix.

Optimal Control Law

The optimal control correction is:

δuk = −K δxk, (3.32)
where the feedback gain K is computed by solving the discrete algebraic Riccati
equation (DARE):

P = A⊤PA − A⊤PB
(
B⊤PB + R

)−1
B⊤PA + Q. (3.33)

Then, the optimal gain is:

K =
(
B⊤PB + R

)−1
B⊤PA. (3.34)

Finally, the control input is applied as:

uk = uref + δuk = uref − K δxk. (3.35)

3.3.3 Hybrid LQR Control with Pure Pursuit Inspired Look-
Ahead Strategy

Based on the above LQR formulation, the look-ahead strategy selects a reference
point xref along the trajectory at a predefined distance dlookahead from the current
position:

|xref − x| ≥ dlookahead. (3.36)
This reference state is then used to compute the control input via the LQR feedback
law, ensuring that the vehicle follows the trajectory smoothly.
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By integrating the Pure Pursuit look-ahead strategy with LQR-based feedback con-
trol, we enhance the system’s ability to track a given trajectory efficiently. This
approach ensures smooth control actions and better anticipation of future trajec-
tory points, making it suitable for applications in autonomous navigation and mobile
robotics.

3.3.4 Tracking Method Comparison
To achieve higher performance of different trajectory tracking strategies for AMRs,
we compare Pure Pursuit and a hybrid LQR+Pure Pursuit controller. Each method
offers distinct advantages depending on the system’s dynamics, path complexity, and
operating conditions. The comparison below highlights their differences in terms of
control strategy, model dependency, tuning complexity, robustness, and practical
performance.

Table 3.2: Comparison of Hybrid LQR and Pure Pursuit for Trajectory Tracking

Aspect Hybrid LQR Pure Pursuit
Control Strategy Optimal control minimizing a

quadratic cost over state and
input deviations.

Geometric control using a
lookahead point to compute
curvature and steering.

Model Require-
ment

Requires a linear or linearized
dynamic model.

No model required; purely
kinematic.

Design Parameters Weighting matrices Q and R. Lookahead distance (fixed or
adaptive).

Robustness Sensitive to modeling errors
and external disturbances.

Robust to model inaccuracies
but may deviate on sharp turns
or at high speeds.

Pros Smooth and accurate tracking,
stable even at higher speeds.

Simple to implement; effective
at low speeds and for mild cur-
vature.

Cons May not converge under poor
linearization or sharp maneu-
vers.

Struggles with backward or
complex trajectories.

Both the hybrid LQR + Pure Pursuit controller and the standalone Pure Pursuit
method are implemented in a switchable framework, allowing flexible deployment
depending on the application scenario. While the hybrid approach provides im-
proved stability and smoother tracking under dynamic conditions, the Pure Pursuit
controller remains a lightweight and robust alternative for simpler or low-speed
operations. This modular design ensures adaptability across varying operational
requirements and computational constraints.
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4
Evaluation and Results

This chapter presents a comprehensive evaluation of the multi-robot communica-
tion architecture using an automated testing framework, AutoTest, developed as a
ROS2 module. AutoTest was designed to systematically assess system performance
under varying network latency conditions by orchestrating simulation environments,
managing process lifecycles, and collecting detailed metrics across numerous test it-
erations and latency levels. The evaluation focused on key performance indicators
such as path deviation, execution efficiency, motion smoothness, MPC solver con-
vergence, and system-level outcomes including success, collision, and timeout rates.

Five representative scenarios were examined, ranging from simple static obstacle
navigation to complex multi-robot interactions in constrained environments. The
experimental results highlight the system’s robustness, demonstrating that it con-
sistently maintained high success rates and stable control performance—even under
severe communication latency. Notably, the impact of latency on system behav-
ior varied depending on scenario complexity and the degree of resource contention,
offering valuable insights into the resilience and scalability of the proposed architec-
ture.

4.1 Evaluation Framework

4.1.1 AutoTest Module Architecture
To systematically evaluate the performance of our multi-robot communication ar-
chitecture under varying network conditions, we developed an automated testing
framework called AutoTest. This framework enables reproducible quantitative as-
sessment of system behavior across different latency scenarios, providing empirical
validation of our design’s latency tolerance capabilities.
The AutoTest module is implemented as a ROS2 node that orchestrates the en-
tire testing process, from environment initialization to performance data collection
and analysis. Figure 4.1 illustrates the architectural components of the AutoTest
framework.
The framework follows a modular design with several key components:

1. Configuration Management: The system loads test scenarios and param-
eters from YAML configuration files, allowing flexible definition of multiple
testing scenarios with specific environmental settings, robot configurations,

41



4. Evaluation and Results

Figure 4.1: AutoTest architecture showing main components and their relation-
ships
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and test parameters.

