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Abstract

Abstract

This thesis addresses the challenges posed by communication packet loss in
leader-follower formation control of multi-robot systems, with a focus on Auto-
mated Guided Vehicles (AGVs) and drones. It presents a comprehensive analysis
of how packet loss affects linear controllers, including Linear Quadratic Regu-
lator (LQR) for AGV position tracking and a mixed H,/H,, and Proportional
Derivative (PD) controller for drone attitude and position control. The results
demonstrate significant positional errors under packet loss, emphasizing the
necessity for predictive methods to mitigate these effects.

To tackle this problem, the thesis proposes the use of Long Short-Term Mem-
ory (LSTM) networks, which excel at retaining long-term dependencies, for
predicting missing data during packet loss. A comparative analysis involving
LSTM, Gated Recurrent Units (GRUs), Linear Interpolation Predictor (LIP), and
the Memory Consensus Protocol (MCP) highlights LSTM’s superior accuracy in
trajectory prediction for AGVs and drones. The LSTM model was further inte-
grated into closed-loop systems, where it significantly enhanced performance
under feedback dynamics and external disturbances, outperforming MCP and
LIP methods.

The robustness of the proposed method was validated through extensive test-
ing under realistic scenarios, including curvy trajectories, such as circular and
figure-eight paths for AGVs and spiral trajectories and figure-eight paths for
drones, as well as scenarios with initial offset conditions, actuator saturation,
and the presence of external disturbances like sensor noise and wind. These
tests demonstrated LSTM’s capability to maintain formation control accuracy
in challenging environments, making it well-suited for practical applications in
AGVs and drones.

This thesis also compares the LSTM-based linear control strategies with highly
nonlinear controllers, such as back-stepping control and event-based sliding
mode control. The comparative evaluation includes challenging conditions,
such as time-varying delays, which initially caused oscillations in the system.
By applying an input-shaping filter, the oscillatory behavior is mitigated, and
the stability of the system is restored. The LSTM-based linear control strategy
exhibits performance that is competitive with nonlinear controllers, showcasing
its effectiveness as a robust alternative for handling formation control challenges
in multi-robot systems. These results demonstrate that combining LSTM with
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linear controllers enhances their performance under uncertainties such as packet
loss, improving their robustness to a level comparable with nonlinear controllers.

Keywords Formation control, Automated Guided Vehicles (AGVs), Drones, Long
Short-Term Memory (LSTM), Prediction, Packet Loss
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Chapter 1

Introduction

1.1 Motivation

In recent years, the development and deployment of unmanned vehicles has
grown significantly, driven by advancements in autonomy and the desire to
minimize human risk in hazardous tasks. Unmanned vehicles, which can function
with minimal human intervention, are now widely employed in a range of
specialized sectors, such as military operations, search and rescue missions, and
high-risk industrial tasks. These vehicles are classified based on their operational
environment: Unmanned Aerial Vehicles (UAVs) operate in the air [SSAFT19],
Unmanned Ground Vehicles (UGVs) navigate on land [MKLT95], Unmanned
Surface Vehicles (USVs) travel across water surfaces [Man08], and Autonomous
Underwater Vehicles (AUVs) travel under the water [ZM13].

Several practical platforms for these autonomous vehicle types have already
been developed and deployed. However, one common limitation across these
platforms is their typically small size and limited capacity, making them suitable
only for simpler missions. Moreover, many current unmanned vehicle systems
possess low levels of autonomy, with some relying heavily on remote control or
operating in a semi-autonomous mode [LZ18]. To mitigate these challenges, the
deployment of multiple smaller vehicles in a coordinated fleet, or multi-vehicle
formation system, has emerged as an effective solution. Compared to a single
large vehicle, a fleet in formation offers advantages such as greater coverage area,
enhanced system robustness, and improved fault tolerance through coordinated
behavior.

In the pursuit of more effective multi-vehicle formations, extensive research has
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been conducted in recent decades, with formation control being one of the most
actively explored areas. Formation control ensures that robots maintain a desired
arrangement while performing collaborative tasks, such as transporting objects
or surveying an area [CD20]. Over the past few years, significant progress
has been made with successful real-world demonstrations of vehicle formation
control. For example, Amazon Prime Air [JK17] has showcased successful
trials of drone-based deliveries, where coordinated flight in formation plays a
crucial role. In the automotive sector, truck platooning has been validated in
practice, showing improvements in fuel efficiency and traffic flow [YKDvdS19].
Similarly, collaborative multi-robot systems have been employed in warehouse
logistics to transport large or heavy objects [AWL*23], while using autonomous
vessels is being actively explored [CHN19] to coordinate autonomous ships or
boats to transport goods across water bodies. These success cases highlight the
growing maturity of formation control technologies and motivate research into
their robustness. However, one of the significant challenges in multi-vehicle
systems is maintaining reliable communication among the agents. In real-
world environments, communication links are often subject to packet loss due
to interference, limited bandwidth, or hardware limitations. This disruption
can degrade the performance of formation control, leading to instability or
breakdown in the fleet structure.

In this thesis, we address the challenge of formation control under packet loss by
focusing on two different types of unmanned vehicles: ground vehicles, specifi-
cally Automated Guided Vehicles (AGVs), and aerial vehicles, specifically UAVs.
These platforms were chosen due to their growing applications in transportation,
surveillance, and search-and-rescue missions, where maintaining reliable for-
mation is critical. For example, AGVs are widely used in industrial and logistics
environments, while UAVs are crucial for tasks requiring airborne operations in
challenging or remote areas.

To tackle the issue of communication loss, we developed a formation control
strategy that integrates deep learning techniques, specifically Long Short-Term
Memory (LSTM) networks, with traditional linear controllers such as Linear
Quadratic Regulator (LQR), mixed H,/H,,, and Proportional Derivative (PD)
controllers. While complex nonlinear controllers, such as sliding mode control,
can offer greater robustness against packet loss and disturbances compared
to linear controllers, they are not entirely immune to communication issues.
Moreover, their complexity makes them more challenging to implement and
tune in practical applications. This thesis seeks to build on the existing infras-
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tructure used in industry, where linear controllers like LQR and Proportional
Integral Derivative (PID) are already widely implemented due to their simplicity,
reliability, and ease of use [AN17, NAQ18, BB91]. In 2001, it was estimated
that more than 90% of all control loops utilized PID controllers.[AN17, NAQ18].
While this percentage has since dropped to just over 50%, the PID controller
remains the most widely used control method in the industry [AN17].

Linear controllers remain the backbone of industrial automation systems and
robotics, favored for their well-understood design, computational efficiency,
and integration into existing systems[BB91, Zhal0, AN17, NAQ18, BMSP21,
HG24]. These controllers are widely adopted across various industries because
they are reliable, cost-effective, and require minimal computational resources.
Replacing linear controllers with more complex nonlinear methods, such as
sliding mode control or other adaptive techniques, would require significant
changes to both hardware and software infrastructure. This not only increases
the complexity of implementation but also poses challenges in terms of operator
training, maintenance, and system compatibility. In contrast, this LSTM deep
learning combined with linear controller does not replace the underlying linear
framework; instead, we integrate LSTM networks as a lightweight prediction
module. Unlike nonlinear controllers, which substitute the entire control law
and demand continuous complex computation, the LSTM only supplements the
existing controller with a fast prediction step. This avoids the hardware and
software overhaul required by nonlinear methods while still addressing packet
loss. Since LSTM inference is computationally light and can run in real time
on a CPU, GPU support is only optional for offline training, making integration
considerably simpler than adopting nonlinear controllers.

By integrating LSTM networks into traditional linear control frameworks such as
LQR and mixed H,/H,, controllers for AGV and drones, we seek to overcome the
shortcomings of these linear controllers in environments with communication
packet loss. LSTM, a type of recurrent neural network, is particularly suited
for learning and predicting time-series data, making it an ideal candidate for
handling intermittent communication in formation control of muti robots. By
using LSTM, the system can predict the future states of leader robot when
communication fails, thereby allowing the fleet to maintain formation and
perform tasks with reduced reliance on continuous communication.

It is worth noting the difference between the methods proposed in this thesis
and the dead reckoning method. While both approaches involve prediction,
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their functions and objectives differ substantially. Dead reckoning (the "deduced
reckoning" of sailing days) is a simple and basic mathematical procedure for
finding the present location of a vessel by advancing some previous position
through a known course and using the velocity information of a given length
of time [DM78]. In dead reckoning, the Global Positioning System (GPS) is
not available, e.g., no GPS receiver, indoor environment, etc. [TTF"20]; there-
fore, dead reckoning is used as a localization method that estimates the robot’s
position, orientation, and integrates local sensor information over time, which
usually suffer from drifts [Ber16]. In this research, we do not address local-
ization, and it is considered that each robot knows its own position accurately
(e.g., the global reference is available). The focus here is instead on maintaining
formation control under packet loss scenarios, which dead reckoning does not
address.

In contrast to previous research, this study focuses on the use of deep learning to
compensate for packet loss while robots maintain their formation. LSTM is used
for AGVs in various fields such as path planning [Yan23], state estimation and
sensor fusion of holonomic robots [VNGW21], data fusion of the odometry and
Inertial Measurement Unit (IMU) [QHM*21] anomaly detection [CLDB*20] and
fault detection [DZZ*21]. However, to the best of our knowledge, no research
has been conducted to compensate for packet loss in the formation control of
AGVs and UAVs via deep learning to enhance and improve linear controllers
such as LQR and mixed H,/H,, controllers.

1.2 Thesis Hypotheses and Goals

Based on the research motivation, the following research hypotheses have been
investigated:

1. Can the combination of a deep learning method such as LSTM in combina-
tion with a linear control strategy, such as LQR, improve the performance
of formation control for AGVs under conditions of packet loss? Can the
learning algorithm compensate for the effects of packet loss in the system?

2. Can this solution be extended to other applications and controllers? For
example, could combining LSTM with linear controllers like H,/H., and
PD improve the performance of formation control in quadrotors, which
operate in three dimensions, under packet loss?

Formation Control 4 Leila Sedghi
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3. Can the combination of LSTM with linear control strategies perform com-
petitively with sophisticated nonlinear controllers, such as sliding mode
control, in handling packet loss and communication delays?

Driven by the research hypotheses above, this research aims to investigate and
improve the formation control performance of multiple robots, including AGVs
and drones, using a decentralized leader—follower approach under conditions
of communication packet loss. To achieve this, we selected linear controllers
developed for single robot applications, adapted them for multi-agent formation
control, and tested their performance under packet loss conditions. When the
negative impact of packet loss on the linear controllers used became evident, we
utilized deep learning algorithms, such as LSTM networks and GRU, to address
these challenges. By integrating these learning-based algorithms, we compensate
for packet loss.

The details of the research goals are illustrated below:

1. Identify and analyze the impact of packet loss on popular linear controllers
used in current industry such as LQR, H,/H,, and PD controllers, and
understand the research gaps.