2. Simulation Environment: The framework integrates multiple simulation
tools, creating a comprehensive testing environment:

• Gazebo physics simulation for realistic robot dynamics
• RViz visualization for visual monitoring and verification
• ROS2-based message buffer for precise network latency emulation

3. Process Orchestration: The framework automatically manages the lifecycle
of all required processes, including:

• Robot manager for high-level coordination
• Individual robot nodes representing each agent in the system
• Visualization and simulation processes

4. Metrics Collection: The system subscribes to performance metrics pub-
lished by the robot system, collecting comprehensive data on:

• Path execution accuracy (deviation area, normalized deviation)
• Efficiency metrics (execution time, path length)
• Motion quality metrics (linear and angular smoothness)
• Control stability (convergence success rate)

5. Result Analysis: The framework includes automatic calculation of perfor-
mance statistics, generating both detailed per-iteration logs and summary re-
sults for each latency condition.

4.1.2 Testing Methodology
Our testing approach systematically evaluates the system’s performance across a
spectrum of network latency conditions. The methodology implements a multi-
layered structure:

1. Scenario Selection: Each test scenario defines a specific environment con-
figuration, including map layout, robot placements, and mission parameters.

2. Latency Variation: For each scenario, the framework tests multiple latency
values (typically ranging from 0ms to 1000ms), simulating different network
conditions from ideal to severely degraded.

3. Statistical Significance: Each latency value is tested through multiple iter-
ations (typically ranging from 20 to 50 per latency value) to ensure statistical
validity of the results.

4. Success Criteria: The framework automatically detects and records:
• Successful mission completion (all robots reaching targets)
• Failure modes (collisions, timeouts)
• Performance metrics for successful iterations

This methodical approach enables us to quantify the relationship between network
latency and system performance, providing empirical evidence of our architecture’s
latency tolerance characteristics.
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4.1.3 Data Collection and Analysis
The AutoTest framework implements comprehensive data collection and analysis
capabilities:

1. Per-Iteration Logging: For each test iteration, the system logs:
• Detailed performance metrics for each robot
• Success/failure status and failure types
• Visual screenshots for qualitative assessment

2. Statistical Analysis: The framework automatically computes:
• Success rates under each latency condition
• Average performance metrics across successful iterations
• Failure distribution by type (timeouts vs. collisions)

3. Result Visualization: The collected data enables generation of performance
curves showing the relationship between latency and various performance met-
rics.

4.2 Performance Metrics and Evaluation Criteria
To quantitatively assess the performance of our multi-robot system under varying
latency conditions, we employ a comprehensive set of metrics designed to capture
different aspects of system behavior. Each metric provides specific insights into
how network latency affects the robots’ ability to execute their tasks efficiently and
accurately. Table 4.1 provides a summary of the metrics used in our evaluation
framework.

4.2.1 Path Execution Accuracy
1. Deviation Area:

The deviation area metric quantifies the cumulative spatial error between the
planned path and the actual path taken by the robot, providing a measure of
path following accuracy.

For a robot following an actual path Pa = {(xi, yi)}n
i=1 when given a planned

path Pp = {(xj, yj)}m
j=1, the deviation area is defined as:

Adev =
n−1∑
i=1

1
2(di + di+1) · li (4.1)

where di is the minimum distance from point (xi, yi) to any line segment in the
planned path, and li is the length of the segment between consecutive points
in the actual path.

This metric calculates the approximate area between the actual and planned
paths, with larger values indicating greater deviation from the planned trajec-
tory.