2. Develop a framework that can improve and develop current controllers
using predictive capabilities of LSTM.

3. Extend the solution to different applications of formation control of AGVs
and drones controlled by LQR and H,/H,, controllers, respectively.

4. Compare the performance of framework against nonlinear controllers such
as sliding mode controller and back stepping controller that are robust
controllers against packet loss and delay used in state of the art.

1.3 Thesis Contributions

This section presents the key contributions of this thesis.

1. Analyzing the Impact of Packet Loss on Leader-Follower Formation
Control in Multi-Robot Systems. This thesis examines the effects of packet
loss on the leader-follower formation control of multiple robots using linear
controllers. Two popular robotic applications AGVs and drones were chosen
to explore this phenomenon in formation control settings. For AGVs, an
LQR controller was implemented to maintain a specific trajectory and
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ensure proper formation. Similarly, for drones, a mixed H,/H,, controller
combined with a PD controller was employed to manage trajectory tracking
and formation maintenance through communication between the leader
and followers. In both applications, leader position updates communicated
to followers were subjected to packet loss modeled using a Bernoulli
distribution. Using only memory-based compensation (MCP), for AGVs,
packet loss caused a positional error increase of approximately 20 cm,
while for drones, the error increased by around 6 cm. These results
confirm that MCP alone is insufficient to maintain formation accuracy
under communication disruptions, highlighting the need for predictive
methods such as LSTM.

2. Proposing LSTM for Predicting Missing Data via a specific mechanism
and Compensating for Packet Loss in Formation Control. This thesis
explores four methods for predicting the leader’s position in robot for-
mation control during packet loss: LSTM, Gated Recurrent Units (GRUs),
Linear Interpolation Predictor (LIP), and the MCP. LSTM is particularly
advantageous due to its capacity to retain important information over time,
making it well-suited for predicting missing data resulting from packet loss.
Both LSTM and GRU models are trained using the leader’s trajectories,
with carefully chosen parameters optimized through Bayesian optimization
to balance prediction accuracy, computational efficiency, and processing
time. When no packet loss occurs, the network states are updated with
the actual leader position. However, during packet loss, the network states
are updated using LSTM predictions, as the observed leader position is
unavailable. The final results show that LSTM consistently outperforms
GRU, LIP, and MCP in prediction accuracy when compared to the actual
data in both AGV and drone trajectories.

3. Integrating LSTM in Closed-Loop Systems for Controlling AGVs and
Drones to Analyze Formation Control Performance. This thesis extends
beyond simply comparing predicted data with real data by incorporating
the chosen method, LSTM, into closed-loop systems to evaluate its impact
on formation control under feedback dynamics and external influences.
In this approach, LSTM is integrated into the reference generator for
followers, where its predictions are utilized during packet loss of 30% and
50%. The results demonstrate that LSTM compensate packet loss and the
results are very close to without loss scenario.
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4. Testing and Analyzing the Performance of the Proposed Method in
Complex Scenarios.To evaluate the effectiveness of the proposed method
in realistic and challenging situations, various test conditions were de-
signed:

* Complex Trajectories: Both AGVs and drones were tasked with fol-
lowing complex trajectories, such as circular and figure-eight paths for
AGVs and a spiral and figure-eight trajectories for drones while they
are keeping their formation. Unlike straight paths, curvy trajectories
with frequent direction changes present greater challenges for pre-
diction. The proposed method demonstrated excellent performance,
maintaining accuracy even under these demanding conditions.

* Initial Offset Conditions: The system was tested with followers
starting at an offset position, lagging behind the leaders. Throughout
the test, the followers were required to adjust their speeds dynamically
to maintain a fixed distance and preserve the formation along the
entire trajectory.

* Actuator Saturation: To reflect the constraints of real-world indus-
trial robots, control signals in both AGVs and drones were saturated,
ensuring that the robots did not exceed realistic speed limits. This
test assessed the compatibility of the proposed method with practical
actuator limitations.

* Noise and External Disturbances: For the drone scenario, the sys-
tem’s robustness was evaluated in the presence of measurement noise
and external disturbances. This simulated the effects of real-world
factors, such as sensor noise from Inertial Measurement Units (IMUs)
and environmental disturbances like wind or turbulence, which are
commonly encountered in practical quadrotor operations.

The results from these tests indicate that the proposed method is not
only capable of handling complex trajectories and real-world constraints
but also resilient to noise and disturbances, making it highly suitable for
practical applications in AGVs and drones.

5. Comparison Between LSTM Combined with Linear Control Strategies
and Highly Nonlinear Controllers. To assess the effectiveness of the
proposed method in AGVs’ formation control, a comparison was made with
highly nonlinear controllers such as back-stepping control and event-based
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sliding mode control. A benchmark study was established using the most
comparable paper in terms of testing conditions. For fairness, the proposed
method’s simulation incorporated a time-varying delay, which initially
caused oscillatory behavior in the system. To mitigate these oscillations,
an input-shaping filter was applied, improving the system’s stability. Upon
evaluating the average tracking error, the LSTM-based approach demon-
strated competitive performance with the nonlinear controllers, even under
challenging conditions involving packet loss and delays. This underscores
the robustness and adaptability of the proposed method. This study high-
lights the practicality of enhancing traditional linear control frameworks
by integrating learning algorithms like LSTM and supplementary filters.
Such an approach provides a viable alternative to developing complex non-
linear control systems, offering significant improvements in performance
of current industrial linear controllers.

1.4 Publications

The research and findings of this thesis have been disseminated through the
following publications, with some contributions currently under preparation for

submission:
¢ Published Articles:

Sedghi, Leila, Jobish John, Md Noor-A-Rahim, and Dirk Pesch. "Formation
control of automated guided vehicles in the presence of packet loss."
Sensors 22, no. 9 (2022): 3552.

Sedghi, Leila, Zohaib Ijaz, Md Noor-A-Rahim, Kritchai Witheephanich, and
Dirk Pesch. "Machine learning in event-triggered control: Recent advances
and open issues." IEEE Access 10 (2022): 74671-74690.

* Work in Progress:

Additional findings on formation control of quadrotors under packet loss,
are under development and will soon be submitted to IEEE Access Journal.

1.5 Thesis Outline

The remainder of this dissertation is organized as follows.

Formation Control 8 Leila Sedghi
Under Packet Loss



1. INTRODUCTION 1.5 Thesis Outline

Chapter 2, introduces the overview of PhD research background from multi-
agent systems to formation control and cooperative transportation of AGVs and
drones are discussed. After highlighting the network uncertainties impact on
formation control, we reviewed the state of the arts to clarify research gap.
Chapter 3 presents formation control problem for non-holonomic AGVs using
LQR control in presence of packet loss and it demonstrates the vulnerability of
the system to packet loss. To cope with this, LSTM framework is developed to
compensate the packet loss negative impact in the AGV system. In Chapter 4, a
comparative examination with nonlinear controllers is studied for AGVs scenario
and explores strategies to mitigate both delay and packet loss. In Chapter 5,
the LSTM framework has been applied to a new application of drones with
different linear controllers of mixed H,/H,, and PD to ensure the scalability
of this framework to cope with packet loss. Finally, Chapter 6 concludes the
thesis by summarizing the performance of the proposed method, discussing its
limitations, and offering insights into future research directions.
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Chapter 2

Background and State of the Art

This chapter introduces the key background concepts relevant to formation
control under packet loss. It begins with an overview of multi-agent system
architectures, centralized, distributed, and hierarchical, and summarizes com-
mon formation control strategies such as leader—follower, virtual structure, and
behavior-based methods. The chapter then discusses cooperative transportation
using Automated Guided Vehicles (AGVs) and Unmanned Aerial Vehicles (UAVs),
highlighting their control frameworks and applications. Network-related chal-
lenges such as delay and packet loss are explained. Finally, the chapter reviews
existing literature on formation control under unreliable communication, estab-
lishing the research gap that motivates the proposed Long Short-Term Memory
(LSTM) augmented linear control approach.

2.1 Multi-agent Systems

Multi-agent systems consist of multiple interacting computing elements, referred
to as agents. These agents can act autonomously, making independent decisions
to achieve their design objectives [Woo09]. Additionally, they can interact with
other agents in order to complete a set of goals. The agents can come in vari-
ous forms including vehicles[JWBB13], robots [CWO05] and drones [DYSZ14].
The field of multi-agent robotic systems emerged in the late 1980s when var-
ious researchers began working with mobile robots to perform coordinated
tasks [Asa89, Ben88, AFH198]. Multi-agent control primarily includes three
main architectures [YJC13, VR21]: centralized, distributed, and hierarchical.
In this section, we discuss the differences among these control architectures,
highlighting their advantages and disadvantages.

10



2. BACKGROUND AND STATE OF THE ART 2.1 Multi-agent Systems

2.1.1 Centralized Architecture

This architecture relies on a central control agent, as depicted in Figure 2.1. The
central control agent can be an external server or a designated robot within the
team, such as Robot 1 controller in the Figure 2.1. To coordinate and generate
control commands for the entire system, it requires the state information of all
robots in the group. The primary advantage of this control structure is the global
knowledge of each robot in the group, which is essential for optimal decision-
making and performance. However, this architecture faces issues of robustness
and reliability because the entire group of robots depends on a central controller.
Additionally, it generally demands higher computational power compared to
other control architectures because a single central controller is responsible for
processing all the information for the entire system, handling large amounts of
data, manage communications with all agents, and make real-time decisions,
which can become a limitation as the number of agents increases. Consequently,
the computational load on the central controller can be significantly higher
than in decentralized or distributed architectures, where the workload is spread
across multiple robot controllers or agents [YJC13].

Robot 2

Controller

Robot 7
Controller

Robot 3
Controller

Robot 1
Controller

Robot 6 Robot 4

Controller Controller

Robot 5

Controller

Figure 2.1: A centralized control architecture
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2.1.2 Distributed Architecture

In this control architecture, each robot makes its own decisions. As shown in
Figure 2.2, this approach is based on sharing information between neighboring
robots. Each robot independently makes decisions based on the states of its
neighbors, without relying on a single-point controller. One of the main ad-
vantages of this architecture is its reliability and its robustness, as it is more
responsive to changing or unknown environments as well as agents have the
ability to perform useful actions even amidst the failure of other robots [Par98].
Moreover, it is well-suited for large and scalable systems because communication
is limited to interactions within the range of neighboring robots. However, this
can result in suboptimal solutions in terms of stability and convergence rate
[YJC13].