2. Normalized Deviation:
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Table 4.1: Summary of Evaluation Metrics

Category Metric Description
Path Execution
Accuracy

Deviation Area (Adev) Area between planned and
actual paths

Normalized Deviation (Dnorm) Deviation area normalized
by path length

Efficiency Execution Time (Texec) Total time to complete the
path

Path Length (Lp) Total length of the planned
path

Motion Quality Linear Smoothness (Sl) Median absolute linear ac-
celeration

Angular Smoothness (Sa) Median absolute angular ac-
celeration

Control Stability Convergence Success Rate (Rconv) Ratio of successful MPC
solver convergences

System-Level
Performance

Success Rate (Rsuccess) Ratio of successful test iter-
ations

Collision Rate (Rcollision) Ratio of iterations with col-
lisions

Timeout Rate (Rtimeout) Ratio of iterations exceed-
ing time limit

To facilitate comparison across different path lengths, we normalize the devi-
ation area by the planned path length:

Dnorm = Adev

Lp

(4.2)

where Lp is the total length of the planned path. This normalization allows for
fair comparison between robots traveling different distances or across different
scenarios.

4.2.2 Efficiency Metrics
1. Execution Time: The execution time measures the total duration required

for a robot to travel from its starting position to its destination:

Texec = tend − tstart (4.3)

where tstart is the timestamp when the robot begins its journey and tend is
when it reaches its destination. Longer execution times under increased la-
tency conditions indicate degraded system efficiency.

2. Path Length: While the planned path length is predetermined, we track
this metric to provide context for other measurements and to verify that robots
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are attempting to follow optimal trajectories:

Lp =
m−1∑
j=1

√
(xj+1 − xj)2 + (yj+1 − yj)2 (4.4)

4.2.3 Motion Quality Metrics
1. Linear Smoothness: Linear smoothness quantifies the stability of a robot’s

linear motion by measuring the median absolute linear acceleration:

Sl = median{|ai|}k
i=1 (4.5)

where ai represents the absolute linear acceleration calculated between con-
secutive velocity measurements. Lower values indicate smoother motion with
fewer abrupt changes in velocity, which is generally desirable for both energy
efficiency and passenger comfort in transportation applications.

2. Angular Smoothness: Similarly, angular smoothness evaluates the stabil-
ity of a robot’s rotational motion, measured as the median absolute angular
acceleration:

Sa = median{|αi|}k
i=1 (4.6)

where αi represents the absolute angular acceleration. Lower values indicate
smoother turning behavior with less jerky rotations, which contributes to over-
all system stability and reduces mechanical stress on the robots.

4.2.4 Control Stability Metrics
1. Convergence Success Rate: To evaluate the robustness of our control

algorithm, we track the convergence success rate of the MPC solver:

Rconv = Nsuccess

Nsuccess + Nfailure

(4.7)

where Nsuccess is the number of successful MPC solver convergences and Nfailure

is the number of failed convergences. Higher rates indicate more reliable con-
trol performance under the given conditions.

4.2.5 System-Level Performance Indicators
In addition to the robot-specific metrics described above, we evaluate overall system
performance using the following indicators:

1. Success Rate: The ratio of test iterations where all robots successfully
reach their destinations without collisions or timeouts:

Rsuccess = Nsuccessful_iterations

Ntotal_iterations

(4.8)
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2. Collision Rate: The fraction of test iterations where at least one robot
collision occurs:

Rcollision = Ncollision_iterations

Ntotal_iterations

(4.9)

3. Timeout Rate: The proportion of test iterations that exceed the maximum
allowed execution time:

Rtimeout = Ntimeout_iterations

Ntotal_iterations

(4.10)

These system-level indicators provide a comprehensive view of how increasing net-
work latency affects the overall reliability and safety of the multi-robot system,
complementing the detailed performance metrics collected for individual robots.

Through this systematic evaluation framework, we can objectively assess how our
multi-robot communication architecture performs under different network condi-
tions, providing quantitative evidence for the effectiveness of our latency-tolerant
design approaches.

4.3 Evaluation Scenarios
To systematically assess the performance and robustness of the proposed control
architecture, we designed five distinct test scenarios, each targeting specific aspects
of multi-robot coordination and real-world applicability.

Scene 1 (Figure4.2) is designed to evaluate a robot’s ability to navigate around static
obstacles. This basic setup verifies both the core navigation functionality and the
correct integration of the control architecture within a static environment.

Scene 2 (Figure4.3) introduces a typical interaction scenario where two robots en-
counter each other in a narrow corridor. This setup tests the system’s ability to
resolve conflicts and coordinate motion in constrained spaces, a common challenge
in real-world deployments.

Scene 3 (Figure4.4) evaluates multi-robot interaction at a crossing point. We con-
sider two variations: a balanced crossing (Scene 3A), where both robots approach
the intersection from equal distances, and an unbalanced crossing (Scene 3B), where
one robot is closer than the other. These variations test the coordination mechanism
under shared-resource constraints, a situation commonly encountered in indoor lo-
gistics.