Robot 2
Controller
Robot 3
Robot 7 Controller
Controller
Robot 1
Controller
Robot 4
Robot 6 Controller
Controller
Robot 5
Controller

Figure 2.2: A distributed control architecture

2.1.3 Hierarchical Architecture

This architecture combines elements of both centralized and distributed control
structures. There can be multiple central robots, each responsible for a local
cluster of robots [CFKM95]. Figure 2.3 illustrates a hierarchical architecture
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with multiple levels. At the top level, Robot 1 handles high-level decision-making
and supervisory tasks, managing the subgroups or clusters of robots. Robots 2
and 3, representing Cluster 1 and Cluster 2, coordinate their respective clusters,
translating high level goals from Robot 1 into specific tasks and directing them
to lower levels [ACAO7]. Within this hierarchy, Robots 1, 2, and 3 operate in
a centralized manner. At the lowest level, Robots 4, 5, 6, 7, and 8 perform
localized tasks under the guidance of the mid-level robots. These robots operate
in a distributed manner, focusing on executing commands and completing
tasks as instructed by the higher-level robots. In practical applications, a high-
level controller might define the overall mission objectives, while lower-level
controllers manage local navigation, obstacle avoidance, and task execution.

This architecture is typically implemented in environments with numerous
independent tasks, each requiring an individual robot or a group of robots
supervised by high level robot [NM02]. Compared to distributed architectures,
hierarchical architectures are less robust but require less communication between
robots. Similar to the distributed approach, this type of control is often referred
to as hybrid in the literature [CFKM95].

Robot 1
Controller
(Top-Level)

Robot 2 Robot 3
Controller Controller
(Cluster 1) (Cluster 2)

Robot 4
Controller

Robot 6

Controller
Robot 7 Robot 8 )

Controller Controller

Robot 5
Controller

Figure 2.3: A hierarchical control architecture

2.2 Formation Control

A formation refers to a group of autonomous mobile multi-agents systems
with communication capabilities that form a specific configuration (i.e., desired
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positions and orientations) to collaborate and achieve a common goal as shown
in Figure 2.4. Depending on the purpose of maintaining formation, we categorize
and list a few applications below.

desired
- - - - - o trajectory

desired
trajectory

(b)

Figure 2.4: Examples of various formation shapes and trajectories (a) a platoon—
shaped formation and a straight trajectory, (b) a hexagon-shaped formation and
a circular trajectory. [Sad12]

» Spatial Sensing: The use of various sensors and mobile robots to gather
data and monitor different environments, often with a focus on covering
large or difficult-to-access areas. This process typically employs technolo-
gies such as UAVs, Autonomous Underwater Vehicles (AUVs), and satellites
to collect information across three-dimensional spaces. The primary goals
of spatial sensing include environmental monitoring, surveillance, map-
ping, and scientific research. It enables the detection, measurement, and
analysis of physical phenomena or objects within a specified area, providing
valuable data for applications like weather forecasting, resource manage-
ment, disaster response, and scientific exploration. For example, drone
swarms in formation are utilized for 3D scene reconstruction [MM16]
and aerial filming [GNW™'21]. In underwater applications [DSP16], AUVs
operate in formation to take hydrographical measurements in the ocean.
Formation control is also essential in space applications [LZY*18]. For
instance, space-based interferometry is used to detect and study the origins
of the cosmos, preferred over ground-based setups for its immunity to
atmospheric disturbances and flexible reconfiguration [M*19].
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* Object Transport: Another significant application of formation control is
the cooperative transportation of objects. This involves the coordinated
movement and control of multiple autonomous agents, such as drones,
robots, or vessels, to collaboratively transport an object from one location
to another. This type of control ensures that the agents maintain a spe-
cific formation while carrying the object, optimizing for factors such as
stability, efficiency, and safety. For example, drone delivery is currently
being discussed and tested, with the possibility of using drone swarms
in formation becoming a promising future development [LLA*22]. Be-
sides drones, multiple robots can collaborate to carry and transport large
or heavy objects [YLL10, DN21]. Another application is robotic logistics
where multiple robots working together to move heavy or large objects in
warehouses or industrial settings [AWL*23]. Additionally, the potential
for transportation using autonomous vessels is being actively explored
[CHN19] to coordinate autonomous ships or boats to transport goods
across water bodies.

* Economic Travel: Optimizing the movement and coordination of multiple
autonomous agents, such as drones, robots, or vehicles, to minimize costs
associated with energy consumption, time, and resources. This approach
is essential in various applications where efficiency and cost-effectiveness
are paramount. One of the advantages of traveling in formation is im-
proved fuel efficiency. Research has shown that flying in the wake vortex
of another aircraft is aerodynamically efficient, leading to reduced fuel
consumption [Unt20]. Therefore, formation flying is preferred for long-
haul journeys involving multiple aircraft. This concept is also applied in
land transportation, such as truck platooning [YKDvdS19]. Furthermore,
another application could be search and rescue team of mobile robots
[QTP*20] to ensure that search and rescue operations by multiple agents
are conducted in the most efficient manner, reducing time and resource
expenditure.

The survey by Chen et.al. [CWO05] provides a detailed study of various strate-
gies for formation control presented in the literature. Numerous formation
control strategies can be interestingly seen in the literature. Some of which are
[HWZH17]: leader-follower, virtual structure, and behavior-based approach,
which we will explore in the following.
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2.2.1 Leader-follower

The leader-follower approach is a widely used strategy in multi-agent systems
due to its simplicity of implementation. In leader-follower approach, one or
more agents are assigned to be the leader(s) of the group to guide the overall
movement of the formation, while the other remaining agents (followers) adjust
their positions relative to the leaders. Leader-follower approaches are presented
in the literature such as [LLL15, CMPT06, WWYS18]. Introducing a virtual-
following robot instead of following a leader converts the formation control
problem to a tracking control problem for the follower robot tracks the virtual-
leader robot in [LLL15]. The leader-follower approach relies entirely on the
leader, meaning the failure of the leader could impact the entire formation
control. Additionally, there is typically no communication feedback from the
followers to the leader, which could result in the leader moving ahead and
leaving its followers behind.

2.2.2 Virtual structure

The virtual structure approach is a method in which the entire formation is
treated as a single entity or "virtual structure". The desired motion is defined
for the whole formation, which is, then, transformed into the desired motion
of each robot for individual tracking. In fact, each agent is assigned a specific
position within this virtual structure, and the agents coordinate their movements
to keep these relative positions. This approach ensures that the formation
behaves as a cohesive unit, similar to how a rigid body would move. Some
studies, including [VABvdWNO09, CB15] proposed a virtual center defined from
predefined reference trajectory for robot formation. The virtual center is used
to determine the desired position for each robot at any time instance; then
the robots track this position following a control command from a centralized
controller. However, the virtual reference point does not have to be at the center
of the formation. For example, a Virtual Vehicle (VV) is introduced for each
robot in [YNO8] and tried to minimize the different desired positional relations
between the robot and the VV, to achieve the formation by driving all the VV to
converge to a common position. In this method, each robot has its own trajectory
to follow, therefore, the robots’ behaviors can be simpler to describe and there is
no need to inter-robot communication. As a drawback inter-robot collisions can
occur in the presence of perturbations.
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2.2.3 Behavior-based

Behavior-based formation control manages the movement of multiple agents,
including robots, drones, or vehicles, within a group. Each agent follows local
and simple rules or behaviors, and the combined effect of these behaviors results
in the desired formation. This method takes inspiration from natural systems,
such as bird flocking or schooling of fish, where simple local interactions create
complex global patterns[BA98]. One of the main benefits of behavior-based
formation control is that it is easy to implement and reacts fast to environmental
change so it is highly salable and self-organizing [L.C18]. As each agent follows
its own set of rules and objectives, no central controller is needed. However, this
approach has drawbacks, including the complexity of stability analysis and a
slower convergence rate compared to leader follower method. Since behavior-
based methods rely on local information and interactions between agents, this
can lead to slower convergence as agents need to adjust their behavior-based on
their neighbors’ actions compared with leader-follower approach.

2.2.4 Consensus-based

In the consensus-based method, agents reach an agreement (consensus) on
certain states like position and velocity using local interactions and communica-
tion with their neighbors [HWZH17]. In fact, consensus solves the formation
problem by allowing each robot to react and compute its control velocity lo-
cally according to its neighbors state and converge to an agreed value. The
consensus-based method is robust to individual agent failures, flexible in dy-
namic environments, and facilitates distributed decision-making. However, it
requires reliable communication, may have slower response times, and can be
computationally intensive.

2.3 Cooperative Transportation

The idea of cooperative transportation is inspired by daily life. When people
need to move a large, heavy object, they often require assistance from others.
This concept has been adapted for robotic applications, where multiple robots
collaborate to transport objects. The goal of cooperative transportation is trans-
ferring the object from an initial location to a desired one via collaboration
and formation control of multiple mobile robots [YO15]. Different cooperative
transportation methods for multiple robots have been introduced including
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leader-follower control [YWIKO4], the constrain-and-move strategy [ZABWO05],
the chain system [YAQ9], cooperative towing [CFKP09], and formation control
[ZMX08]. Various robots are used for cooperative transportation including var-
ious types of AGVs and UAVs. These robots are designed to work together to
transport loads, optimize logistics, and operate tasks that require coordinated
effort as shown in Figure 2.5.

2.3.1 Autonomous Guided Vehicles

AGVs are widely used in various industrial settings for automated material han-
dling. Their ability to work together enhances logistics and operational efficiency.
Some of the applications can be highlighted as follows[PL19, JMPH21]:

¢ Industrial Automation:

- Material Handling: Coordinated AGVs can transport heavy or bulky
materials across a factory floor.

- Assembly Lines: AGVs can work together to move components to
different stations along an assembly line[FDKSS21].

* Logistics and Warehousing:

- Order Fulfillment: Multiple AGVs can work together to gather items
from different locations within a warehouse[KKBK24].

- Transporting Large Items: Coordinated efforts of several AGVs can
move large pallets or containers|[HZT+25].

¢ Search and Rescue:

- Disaster Response: AGVs can work together to move debris or trans-
port supplies in disaster-stricken areas[Dre21].

— Remote Operations: Coordinated AGVs can perform complex tasks
in hazardous environments where human presence is risky, such as
nuclear accident sites, chemical spills, or areas affected by natural
disasters.

2.3.1.1 AGV Control

The trajectory tracking problem for AGVs has attracted significant attention in
recent years. A key consideration in the control of AGVs is whether the system is
subject to holonomic or non-holonomic constraints.
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Figure 2.5: AGVs formation control and cooperative transportation [AMBR17]

* Holonomic constraints: Constraints that depend only on the coordinates
of the system and time, in fact, they are constraints that directly restrict
the position of the vehicle. For example, a vehicle that can move freely in
any direction on a plane (like a omnidirectional robots moving forwards,
backwards, or sideways or KUK A — omniMove™” AGVs as depicted in
Figure2.6 [KUK99]) without any restrictions other than its physical bound-
aries operates under holonomic constraints.