Scene 4 (Figure4.5) replicates a real-world indoor logistics environment. It includes
both encounter and crossing conditions and is used to assess the practical applica-
bility of the system under near-deployment configurations.
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Figure 4.2: Scene 1. This scene evaluates the robot’s ability to navigate static
obstacles and serves as a test for both the environment and system performance.

Figure 4.3: Scene 2. In this scene, two robots encounter each other in a narrow
corridor and attempt mutual avoidance. This scenario evaluates the coordination
strategies in constrained environments.

48



4. Evaluation and Results

A) Balanced Crossing B) Unbalanced Crossing

Figure 4.4: Scene 3. These scenes evaluate the robots’ ability to avoid each other
during a crossing. The left (Scene 3A) depicts a balanced crossing scenario, while
the right (Scene 3B) shows an unbalanced crossing scenario.

Scene 5 (Figure 4.6) tests the system’s scalability and performance under a high-load
condition. This scenario involves ten robots, multiple crossing events, and static ob-
stacles. It serves to verify the system’s ability to coordinate a large fleet of AMRs
in complex environments.

4.4 Results
In this evaluation, all test cases are conducted using consistent MPC parameters and
identical local control strategies to ensure a fair comparison. The latency value is
selected based on cross-device testing, which showed that within the same local area
network (LAN), the natural communication delay remains within 200ms. Therefore,
setting the latency to 1000ms in our experiments represents a deliberately extended
delay and serves as a reasonable approximation of a long-latency scenario.

The primary MPC solver parameters are defined as:

Ts = 0.2, N = 30, α = 0.5, Q0 = 1, R = 0, S =
[
5 0
0 0.5

]
, (4.11)

QF = 100, QO = 10, QD =

100 100 100 100 100 80 80 80 80 80
50 50 50 50 20 20 20 20 10 10
10 10 5 5 5 2 2 2 1 1


(4.12)
(4.13)
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Figure 4.5: Scene 4. This scene represents a typical production line scenario,
including an encounter and crossing condition, and evaluates the system’s suitability
for real-world deployment.
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Figure 4.6: Scene 5. This scene involves 10 robots and includes multiple crossing
events and static obstacle navigation. It demonstrates the system’s scalability and
ability to handle complex conditions.
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The Hybrid LQR controller uses the following weight matrices and lookahead dis-
tance:

Q =

1000 0 0
0 1000 0
0 0 10

 , R =
[
0.001 0

0 0.1

]
, dlookahead = 0.5 (4.14)

The Pure Pursuit controller is configured with the following parameters:

L = 0.5, α = 0.1 (4.15)

To ensure statistical significance, each test case is executed 20 times on identical
hardware. The performance metrics for each scenario are summarized in Table 4.2.
As shown in Table 4.2, the success rates across all scenarios remain consistently

Table 4.2: Performance metrics across scenarios with and without latency

high, indicating the robustness of the control strategies under both normal and
high-latency conditions. For a clearer comparison of success rates across scenarios,
refer to Figure 4.7. In the simplest scenario, Scene 1, the system achieves a 100%

Figure 4.7: The success rate comparison
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success rate under both no-latency and high-latency conditions, demonstrating its
reliability in straightforward environments.

Comparing Scene 2, Scene 3A, and Scene 3B, we observe different patterns of re-
source competition. Scene 2 and Scene 3A represent balanced scenarios, where the
competing agents have symmetric access to resources. In contrast, Scene 3B is char-
acterized by unbalanced competition, where one agent has a positional or temporal
advantage over the other.

From the success rates, we observe that high latency tends to negatively impact the
balanced scenarios (Scene 2 and Scene 3A) more than the unbalanced one (Scene
3B). Interestingly, Scene 3B shows a slight improvement under high latency, which
may be attributed to one robot seizing the shared resource earlier, while the other
defers its action due to delayed communication—effectively reducing direct conflict.