Figure 2.6: KUKA omniMove with omnidirectional wheel [KUK99]

¢ Non-Holonomic Constraints: Non-holonomic constraints, on the other
hand, depend on both the coordinates and the velocities of the system.
These constraints limit the system’s ability to move in certain directions,
despite the vehicle being able to reach any point in space eventually. A
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common example of non-holonomic constraints is a car that can only move
forward or backward and turn, but not move directly sideways (lateral
motion). In this case, the vehicle’s path and final position are determined
by a combination of its forward/backward motion and steering.

2.3.2 Unmanned Aerial Vehicles

UAVs and multicopters (also known as multirotors as in [KFJ17, NS19]) are
rotorcraft equipped with more than two rotors. They are named based on the spe-
cific number of rotors they have, such as quadcopters (4 rotors), hexacopters (6
rotors), and octocopters (8 rotors). UAVs have attracted considerable interest in
research because of their diverse applications and their inherent properties, such
as strongly nonlinear dynamics, under-actuated configurations[NPSL17], and
high dynamics frequency while being limited by the low computational power of
the on-board micro controllers, which make them ideal for showcasing various
control applications [NS19]. Furthermore, UAVs or drones, are significantly
used in cooperative transportation to improve efficiency and capabilities across
various sectors. UAVs can operate autonomously or be remotely controlled and
can work together to accomplish tasks that would be challenging for individual
drones, which make them invaluable in applications ranging from logistics and
agriculture to disaster response and surveillance. Some of these applications are
highlighted below [SNI19, JSQ*23, GIMSBA17, MD18]:

* Aerial Delivery

- Package Delivery: UAVs can collaborate to deliver packages quickly,
especially in urban areas with congested roads.

— Medical Supplies: They can transport urgent medical supplies, such
as blood, vaccines, or medications, to remote or hard-to-reach areas.

¢ Construction

- Material Transport: UAVs can carry and deliver lightweight construc-
tion materials to specific locations on a construction site, particularly
in areas difficult to reach by ground vehicles as shown in Figure 2.7.

- Inspection and Maintenance: They can work together to inspect
structures and deliver maintenance tools or sensors.

* Agriculture
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- Crop Monitoring: UAVs can provide aerial views and data for mon-
itoring crop health, detecting irrigation needs, and identifying pest
infestations.

- Aerial Spraying: Coordinated UAVs can efficiently spray pesticides or
fertilizers over large fields.

e Search and Rescue

- Disaster Response: UAVs can be deployed rapidly to disaster areas,
providing aerial imagery, locating survivors, and delivering emergency
supplies.

- Remote Area Assistance: They can reach and deliver aid to individu-
als stranded in difficult terrains.

* Surveillance and Security

- Area Patrol: UAVs can patrol large areas collaboratively, providing
real-time surveillance and identifying potential security threats.

- Crowd Monitoring: During large events, they can monitor crowd

movements and assist in managing safety.

Figure 2.7: Five multi-rotors, lifting and transporting a square frame payload
autonomously[TLWC18]
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2.3.2.1 UAV control

UAVs pose unique and complex control challenges due to their significant non-
linearities, natural coupling, and underactuated dynamics. These characteristics
are not merely technical hurdles but are fundamental to the dynamics of UAVs,
shaping the way they are controlled and deployed. The nonlinearities in UAV
dynamics arise from aerodynamic forces, torque generation, and kinematics,
which are highly dependent on the UAV’s current state. This complexity makes
traditional linear control models insufficient for precise trajectory tracking and
stability. Moreover, the natural coupling between translational and rotational
dynamics means that motion in one axis inherently affects others, necessitat-
ing multi-variable control strategies that account for these interdependencies.
Additionally, UAVs are underactuated systems, possessing fewer control inputs
(e.g., thrust and three angular torques) than the six degrees of freedom they
need to control in three-dimensional space. This underactuation restricts direct
control over all motion components, requiring sophisticated algorithms, such as
a predictive control, nonlinear optimization, robust control or learning-based
methods, to achieve the desired behavior. UAVs are also subject to non-convex or
non-holonomic constraints [NPSL17], posing substantial challenges for control.
Addressing these challenges is not only crucial for ensuring stability and control
but also for enabling UAVs to perform in dynamic, unpredictable environments,
expanding their applicability in industrial, research, and real-world scenarios.

For example, quadrotors are inherently unstable systems, meaning they cannot
maintain stable hover flight by applying a constant input to all four motors. To
stabilize a quadrotor, precise control of its motor inputs at a high frequency
is necessary, which varies based on its dynamic characteristics. As mentioned,
quadrotors are classified as under-actuated systems since they use four control
inputs to manage six degrees of freedom.

In the literature, control solutions for quadrotors are typically categorized into
two design perspectives. The first design involves a single-layer control design
that comprehensively considers the entire multicopter dynamics and directly com-
putes all four control inputs simultaneously [CYWCO07, CE14]. In contrast, the
second design takes advantage of the naturally coupled dynamics of multicopters
through a cascaded control framework [HHMSO09, FLL11, NPSL17, BSO7]. This
approach, known as hierarchical two-layer control, is illustrated in Figure 2.8.
In this approach, a high-level position controller is responsible for tracking the
reference trajectory by computing the necessary thrust force and desired angles.
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Meanwhile, a low-level attitude controller focuses on stabilizing the vehicle’s
orientation at specific set-points [HHMSO09, FLL11]. One of the key advantages
of hierarchical control is that each control layer independently manages the
translation and rotation dynamics of the multicopter system. This separation
significantly simplifies the complexity of the control designs.

The high-level position control loop typically employs a Proportional Derivative
(PD) controller to regulate position and velocity. This control loop outputs a
desired acceleration, which includes both the desired collective thrust and the
desired attitude, with the flexibility to independently choose a heading direction.
The desired attitude is subsequently managed by a low-level control loop, under
the assumption that the quadrotor’s attitude dynamics are significantly faster
than its position and velocity dynamics. Quadrotor control strategies typically
consist of a high-level PD position control loop combined with a low-level PD
attitude control loop.

Thrust J Control Inputs

Reference
Position " - UAV System
—> Control Desired angle; Attitude
Control

Figure 2.8: Basic hierarchical control for UAV system

2.4 Network uncertainties

Multi-agent systems rely on communication among multi-agents, such as mobile
robots or drones, typically over wireless networks. Delays, packet losses, and
jitter are common in such systems and can degrade the stability, performance,
and reliability of formation control. This section discusses the main network-
induced sources of uncertainty.

2.4.1 Communication Delays

Communication delays arise from several sources in a network stack:

* Processing delay: The time between packet reception and assignment to
an outgoing queue [BG21].

* Queueing delay: The waiting time in the transmission queue before the
packet starts being transmitted [BG21].
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* Transmission delay: The time required to transmit all bits of the packet
onto the link [BG21].

* Propagation delay: The time for the signal to propagate through the
medium, proportional to the physical distance between nodes [BG21].

In practice, propagation delay is negligible for short-range wireless links, while
processing and queueing delays dominate due to interference and shared com-
munication channels. In this work, these effects are modeled collectively as a
total network delay term, representing the combined latency experienced by
each communication link.

2.4.2 Packet Loss

Packet loss refers to situations where transmitted data packets do not reach their
intended destination. From a communication system perspective, losses can be
broadly classified into two main types [BG21]:

* Physical losses: These occur due to errors or disruptions in the trans-
mission medium, such as signal attenuation or interference in wireless
channels. In this case, the packet is never successfully decoded at the
receiver, and the data is effectively lost.

* Buffer or queueing losses: These occur when intermediate nodes (e.g.,
routers or receivers) experience buffer overflow or congestion. When the
arrival rate of packets exceeds the processing or forwarding capacity, excess
packets are dropped from the queue and never delivered.

Both types result in missing data at the control level, which can degrade forma-
tion stability if not properly compensated. In this work, packet loss is represented
abstractly as missing information in the leader-follower communication link,
regardless of the specific physical or network layer cause. As an example in
our case, at a communication interval of 50 ms and a packet loss rate of 30%, a
follower robot may miss leader updates for up to 150 ms, potentially leading to
transient formation errors. Frequent packet loss can destabilize a control system
if it heavily relies on continuous updates. In a robotic formation control system,
if one robot misses a packet with critical positioning data from a leader robot, it
may deviate from its intended path, disrupting the entire formation.

Communication protocols handle packet loss differently. User Datagram Protocol
(UDP) often used in real-time robotic systems forgoes retransmissions to maintain
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low latency, leaving losses visible to the controller. Transmission Control Protocol
(TCP) mitigates packet loss through retransmission, at the cost of higher delay
[KRO7].

2.5 Systematic Effects in Communication and Con-

trol

While delays and packet losses are caused by network imperfections, other de-
terministic factors influence communication accuracy and control performance.
These include quantization and discretization effects that arise from data repre-
sentation and sampling choices rather than the network itself.

2.5.1 Quantization Error

Quantization refers to the process of mapping continuous signals to discrete val-
ues for transmission, which is often necessary due to limited network bandwidth,
memory, or processing power. Quantization introduces small rounding errors
since high-precision data (like a robot’s exact position, speed, or orientation) is
approximated with a limited number of bits. These errors can accumulate over
time and affect the accuracy and stability of the formation. Quantization is not
modeled explicitly in this work. All simulation signals in Simulink use 64-bit
floating-point (double) by default, making representational error negligible com-
pared to timing effects (e.g., 5 mm per 5 ms control step and 5 cm per 50 ms
communication interval at 1 m/s).

2.5.2 Discretizations of Communication Intervals

In practical networked control systems, data exchange between agents occurs
at discrete time intervals rather than continuously. This discrete sampling can
introduce discretization errors, as the system states are only updated at fixed
intervals, rather than reflecting real-time continuous dynamics. The mismatch
between the true continuous evolution of the system and the discretely sampled
updates can lead to degraded tracking performance, especially in fast-changing
environments or when communication intervals are relatively large. In this
work, with a control sampling time of 5 ms, a robot moving at 1 m/s travels
approximately 5 mm between control updates, and with a 50 ms communi-
cation interval, it moves about 5 cm between successive packets. Since these
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timing effects dominate by several orders of magnitude, quantization errors are
insignificant and were therefore neglected in the analysis.

2.6 Learning-Based Approaches for Network Uncer-
tainties

Network uncertainties, such as packet loss and delays present significant chal-
lenges in maintaining robust multi-agent system performance. Recent advance-
ments in learning-based approaches have demonstrated their potential in ad-
dressing these challenges by leveraging data-driven predictions and control
strategies. Below, we discuss various learning methods that are applicable in
this context:

* Supervised Sequence Prediction (LSTM/GRU):

LSTM networks, a type of recurrent neural network, are a form of super-
vised sequence learning, where the model is trained on labeled trajectory
data to predict future states from past observations. Each input sequence
corresponds to a known future target, allowing the network to learn tem-
poral dependencies through minimization of a prediction loss such as
RMSE. In multi-agent systems, LSTM networks are particularly useful for
mitigating the effects of packet loss by predicting missing data or future
trajectories, or reconstructing leader information for follower agents. Their
architecture is designed to retain long-term dependencies, making them
highly effective in handling the intermittent loss of communication in
leader-follower and cooperative control setups. When it comes to time
series data prediction, the results of LSTM demonstrated a significant
ability to predict [AALF17]. As we are attempting to predict the leader’s
trajectory, which is a time-based order sequence, this problem fits within
the LSTM framework.

The Gated Recurrent Unit (GRU) provides a computationally lighter alter-
native to LSTM with similar predictive behavior in many tasks.

* Reinforcement Learning (RL): RL offers a different paradigm by enabling
agents to learn optimal policies through interactions with their environ-
ment. RL has been explored for managing network uncertainties, such
as optimizing communication strategies or adapting control policies un-
der packet loss [WNB20]. While inference can be lightweight, effective
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RL typically demands more interaction data, reward shaping, and tuning
than supervised forecasting—factors that may conflict with real-time and
data-limited constraints common in multi-robot systems. RL remains com-
plementary to our approach and is a candidate for future work on adaptive
communication policies. While RL is a promising avenue for addressing
network challenges, this thesis prioritizes LSTM for its efficiency and com-
patibility with linear controllers, which aligns with the requirements of
resource-constrained systems.

* Other Deep Learning Methods: Beyond LSTM / GRU, temporal Convo-
lutional Neural Networks (CNNs) and Transformers have been applied
to spatiotemporal prediction and imputation under network imperfec-
tions, sometimes offering better long-range modeling at the cost of larger
datasets and higher training complexity[CHLG17, Vas17]. Our choice
of LSTM balances prediction accuracy, data/compute requirements, and
straightforward integration with classical controllers.

The choice of learning method depends on the specific requirements of the
system, such as computational resources, complexity of the environment, and
type of uncertainty. For example, LSTM networks excel in scenarios with se-
quential data and high packet loss, while RL. methods are ideal for adaptive
communication policies. According to our hypothesis and the importance of the
combination of the learning method with a linear controller while predicting
time-sequenced data, LSTM networks offer robustness and flexibility, as they
adapt to dynamic environments without requiring explicit modeling of all uncer-
tainties. This makes them particularly valuable in applications involving AGVs
or UAVs, where communication constraints can severely affect performance.

2.7 Memory Consensus Protocol for Packet-Loss

Compensation

The Memory Consensus Protocol (MCP) is a packet-loss compensation mecha-
nism inspired by the Zero-Order Hold (ZOH) behavior in networked multi-agent
systems. When communication packets are dropped, rather than predicting the
missing data using a model, each agent retains the last successfully received
information from its neighbors and continues the consensus update based on
that stored memory value. Thus, instead of halting motion or freezing control
updates, each agent continues to compute its control input using the most re-
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cently available data. This approach ensures smooth trajectory evolution even in
the presence of missing communication packets[PWHB17].

Formally, for agent i receiving information from neighbor j, the effective received
state 7,(k) at discrete time step k is defined as:

z;(k), if a packet is received,
z;(k —1), if a packet is lost.

The control input of each agent is then updated as:

wi(k) = = > agj (2i(k) — 7;(k)), (2.2)
JEN;
where q;; is the adjacency (communication) weight between agents i and j, and
N, denotes the set of neighbors of agent i.

In this formulation, each agent continues to evolve its own state z;(k) according
to its local control law, while using the most recently received neighbor data
z;(k). Therefore, MCP allows continuous motion but with temporarily outdated
interaction information. This behavior introduces an implicit delay effect, since
the control input depends on neighbor states from the previous successful
communication instant [CHBOS8].

For short or isolated packet losses, this approach maintains stability and smooth
motion. However, under consecutive or prolonged losses, the formation grad-
ually drifts as agents respond to stale data. Unlike predictive methods, MCP
does not attempt to estimate or reconstruct missing information—it only reuses
previously received data. Hence, it provides a simple and computation-free
baseline for maintaining consensus continuity but cannot fully compensate for
stochastic or burst packet losses[PWHB17, PFTG14, Wak25].

In this work, MCP serves as the main baseline packet loss compensation method,
against which the proposed LSTM-based predictor is evaluated. While MCP
ensures motion continuity by reusing the last received neighbor states, the LSTM
predictor improves performance by learning temporal dependencies and actively
forecasting the missing information during packet dropouts.
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2.8 State of the Art

In this section, we mainly discuss prior research that has developed algorithms
and controllers to deal with packet loss in the formation control of multiple
robots. As mentioned, formation control is vulnerable to network uncertainties
such as channel noise, communication delay, and communication packet losses.
These uncertainties can result in a variety of complex dynamic behaviours in
control systems, such as divergence, oscillation, and instability [NDM*21]. Most
existing studies assume ideal communication links and do not consider the effect
of packet loss or delay [BYPG21, LJYX19, PYW*16, CLLH22, MCD23, GLVS20,
Alrl6, IWM23].

There are some research that consider communication delay, while the packet
loss is generally ignored [WTZ*18, CGP15, WLZ"21, SEMR*19, WLD*19,
PGP*"18, YHL*23, WDW*23].

However, packet loss in the communication network has a significant impact on
the performance of any industrial process control system [LCM17], specifically
the trajectory tracking performance of a robotic formation. The impact of packet
loss is highlighted in [BLM*14] that considers formation control of quadrotors.
The simulation results of [BLM*14] shows that the control performance in terms
of tracking, collision avoidance and loss of connectivity are affected by packet
loss.

The authors in [AIK21] concluded that by reducing the number of control
updates and transmissions, the wireless communication channel is less congested
and hence packet losses can be minimized. However, the authors did not
propose any mechanisms to address the effect of packet loss, which can affect
the performance of their formation control.

In the formation control of robots, holonomic and non-holonomic robots are
two types of robots which are widely used in industry; as explained before,
non-holonomic robots such as differential drive robots are unable to move
into arbitrary directions due to a non-holonomic constraint. As a result, they
require sophisticated control mechanisms, and the impact of packet loss on
the formation control of non-holonomic differential drive robots is significant.
Holonomic robot formation is more resilient to network uncertainties than non-
holonomic robot formation [TAPJ20]. To mitigate the effects of packet loss,
communication networks typically use re-transmissions to ensure that the data
are received at the intended receiver. However, re-transmission will increase the
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transmission delay [WLZ*21]. On the other hand, a range of control approaches
such as robust control [EAM19], model predictive control [WCLY19], sliding
mode control [NDM'21], and various estimators [PTT14] or filters [WG09] are
widely used to address packet loss from a control perspective.

Based on the compensation strategy used, the existing research that directly
addresses packet loss in formation control can be categorized into three main
groups:

* Model-based predictive compensation
* [terative-learning control compensation

* Data-driven or deep-learning compensation

2.8.1 Model-based predictive compensation

Model-based approaches explicitly incorporate packet loss within the control
design, ensuring stability through analytical guarantees such as Lyapunov func-
tions, Linear Matrix Inequality (LMIs), or robust estimation. These approaches
rely on system dynamics or analytical prediction to estimate lost information.

A consensus-based tracking control strategy was studied for leader-follower
formation control of multiple mobile robots under packet loss [GPP17]. A novel
multiple Lyapunov functional candidate and LMIs ensure that the robots reach
consensus when packet loss and communication weight (representing the rate
of information flow between agents) are taken into account. Packet loss is
modelled using a Bernoulli distribution and assumed to be 20% in the majority
of scenarios. It is shown that the system can achieve consensus under high
packet loss, but it also takes a long time to reach consensus. Their simulation
results consider that one of the agents has access to the maximum amount of
information, implying that their communication weight is equal to one.

A leader-follower consensus-based tracking control strategy for linearized quad-
copters, considering Bernoulli-distributed communication link failures is studied
in [PWHB17] . Lyapunov-based methodologies and LMIs techniques are used to
design the controller. The leader (Agent 1) can only send signals to the followers
(Agents 2-5), while communication between followers is undirected. Two cases
are analyzed: single packet losses and consecutive packet losses. For single
packet losses, the data loss rates tested were up to 40% for specific trajectory,
meaning up to 40% of communication packets could be dropped before system
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stability started to degrade. Effect of rate of packet loss also is considered in
different typologies. In the case of consecutive packet losses, they simulated
scenarios with 10% packet loss and a maximum consecutive packet loss of 5
packets. Quadrotors are going through a smooth helix trajectory. Disturbance,
and other uncertainties like noise is not considered in this study.

In [NDM*21], event-triggered second-order sliding mode control is designed for
consensus-based formation control of non-holonomic robots. Although sliding
mode control is a robust method for counteracting packet loss and delay, the
second-order sliding mode controller is a difficult controller to implement in
real-world industrial scenarios. Furthermore, the main focus of this article is
on event-triggered control, and the highest packet loss rate considered is 20%,
modelled using the Bernoulli distribution for a circular trajectory.

Leader-follower formation control of multiple AUVs has been studied in [LLZ"22]
under communication delay and packet dropout. The kernel density estimation
and curve fitting methods have been used to solve the problem of communication
constraints, feeding them into an input—output feedback linearization control
law. Simulation and field test results show that communication constraints have
a great impact on formation control and after applying their proposed method,
the accuracy and stability of formation control under an unsatisfactory com-
munication environment is improved. Packet loss is considered 30%. Although
the method in this paper has shown some improvement, it seems still can not
compensate the packet loss completely so it has not been tested for over 30%
packet loss. It also ignores external disturbances such as ocean currents that
Affect the performance.

A self-stabilizing control strategy is proposed in [YLL*23] to compensate for the
negative impact of packet loss in Vehicle-to—Vehicle (V2V) wireless communi-
cation on Connected and Automated Vehicles (CAVs) and platoon stability. A
self-stabilizing control strategy exploits the historical velocity information stored
locally in each vehicle. The results show that the proposed self-stabilizing control
strategy can significantly improve traffic stability in various packet loss scenar-
ios. Therefore, this work provides insight into addressing the communication
unreliability problems of CAVs in practice.

In [ZL18], a networked predictive controller and two algorithms are developed
to cope with consecutive packet loss and communication delay for non-linear
wheeled mobile robots. The authors simulated the effect of packet loss by
considering a tunnel the robot travels through that is no longer detectable with
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cameras and associated servers [ZL18]. A well-quantified analysis of packet
loss and its effects is missing. The primary advantage of the predictive control
approaches is its ability to compensate for communication delays or packet
loss by estimating the system state or output, rather than merely reducing or
mitigating the impact of communication constraints [CZIL23].

Decentralized outdoor formation coordination for multiple quadcopters is stud-
ied in [ALB19] by formulating the problem as a receding horizon, mixed-integer
non-linear program (RH-MINLP). Each quadcopter solves this RH-MINLP to
generate a time-optimal speed profile along a minimum snap spline path while
maintaining its position within a desired formation. The problem includes con-
straints such as quadcopter kinematics, dynamics, collision avoidance, wireless
communication connectivity, and geometric formations. Communication con-
nectivity is constrained by a maximum separation distance based on minimum
viable signal strength in the presence of path loss. Although the total packet
loss for all quadrotors is approximately 40% to 60%, the average packet loss
per quadrotor ranges between 9% and 16%. Additionally, the paths followed by
each quadcopter in this study consist of a combination of linear segments, which
are not highly complex trajectories, such as spirals.