In the more complex environments—Scene 4 (balanced competition) and Scene 5
(unbalanced competition)—the success rates appear largely unaffected by the intro-
duction of latency. This can be explained by the increased spatial flexibility in these
scenarios, allowing the system more opportunities to invoke the solver and adjust
robot trajectories to avoid conflicts.
Further insights into the difficulty of robot coordination under different conditions

Figure 4.8: MPC solver’s convergence condition
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can be obtained by analyzing the convergence behavior of the MPC solver shown in
Figure 4.8. In Scene 1, a relatively simple scenario, the solver exhibits a high and
consistent convergence rate regardless of the presence of latency. However, under
high-latency conditions, the solver is invoked more frequently, indicating a longer
overall execution time. Despite this, latency does not appear to impose additional
difficulty on the solver’s ability to find a solution.

In the competitive scenarios—Scene 2, Scene 3A, and Scene 3B—we observe differing
impacts based on the nature of resource competition. Under balanced competition
(Scenes 2 and 3A), latency leads to more frequent solver invocations and a reduced
convergence rate, suggesting increased difficulty in coordination. In contrast, the un-
balanced competition in Scene 3B shows fewer solver calls and a higher convergence
rate under latency. This implies that latency can actually simplify coordination in
unbalanced situations, as one robot may dominate resource access while the other
adapts accordingly. This observation is consistent with our earlier findings on suc-
cess rates.

For the more complex scenarios—Scene 4 (balanced competition) and Scene 5 (un-
balanced competition)—the effects of latency are mixed. In Scene 4, latency results
in more solver calls, but the convergence rate remains nearly unchanged due to
the inherently high number of solver invocations in this scenario, which makes dif-
ferences less pronounced. In Scene 5, however, we observe a significantly reduced
number of solver calls under the latency setting, further supporting the notion that
latency can be advantageous in certain unbalanced competitive situations.

In summary, the experimental results demonstrate that the proposed coordination
framework is robust across a variety of scenarios, including those with significant
communication latency. While latency increases solver invocation frequency and
slightly degrades performance in balanced competition scenarios, it has limited im-
pact—or even slight benefits—in unbalanced or more complex environments. These
findings suggest that the system can adapt effectively to real-world network condi-
tions and dynamic interactions, maintaining high success rates and reasonable com-
putational demands. This robustness under varying levels of difficulty and latency
confirms the practicality and scalability of the proposed approach for multi-robot
coordination.
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This thesis investigates the integration of cloud robotics into AMR coordination,
with a primary focus on managing network latency. We have developed a complete
system from the ground up, addressing architecture, inter-robot communication, co-
ordination control, message sharing, local decision-making, and trajectory tracking.
The system is validated in a physics-based simulation environment under various
latency conditions.

5.1 Contributions
Multilayer Control Architecture: A hierarchical control structure is designed
and implemented, distributing responsibilities between local robot controllers and
cloud-based components. This architecture enables trajectory generation in the
cloud while keeping only essential tasks onboard, enhancing system robustness in
the presence of latency.

Switchable Trajectory Generation: We propose an approach to trajectory
planning by combining traditional MPC with adaptive local adjustments to cloud-
optimized trajectories. Comparative evaluations show that our hybrid approach
achieves smoother execution and higher computational efficiency.

Flexible Trajectory Tracking Strategies: The local robot control design empha-
sizes a clear and modular onboard architecture. A key feature of this design is the
integration of a switchable controller framework, enabling dynamic selection between
different tracking strategies—such as pure pursuit and hybrid LQR—depending on
the operational context. This flexibility allows the system to adapt effectively to
varying task demands and environmental conditions, ensuring reliable and respon-
sive performance in diverse scenarios.

Well-designed Local Decision-making: To ensure operational safety during
communication delays or interruptions, an FSM governs well-defined state transi-
tions, while the control logic specifies the real-time behavior executed within each
state. This local fallback strategy allows robots to maintain safe operation indepen-
dently of the cloud, enhancing system reliability in real-world deployments.

Comprehensive Simulation Platform: We developed an integrated simulation
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environment combining RViz for visualization, Gazebo for physics-based simulation,
and an automated testing framework. This platform enables systematic testing and
evaluation of multi-robot coordination strategies under varying levels of network
latency, allowing for consistent performance benchmarking.

To sum up, this thesis contributes a robust, latency-tolerant multi-robot control ar-
chitecture, validated through a custom-developed AutoTest evaluation framework.
By simulating a range of real-world scenarios under controlled latency conditions,
we demonstrated that the system sustains high success and convergence rates while
maintaining efficiency and motion quality. The empirical results confirm the ar-
chitecture’s resilience and adaptability in the face of degraded communication con-
ditions, reinforcing its applicability to real-world multi-agent robotic deployments
where network quality may fluctuate.