These model-based methods provide theoretical robustness but are typically
nonlinear, model-dependent, and computationally demanding.

2.8.2 Iterative-learning control compensation

Among the control methods used to address network uncertainties, Iterative
Learning Control (ILC) design has been used to cope with packet loss in several
articles [ZL21, WZG'20]. ILC is based on the class of control-theoretic learning
methods, where the system improves performance by reusing tracking errors
from previous iterations of a repetitive task. Unlike data-driven or deep learning
approaches (e.g., LSTM networks), ILC does not require large datasets or training
offline—it “learns” deterministically across repeated trials of the same motion or
trajectory[BTAO6].

In [XZSR16], ILC is applied to a linear system that suffers from 15% and 25%
packet loss. The authors show that after 50 iterations, the system compensates
for this packet loss. ILC is also used in non-linear multi-agent systems to solve
the consensus problem of a leader-follower use case with packet dropouts of 10%
and 40% [DSL19]. None of these ILC studies [ZL21, WZG™20, XZSR16, DSL19]
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were conducted with non-holonomic AGV formation control, which is a more
challenging system because of the non-holonomic constraints. Although ILC
is effective approach for structured repetitive tasks, ILC-based methods are
unsuitable for dynamic, non-repetitive trajectories typical in real AGV or UAV
formations.

2.8.3 Data-driven and deep-learning compensation

Recent research leverages neural networks and data-driven prediction to estimate
missing packets and maintain performance under packet loss.

In [VSGMP21], the authors focus on leveraging deep learning techniques, partic-
ularly LSTM and CNN models, to forecast single AGV guide errors representing
the deviation from the AGV’s intended path in a 5G network environment. They
aim to predict AGV malfunctions by analyzing the communication between the
AGV and a virtual (Programmable logic Controller) PLC utilized in Multi-Access
Edge Computing (MEC). The AGV’s performance is monitored in real-time by
analyzing packets transmitted between the AGV and the PLC, enabling proactive
adjustments to maintain trajectory adherence, even under challenging network
conditions. By forecasting the mean Guide Error 10 to 15 seconds ahead, the
system aims to mitigate potential malfunctions that could arise due to communi-
cation disruptions. However, their approach does not integrate existing control
strategies, as the specific controller used is not mentioned. Additionally, it is
unclear what trajectories are tested and how effectively their model compensates
for packet loss during operation. The success rate of their predictions and the
extent to which they can mitigate the effects of network disruptions remain
ambiguous.

The authors of [VSGMP21] extended their work to [MVSGP24] that investigates
the application of deep learning techniques for predicting guidance error vari-
ables in AGVs that are remotely controlled by a virtualized PLC. The research
evaluates the performance of various deep learning architectures—specifically
1D-CNN, LSTM, and Transformer networks—within a 5G MEC infrastructure.
It aims to enhance decision-making by enabling early detection of potential
errors or dangerous situations, facilitating timely corrective actions to maintain
the safe operation of AGVs. Through extensive experiments involving different
network conditions and configurations, the study seeks to identify the most
effective models for real-time deployment in an industrial setting. The results of
the study indicate that Transformer models generally outperformed traditional
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deep learning architectures (1D-CNN and LSTM) in predicting the guidance
error of AGVs across various time windows and feature sets. Specifically, the
Transformer models achieved the best performance in most scenarios, showcas-
ing their ability to capture complex relationships in the data. However, this has
been tested against delay and jitter and packet loss has not been considered. In
addition, their approach does not integrate existing control strategies, as the
specific controller used is not mentioned.

An LSTM predictor is combined with a linear LQR controller for AGV formation
in [SINARP22], demonstrating stable tracking under 30-50% packet loss.

A decentralized learning algorithm to restore communication connectivity during
multi-agent formation control is proposed in [DKJ*23]. A trained neural network
is used when the inter-agent communication is lost to generate appropriate
control actions to restore connectivity. All agents use the conventional consensus
protocol during the connected multi-agent dynamics, and under communication
loss, only the lost agent executes the neural network predicted actions to come
back to the fleet.

A novel graph convolutional flocking control strategy for nonlinear UAV systems
with packet dropouts is proposed in [CKDC24], using a nonlinear control law.
The deep spatiotemporal graph convolutional network extracts features from
flocking data and predicts packet dropouts. With convolution kernels of size
3 and fully connected layers of 960 neurons, this method outperforms models
like LSTM, ConvLSTM, and ModGNN, reducing RMS error by up to 66.70% and
speeding up training by 94.63%. Flocking experiments with 10%, 20%, and 50%
packet dropouts showed up to 27.37% faster convergence, maintaining robust-
ness even at 50%. Even at high dropout rates (up to 50%), the control system
showed strong robustness, achieving almost the same convergence time as under
ideal conditions. Despite promising results, the study used simple trajectories
like straightforward line-based paths and did not account for disturbances or

noise.

These learning-based approaches show strong predictive potential but often
require large training datasets. However, most of these learning-based studies
focus on prediction or connectivity recovery rather than closed-loop control
under packet loss. To the best of our knowledge, the present work is the first to
integrate an LSTM predictor with linear controllers for leader—follower formation
control of both non-holonomic AGVs and UAVs, achieving real-time packet-loss
compensation with low computational cost.

Formation Control 34 Leila Sedghi
Under Packet Loss



2. BACKGROUND AND STATE OF THE ART 2.8 State of the Art

Table 2.1 summarizes the major studies according to vehicle type, forma-
tion/control method, network issue considered, and mitigation technique. As
evident, few studies have investigated packet-loss compensation in real time
within a linear-control framework applicable to both AGV and UAV platforms.

Formation Control 35 Leila Sedghi
Under Packet Loss



2. BACKGROUND AND STATE OF THE ART

2.8 State of the Art

Table 2.1: Summary of related work on formation control under communication

uncertainties.
Authors Year |Vehicle Formation / Control | Network Issue |Technique Limitation
Bai et al. [BYPG21] [2021 |UAVs Consensus None Linear control Ideal communication
Wang et
8 2021 |AGVs Leader-follower Delay only Linear control Packet loss ignored
al. [WLZ+21]
Nonlinear Loss (30%-40%) Degraded stability and
Buonocore e t . . )
| [BLM*14] 2014 |Quadrotors | Null-Space-Based Bernoulli and No compensation |only analysis on loss, no
al.
behavioral control  |Gilbert model compensation
Leader-follower Computationally
stochastic Loss (20%) complex, nonlinear
non-
Nandanwar et 2021 |hol . |event-based Bernoulli model |Sliding-mode controller, model based
olonomic
al. [NDM+21] AGV super-twisting and time varying | control design for uncertainties
s
Sliding Mode Control | delay and only tested up to
(STSMC) 20% loss
Oomni- onl bot i
nly one robot is
directional |Model-based Delay and y.
Zhang et al. [ZL18] (2018 L. MPC-based considered, No
wheel predictive control 10%-15% loss .
formation control
robots
Simulated
agents, no |Iterative Learning L
e Quantization No packet loss and delay,
Zhang et al. [ZL21] |2021 |specific Control (ILC), ILC L
. . |error no real application
physical Consensus formation
platform
No multi agent or
formation control only
No specific one plant and one
Xuhui et robot or Packet loss controller
2016 ) LMI-based ILC ; ILC o
al. [XZSR16] vehicle Bernoulli communicating through
platform a lossy network, slower
convergence with higher
loss 25%
Nonlinear
i Assumes perfect leader
multi-
Distributed linear |follower link and only
agent Packet dropout . R R
Leader—follower ILC with stochastic | packet loss considered
Deng et al. [DSL19] {2019 |system, no (10%-40%,
. consensus (ILC) . convergence between followers;
specific Bernoulli) . . )
K compensation repeated identical tasks,
physical R
no numeric KPI
platform
Non- Deep learning Single AGV; no control
Vakaruk et 2021 holonomic |Fault prediction (no |Delay, corruption,| (CNN/LSTM) integration; only
al. [VSGMP21] differential-| trajectory control) loss (40-70%) forecasting of prediction-based
drive AGV Guide Error monitoring
Deep learning Prediction-only; no
Non- L. . |(LSTM, CNN, feedback or control
Mozo et . |Fault prediction (no |Delay, corruption K R .
2024 |holonomic . i Transformer) integration; single AGV;
al. [MVSGP24] trajectory control) (5G link) K . i
AGV forecasting of no formation or motion

Guide Error

control, no packet loss
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Continued from previous page

Authors Year |Vehicle Formation / Control | Network Issue |Technique Limitation
Multi- Complete Neural network No packet loss model;
agent disconnection mimickin single-agent
Dutta et 8 Decentralized K . K g ge-ag K .
2023 |robots (binary link loss),| gradient of reconnection, Simple
al. [DKJ123] . consensus . . . .
(formation not stochastic connectivity straight or slightly
control) packet loss potential curved motions
No adaptation
mechanism, ignorin;
Yang et CAV Self-stabilizing Packet loss Historical-velocity g 8
2023 . lateral dynamics, no
al. [YLL123] platoon control Bernouli feedback . X
complex trajectories (no
curves or lane changes)
Not tested beyond 30%
loss, Ignores external
Leader-follower . disturbances such as
L. Kernel density
. distributed Delay and packet K i ocean currents, model
Lietal [LLZt22] |2022 |AUVs estimation and
Lyapunov-based loss (30%) . based controller cannot
i curve fitting X
formation controller predict or adapt to
time-varying stochastic
losses
Simplified linearized
model; 63% on linear
Lyapunov-LMI i .
T i trajectory while
distributed linear
Pan et . Packet loss degrades beyond 40%
2017 |Quadrotors | control in K Zero-order hold . .
al. [PWHB17] Bernoulli loss, Spiral trajectory
leader—follower :
test only with 10% loss
consensus
and no error plotted, no
disturbance
Graph
X X Convolutional Simple trajectories; no
Chen et Flocking nonlinerar |Packet loss . .
2024 |UAVs Network disturbance or noise
al. [CKDC24] control (10%-50%) .
(GCN)-based modeling
nonlinear control
Optimization with | The average packet loss
ma: er quadrotor ranges
X . Decentralized Total packet loss x . perq g
Abichandani et Quad- . separation/SNR- |between 9% and 16%,
2019 RH-MINLP formation | for all quadrotors . K .
al. [ALB19] copters L based connectivity;| Path is combination of
coordination (40% to 60%) . R
round-robin linear segments not
scheduling complex
Practical
Sedghi et 2022 | AGY: Leader-follower LQR | Packet loss LSTM prediction, |implementation, no
s
al. [SJNARP22] controller (30%-50%) MCP, GRU delay, no initial
condition
Practical
. AGVs / Linear + LSTM L. implementation,
This work 2025 L. Loss (30%-70%) |LSTM prediction L.
UAVs prediction generalization to unseen

trajectories
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Chapter 3

Formation Control of AGVs under
Packet Loss

This chapter deals with the formation control problem for non-holonomic auto-
mated guided vehicles. A decentralized leader—follower approach using linear
quadratic regulator control is developed in the presence of packet loss. First,
a brief introduction to this problem is presented in Section 3.1. Then, Section
3.2 discusses how to model differential drive robots mathematically. An op-
timal Linear Quadratic Regulator (LQR) controller is designed in Section 3.3.
In Section 3.4, the vulnerability of the system to packet loss is demonstrated.
Then, an Long Short-Term Memory (LSTM) network is used to counteract the
negative impact of packet loss. In Section 3.5, prediction accuracy of LSTM,
Gated Recurrent Unit (GRU), Linear Interpolation Predictor (LIP), and Memory
Consensus Protocol (MCP) are compared first. Then, simulations are used to
evaluate the LSTM, LIP, and MCP performance. Finally, concluding remarks of
the chapter are given in Section3.6.

3.1 Motivation

The formation control problem for multiple non-holonomic AGVs in the presence
of packet loss is explained based on a decentralized leader-follower approach.
The starting point of the formation control problem is presented in chapter 1 and
chapter 2. Recall that the goal for formation control is to achieve a prescribed
geometrical shape, using only local feedback rules. Network uncertainties,
such as channel noise, communication delays, and packet loss, pose significant
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challenges for maintaining stable formation control in AGVs. These network
disruptions can lead to destabilizing effects in control systems, often resulting in
behaviors like divergence, oscillation, or even instability [NDM*21].

As highlighted in chapter 2, to the best of our knowledge, no prior research
has applied deep learning techniques to address the impact of packet loss on
formation control. Motivated by this gap, we propose using LSTM networks to
maintain the formation of non-holonomic differential drive AGVs, even in the
face of communication failures. LSTM’s strength lies in its ability to remember
important information over time, making it well-suited for predicting missing
data when packet loss occurs. This allows the system to compensate for lost
information and maintain control.

In this chapter, we present a scenario where the leader follows a time-based
trajectory, and LSTM is leveraged to predict the leader’s position when commu-
nication degrades. When the actual position data of the leader is lost due to
packet loss, the followers use the predicted value to continue their formation.
This predictive ability is crucial for ensuring that the formation remains intact,
even when wireless communication fails. LSTM ability to remember and utilize
past information makes it an ideal choice for dealing with intermittent packet
loss. LSTM can predict future leader positions based on historical data, allowing
followers to continue the formation even when communication with the leader
is compromised. Four methods are explored for predicting the leader’s position:
LSTM, GRUs, LIP, and the MCP. LSTM is chosen for its ability to handle long-term
dependencies and predict missing data. GRUs are included for their simpler and
computationally efficient architecture compared to LSTM [FZL16]. LIP method
provides a simple model-free baseline that estimates missing values by linearly
interpolating between the most recent valid samples, offering smoother and
more accurate short-term estimates than the zero-order hold used in MCP. MCP
is used as a baseline for traditional memory-based approaches that stores each
neighbor’s previously received data and uses it when a packet is not received
by a neighbor [MW20]. MCP becomes inefficient as the number of consecutive
packet losses increases [ZL18]. By comparing these methods, we aim to identify
the most effective strategy for maintaining formation under packet loss. There-
fore, we can address the hypothesis Can the combination of a deep learning
method such as LSTM in combination with a linear control strategy, such
as LQR, improve the performance of formation control for AGVs under
conditions of packet loss?
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The following are the major contributions of this chapter:

* Study of decentralized leader—follower formation control for non-
holonomic AGVs using LQR and analysis of the impact of packet loss
on the formation control of AGVs.

* Improving the performance of a LQR controller via machine learning, e.g.,
LSTM, to deal with packet losses, rather than using a highly non-linear
and complicated controller such as a sliding mode controller.

* Development of a mechanism to compensate for packet loss with LSTM
and the application of the mechanism to the formation control of non-
holonomic differential drive robots, which are more sensitive to network
uncertainties due to non-holonomic constraints.

* Comparing LSTM with GRU, LIP, and MCP for the compensation of 30 and
50 percent packet loss through simulation in MATLAB/SIMULINK.

3.2 Mathematical Modeling of AGV

As mentioned earlier, holonomic and non-holonomic robots are two types of
AGVs which are widely used in industry. In non-holonomic robots like differential
drive robots, the inability to move sideways is caused by the non-holonomic con-
straint that the wheels can roll, but can not slip [vdG20]. Another example of a
non-holonomic constraint is seen in a car that can only turn its front wheels. This
limitation prevents the car from moving directly sideways, as executing a parallel
parking maneuver requires a more complicated set of steering maneuvers[DJ24].
In this chapter, a non-holonomic differential drive robot is considered as a model
of system, which is widely used in AGV industries like Mobile Industrail Robots
(MiR) and OTTO motor [Rob, htt]. A non-holonomic robot is chosen due to the
model’s complexity when compared to a holonomic robot. In non-holonomic
robots, the number of control variables is less than the number of state variables,
which complicates control. Because our objective is to derive a kinematic model,
this section will discuss non-holonomic constraints.

The differential-drive robot’s kinematics can be simplified using the unicycle
model, where the robot is assumed to move with a linear velocity v along its
heading direction ¢ and an angular velocity w around its vertical axis, as shown
in Figure 3.1. The robot’s position is determined by coordinating the x, y which
denote the Cartesian coordinates of the robot’s center, and 6 represents the
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robot’s heading angle with respect to the X and Y axes. The linear and angular
velocities v and w serve as the control inputs that drive the robot according to
the following kinematic equations:

T = vcosh
¥y = vsind
0 =w (3.1)

Figure 3.1: Kinematic model of robot

After obtaining v and w from the following equations, the robot’s right and left
velocities can be calculated:

B w.D
v, =0 —2
.D

g =v+“’T (3.2)

Where the variables v, and v denote the linear velocities of the left and right
wheels, and D is the wheelbase, the distance between the two wheels. A positive
angular velocity w > 0 corresponds to a counterclockwise (left) turn, where the
left wheel moves slower and the right wheel faster than the linear speed v.
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0,.; shows the reference heading angle (tangent angle of each point on the path)
that can be obtained from the reference trajectory (s, Yres):

Orcr = arctan M + km, k=0,1 (3.3)
Lref
where k=0 and k=1 show forward drive and reverse drive direction, respectively.

The reference angular velocity w,.; will be obtained from the time derivative of
equation 3.5 and the tangential velocity v,.; of the robot can be obtained from
equation 3.4.

UT‘@f :i\/$3€f+ygef (3-4)

where the sign relates to the desired drive direction (+ for forward direction
and - for reverse direction)

j;ref-yref - yref-j}ref
el (xref)2 + (yze,f)

3.3 Controller Design

In this section, the design of the LQR tracking controller is detailed for controlling
the non-holonomic robots, so that they follow a desired trajectory through a
leader—follower strategy. LQR is one of the optimal control techniques, which
considers the states of the system and control inputs when making optimal
control decisions and computing the state feedback control gain [PTG14]. The
following section is based on the design presented in [AM18] for a single robot
following a reference trajectory, and as such, no novelty is claimed for this
aspect of the work. The novelty of our contribution lies in extending this
approach to multiple robots and analyzing the effects of packet loss. However,
since this serves as the foundation for the later multi-robot extension, it is
important to thoroughly review the details of the controller step by step. The
reason that we chose this work that designed LQR controller is because of
its simplicity and ease of implementation, while providing good accuracy, as
shown in [AM18] for a single AGV. The designed LQR is a simple controller in
comparison with nonlinear controllers such as a sliding mode controller, which
has been proposed for AGVs in recent years [NDM*21]. Linear controllers, such
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as PID and LQR, are preferred in AGV formation control due to their simplicity,
ease of implementation, and proven effectiveness in handling the near-linear
dynamics in current industrial AGV systems. In this work, LQR controller is
responsible for generating angular velocity (w) and linear velocity (v) for each
robot’s trajectory tracking. At each sampling time, the current position of the
robot (z, y, and 6) is fed to the LQR controller and compared to the reference
trajectory (z,.s,y-.; and 6,.;), and the trajectory tracking error is determined
[AM18]. Consider an LTI system:

j = Cz(t) + Du(t), t>0 (3.6)

where A € R™", B € R™*™ (' € RP*", D € RP*™ are the system matrix, control
matrix, output matrix, and feed froward matrix, representing state space model,
respectively. x is the state vector, u is the control vector, and y is the output
vector. The goal of the LQR problem is to obtain control input to minimize the
following cost function [KEJ16].

J(w) = /0 T (O)Qa() + uT (¢) Rult)]dt 3.7)

where (Q = Q7 is a positive semi-definite matrix that penalizes the departure of
system states from the equilibrium, and R = RT is a positive definite matrix that
penalizes the control input [Des03]. The feedback control law that minimizes
the value of the cost function is:

u=—Kz (3.8)

where K is obtained via the following equation:

K=R'B'p 3.9

The optimal state feedback control gain matrix K of LQR can be obtained by
solving the Algebraic Riccati Equation (ARE):
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ATP+ PA+Q— PBR'BTP =0 (3.10)

Thus, to design an LQR controller, the trajectory tracking problem should be
written in the form of equation 3.6. This means writing trajectory tracking
problems in the form of tracking errors, which show errors with respect to a
reference trajectory in z, y, and 6. These errors can be written as:

€s Lyef — T
eyl = | Yrer — ¥ (3.11)
ey Orcr — theta

where e,, e,, and e, are errors in z, y, and heading angle, respectively. These
errors are in the base frame coordinate system, and to transform the error matrix
to the robot coordinate, a rotation matrix has been applied to the system.

€1 cos sinf O €
eg| = |—sinf cos 0Of. |e, (3.12)
€3 0 0 1 €p

Finally, inputs from closed-loop system, which are w, and v,; obtained from LQR
control as shown in Figure 3.2.

Vref
Wref Upef COS €3

Wref

Yref [ [ ] o
ey Vel
6, = ] Lo 24 2]
|+ “ on to [ es LGR o it

robot coordinates Controller

d inputs
Lref

Reference Trajectory

Mobile robot system

Figure 3.2: Control block diagram

Considering the kinematic model of the robot 3.1 and the robot’s coordinated
error 3.12, the following model is obtained.