5.2 Research Outcomes
To provide a structured and comprehensive summary of our findings, we revisit and
address the research questions posed in the introduction. By systematically ana-
lyzing each question in light of the experimental results and system design choices,
we aim to clarify the contributions of our work and highlight the effectiveness of
the proposed architecture and strategies in managing communication latency and
coordination challenges in multi-robot systems.

RQ1: How to design cloud-based architecture for efficient AMR fleet co-
ordination?

Our research addresses this question through a hierarchical cloud architecture that
distributes responsibilities between centralized coordination and local control. The
cloud component consists of a central Manager node responsible for global state
management and multiple Cluster nodes that handle individual robot planning.
This design effectively balances the benefits of centralized information sharing with
the scalability of distributed computation.

The Manager node serves as a lightweight coordination hub, maintaining global state
consistency and handling robot registration while delegating the computationally in-
tensive trajectory planning to dedicated Cluster nodes. Each Cluster node is paired
with a specific robot, creating a one-to-one mapping that enables parallel processing
and reduces system latency. This approach prevents the bottlenecks associated with
sequential processing while maintaining a coherent system view.

Communication between cloud components is designed through a selective information-
sharing strategy, where only essential coordination data traverses the network, mini-
mizing bandwidth requirements. The architecture implements robust state synchro-
nization mechanisms and heartbeat protocols to maintain system integrity despite
network fluctuations. By structuring cloud resources in this hierarchical manner,
our design achieves efficient fleet coordination while accommodating the inherent
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challenges of cloud-based robotics, including variable network conditions and com-
putation load balancing.

RQ2: How can DMPC be applied to coordinate robot fleets effectively
under high-latency conditions?

Effective coordination in latency-prone environments is achieved through a combi-
nation of distributed information sharing, modular trajectory planning, and robust
state synchronization. In our system, critical information—such as robot identities
and their planned trajectories—is shared with a centralized Robot Manager, which
functions as both a fleet-level information distributor and collector. Concurrently,
the vision system continuously updates each robot’s current state within the Robot
Manager, ensuring situational awareness across the fleet.

Thanks to ROS2’s support for precise time stamping, information updates are syn-
chronized and can be reliably interpreted despite communication delays. The use
of DMPC enables each robot to independently compute its own trajectory using
only locally available or shared information, rather than requiring full system-wide
knowledge. This decentralized approach significantly reduces communication depen-
dencies and improves system resilience under latency, while still ensuring coordinated
behavior across the fleet.

RQ3: What strategies can be employed on individual AMRs to manage
outdated trajectory information when latency and computation bottle-
necks exist?

To handle outdated trajectory information under latency and computational con-
straints, we employ distance-based lookahead strategies for both hybrid LQR and
pure pursuit trajectory tracking. These methods allow the AMR to continue fol-
lowing the last known trajectory until its endpoint, effectively buying time for the
system to recompute and update trajectories based on the latest state estimates.
This buffering mechanism gives the centralized cluster additional opportunities to
refine trajectory plans under fluctuating conditions.

Moreover, each AMR is equipped with a local safety module that uses onboard laser
scan data to perform reactive collision avoidance. This module ensures safety even
when global trajectory updates are delayed. At the same time, emergency behaviors
are implemented to handle abnormal cases—such as executing a stop when receiv-
ing a trajectory with an excessively distant start point, or halting operation when
communication errors are detected (e.g., missing updates or dropped connections).

RQ4: What is the quantitative impact of varying communication latency
conditions on multi-robot system performance?

Through various architectural and algorithmic efforts, we have significantly mit-
igated or bypassed the impact of latency. Nonetheless, its influence on multi-
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robot system performance remains nuanced and scenario-dependent. In simple,
low-conflict environments (e.g., Scene 1), latency has minimal impact, with the sys-
tem maintaining a 100% success rate and stable solver convergence. In contrast,
balanced competition scenarios (e.g., Scene 2 and Scene 3A) experience increased
solver invocations and reduced convergence rates under latency, reflecting greater co-
ordination difficulty. Interestingly, in unbalanced competition settings (e.g., Scene
3B and Scene 5), latency can actually ease coordination by staggering access to
shared resources, resulting in fewer solver calls and, in some cases, improved success
rates. In more complex environments with greater spatial flexibility (e.g., Scene 4
and Scene 5), the system’s adaptive trajectory generation further mitigates latency
effects.

However, latency can occasionally cause robots to enter non-convex regions of the
solution space, especially when error-handling mechanisms are triggered during de-
layed communication. This can prevent the MPC solver from converging in specific
instances. Despite these challenges, the system consistently demonstrates robustness
and adaptability, maintaining high success rates and reliable performance across a
wide range of conditions.

5.3 Current Limitations and Future Works
Although our system and control strategies have demonstrated strong robustness
and reliability across a range of scenarios, several limitations were identified during
development that warrant further investigation in future work:

• Lack of real-world validation: While we utilized the Gazebo simulation
environment to approximate real-world conditions through its physics engine,
the system has not yet been tested on physical robots. Real-world deployment
is necessary to fully assess system performance under unpredictable environ-
mental factors and hardware constraints.

• Limited MPC convergence under specific conditions: As discussed
in RQ4, the MPC solver may struggle to converge in certain local situa-
tions—particularly under latency-induced disturbances or non-convex condi-
tions. This limitation stems not only from solver capabilities but also from
the formulation itself, which currently does not account for feedback from local
control actions in the optimization loop.

• Suboptimal trajectory quality and coordination in competitive sce-
narios: In resource-constrained or competitive settings, the MPC may gener-
ate inefficient or non-intuitive trajectories—such as unnecessary forward–backward
movements or suboptimal yielding behaviors (e.g., passing in front rather than
behind another AMR). These behaviors highlight the lack of higher-level fleet
coordination. Incorporating traffic management strategies, such as heatmap-
based conflict avoidance, could help mitigate these issues.
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• Insufficient evaluation hardware: The current cloud-based cluster is lim-
ited in computational capacity. In practice, such modules should ideally run
on high-performance computing clusters equipped with intelligent load bal-
ancing to better reflect the intended deployment conditions.

Therefore, several promising directions remain for future work:

• Game-theoretic traffic coordination: Incorporate game-theoretic approaches
at the cluster level to enable strategic fleet-level traffic balancing. This can
proactively mitigate or avoid competitive scenarios by optimizing the behavior
of individual AMRs within a shared environment.

• Reinforcement learning for trajectory optimization: Explore the use
of reinforcement learning to improve the quality of generated trajectories. By
learning from interactions with the environment, AMRs can discover more ef-
ficient and adaptive motion strategies that outperform rule-based or purely
optimization-driven methods in complex or dynamic settings.

• Comprehensive real-world validation: Extend the current system to real-
world deployments for thorough testing under physical constraints and uncer-
tainties. This step is critical to validate the scalability, robustness, and safety
of the proposed architecture in practical applications.

This thesis contributes a robust cloud-based control architecture for multi-robot
coordination that withstands communication latency. Through trajectory planning,
modular control, and a strong simulation evaluation framework, we demonstrate
high adaptability and reliability under diverse and challenging conditions. These
findings pave the way for deploying latency-tolerant multi-robot systems in dynamic,
real-world environments such as logistics, manufacturing, and beyond.
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A
Appendix 1

Source Code Repository
The implementation code for this thesis is available in a public GitHub repository:
https://github.com/lutzzzzz/Distribute_mpc_ros2
The repository “Toward Efficient Collaboration in Autonomous Mobile Robot Fleets:
Addressing Latency and Distributed Model Predictive Control” contains all neces-
sary components to reproduce the experiments described in this work.

The MPC implementation in this work draws significant inspiration from the method-
ologies presented in the repository
https://github.com/Woodenonez/DyObAv-MPCnEBM-Warehouse
The AMR robot in the Gazebo model originates from MiR100 from the repository:
https://github.com/DFKI-NI/mir_robot

System Requirements and Environment
The implementation requires the following environment:

• Operating System: Ubuntu 20.04
• ROS2: Foxy distribution
• Python: Version 3.8
• OpEn: Optimization Engine for MPC solver

Hardware Specifications
All simulations in this thesis were conducted on a workstation with the following
specifications:

• Processor: Intel Core i5-13600KF (14 cores, 5.1 GHz max turbo frequency)
• Graphics Processing Unit: NVIDIA GeForce RTX 4070 with 12GB GDDR6X

VRAM
• Memory: 32GB DDR5 RAM operating at 6400 MHz
• Storage: 1TB SSD read speeds up to 7200 MB/s and write speeds up to 6300

MB/s
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