€ coses 0 -1 e
v v
€| = |sines 0 [ o —el. [ ] (3.13)
. Wref w
€3 0 1 0 -1
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Inputs to the equation 3.13 are:

U = Vpey COS €3 — Vg

W = wr,‘ef — Wel (314)

Rewriting equation 3.13 and combining with equation 3.14 results in

é] 0 w 0 (&) 0 10

€l =|—w 0 0|.|ea| + [sines| ver+ [0 0 .[Cl} (3.15)
We

¢3 0 0 0| les 0 0 1 :

After linearizing 3.15 around the operating point O.P (O.P: ¢; = €3 = e3 =
0,v4 = wy = 0), the state space model of linear system is:

6.1 0 Wref 0 €1 1 0
(%

| = |—wrey 0 vper| . |e2| + [0 0 { l} (3.16)
Wel

€ 0 0 0| e ’

Therefore, equation 3.16 is in the form of 3.6. System 3.16 is controllable if and
only if its controllability matrix has a full rank. In fact, rank (B, AB, A2B)=3
if either v,.; and w,.; are nonzero, which is a sufficient condition only when
reference inputs v,.; and w,., are constant. This case is only true when the
trajectory is a line or circular path. However, when testing the system on more
complex trajectories, such as a eight shape, the reference inputs may vary, which
could lead to degraded performance. In such cases, the system might still follow
the desired trajectory but with reduced accuracy, slower responses, or path
deviations. The controllability of a drift-less system can be derived from Chow’s
theorem if the system is completely non-holonomic. As it is shown in the system
3.1, the system is completely non-holonomic as it has only one non-holonomic
constraint, which is:

Zsinf —gcosf =0 (3.17)

Therefore, the robot cannot move in a lateral direction to its wheels and the
system is controllable [KMBO05]. The controller obtained from LQR is a gain
matrix K with dimensions of 2*3 because the system has three states and two

Formation Control 45 Leila Sedghi
Under Packet Loss



3. FORMATION CONTROL OF AGVS UNDER 3.4 Formation Control of AGVs Under Packet
PACKET Loss Loss

inputs. As a result, the equation is defined using the control block diagram
shown in Figure 3.2.

Wel ko1 koo Ko

€1
e kii kia k
[t z} _ [ 11 K12 13} ey (3.18)

€3

To obtain feedback gain, matrices Q and R will be tuned. Q is a positive-definite/
semi-definite diagonal matrix related to state variables and R is a positive definite
diagonal matrix related to input variables [Kat10]. For the robot tracking system,
Q and R chosen as [AM18]:

0
10

0|,R=0.0001

. 0 1

O
Il
(o
S = O
—

3.4 Formation Control of AGVs Under Packet Loss

The main objective in formation control is to achieve a prescribed geometrical
shape for the network of agents. In this section, the controller’s performance
under various packet loss conditions is evaluated. Following that, the application
of an LSTM model is discussed in order to predict the leader’s position in
instances of packet loss, intended for utilization by the followers.

3.4.1 Impact of Packet Loss on Formation Control

As demonstrated in [AM18], this controller performs admirably well for tracking
the trajectory of a single robot along a variety of paths. The following sections
will evaluate the controller’s performance under various packet loss conditions.

This approach aims to extend the problem to the formation control of multiple
robots while accounting for packet loss. The effects of packet loss are depicted
in Figure 3.3. Packet loss is modeled using a Bernoulli distribution with rates of
30% and 50%, affecting the leader’s data communicated to the followers going
through a circular path. Additionally, followers start with an initial offset relative
to the leaders and are required to maintain a fixed distance. As shown in Figure
3.3 (a), the initial follower error is approximately 3 meters due to these initial
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conditions, but it is compensated within about 10 seconds. The instantaneous
position error of follower is computed as the Euclidean distance between its
reference position (zref, yrer) and actual output position (Zour, Your), as defined in
equation 3.19. As shown in Figure 3.3 (b) which is a zoomed view of Figure
3.3 (a) , even in the absence of packet loss, a small error remains due to effect
of discretization error, as followers receive position updates every 50 ms (the
communication interval) instead of every 5 ms (the system sampling time). In
the absence of packet loss, the error remains below 5 cm after the transient
response. However, when packet loss is introduced, intermittent error spikes
appear due to missing leader-position updates. As shown in the zoomed view
in Figure 3.3 (b), these spikes reach magnitudes of approximately 10-20 cm,
indicating temporary deviations from the ideal formation spacing whenever a
packet is dropped. Outside these short intervals, the mean tracking accuracy
remains close to the without loss case, but the peak error clearly increases as the
packet loss rate grows.

The effect of packet loss on the follower tracking error is illustrated in Figure 3.3.
Packet loss is modeled as a Bernoulli process with rates of 30% and 50%, affecting
the leader—follower communication during circular trajectory tracking. Both
followers start with an initial offset relative to the leader and are required to
converge to the fixed separation distance of approximately 1.42 m, indicated by
the dashed line in the figure.

As shown in Figure 3.3(a), the initial error is approximately 3m, but it is
compensated within about 10s as the formation stabilizes. The instantaneous
position error is computed as the Euclidean distance between the follower’s ref-
erence position (e, Yref) and its actual position (Zour, Your), as defined in (3.19).
The zoomed view in Figure 3.3(b) highlights the steady-state behavior. Even
without packet loss, a small residual error is observed due to the communica-
tion—sampling mismatch: position data are exchanged every 50 ms, whereas the
system is updated every 5 ms. Under this nominal condition, the error remains
below 5 cm.

When packet loss is introduced, intermittent error spikes appear whenever con-
secutive leader-state updates are dropped. As shown in Figure 3.3(b), these
peaks reach approximately 10—20cm (i.e., 0.1—0.2m shown in figures), de-
pending on the loss rate. Although the overall tracking accuracy as shown in
Figure 3.3(a) remains close to the no-loss case, the maximum deviation increases
noticeably with packet loss, revealing that peak error is the key risk factor for
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formation instability.

Efollower(t) = \/(xref(t) - xout(t))Q + (yref(t) - yout(t))2 (319)

To simulate packet loss compensation, MCP, a memory is considered in the
follower robot that stores the most recent data received during packet loss. As a
result, when a packet is lost, the system applies the most recently received data.
The hypothesis is that the LSTM prediction model will alleviate the impact of
packet loss more effectively than MCP.
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Figure 3.3: Effect of packet loss (a) Error of follower ; (b) Zoomed view of
follower error

3.4.2 Long Short-Term Memory to cope with packet loss

In this section, an LSTM model is combined with the LQR controller to predict the
position of the leader when packet loss occurs. The objective is to enhance the
system’s basic controller using LSTM rather than designing the controller from
scratch. We augment existing linear (low-complexity) controllers with an LSTM
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predictor to be more robust against packet loss. The LSTM exploits temporal
dependencies to produce one-step-ahead state estimates, preserving tracking
accuracy without replacing the baseline controller while it offers cost and time-
efficient approach for industrial deployment. When it comes to time series
data prediction, the results of LSTM demonstrated a significant ability to predict
[AALF17]. As we are attempting to predict the leader’s trajectory, which is a time-
based order sequence, this problem fits within the LSTM framework. LSTM has
been addressed in numerous articles [ZZD20] in order to learn and remember
long-term dependency and information. Indeed, by incorporating various gates,
such as an input gate, an output gate, and a forget gate, LSTM is proposed
to improve traditional recurrent neural networks (RNNs). These various gates
enable LSTM to achieve a trade-off between the current and previous inputs
while alleviating RNN’s vanishing gradient and exploding gradient problems
[2ZD20].

When it comes to time series data prediction, the results of LSTM demonstrated
a significant ability to predict [AdLF17]. As we are attempting to predict the
leader’s trajectory, which is a time-based order sequence, this problem fits within
the LSTM framework.

3.4.2.1 Architecture of LSTM prediction and control

The LSTM architecture adopted in this work follows a single-layer regression
design commonly used in time-series forecasting. It consists of an input layer,
a single LSTM layer, a fully connected (dense) layer, and a regression output
layer. Three independent LSTM networks are trained — one for each coordinate
component (z, y, and theta) of the leader’s position. Each network acts as a
sequence-to-one regression that predicts the next value of a single coordinate
based on a fixed number of its past observations. Each network receives the
last 10 samples of the corresponding coordinate as input, where the LSTM layer
extracts temporal dependencies, the dense layer maps hidden representations,
and the output layer produces the next-step prediction. This configuration
provides a balance between prediction accuracy and computational efficiency
suitable for real-time embedded implementation.

The input layer consists of the position of the leader, which is determined using
Simulink simulation results with an existing controller. The hidden layer is in
charge of remembering and storing the previous state’s number of nodes. The
output layer exports the leader robot’s predicted position. Three of these LSTM
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neural network models are used independently to predict the leader’s x, y, and
heading angle positions.

As illustrated in Figure 3.4, LSTM is equipped with a "gate" structure that enables
it to add or remove cell state information and selectively pass information while
following these steps [ZZD20]:

Forget gate

Cit ~X-
Y X

L Update gate Output gate
Figure 3.4: LSTM architecture

* Forget gate f;: decide what information should be discarded from the
previous cell state C;_;.

fo=o(Wplhi 1, 2] +by) (3.20)

where f, is the forget gate, o is the sigmoid function, W, is the weight
matrix, by is the bias term, h,_, is the previous hidden layer output, and z;
is the new input.

* Updating information: determining what information input should be
stored in the cell state of the input gate, where the input information
should be updated.

it = U(Wi-[ht—ly It} + bz) (321)
C, = tanh (We.[hy_1, 2] + be)
where i, is the input gate, C, is the candidate state of the input, o and tanh
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are the sigmoid and hyperbolic tangent functions, respectively. W; and W,
are the weight matrices, b; and b are the bias terms, h,;_; is the previous
hidden layer output, and z, is the new input. The first equation, including o
identifies which value is to be updated, and the second equation, including
tanh will generate new candidate values.

* Updating the cell status: updating the cell state of the present time step,
which combines the new candidate memory and the long-term memory.

Cy= fixCo_q 414y % C (3.22)

where C; and C;_; are the current and previous memory states, f; is the
forget gate, 7, is the input gate, C, is the input candidate state. State of the
old cell is updated via multiplying the old state by the information that has
been discarded and adding new candidate values.

* Determining Output: Confirming the outcome in the output gate where
the output information and the cell state are used.

Oy = O-(Wo'[ht—h fl:t] -+ bo) (323)
h, = o, * tanh C,

where o, is the output gate. W, and b, are the weight matrix and bias
terms, respectively. h,_; and h, are the previous and current hidden layer
outputs, z; is the new input, and C, is the current state of the memory
block. The first equation, which includes o, determines which part of the
cell state will be output (0;), and the second equation processes the cell
state by tanh multiplied by the output of sigmoid layer.

Both activation functions increase the nonlinearity of the network, which are
sigmoid and tanh. The sigmoid function converts values between 0 and 1, while
the hyperbolic tangent function squeezes the value between -1 and 1 [SLX*20].

1
o(r) = 3.24
@)= (3.24
et e
tanhz =
et +e *
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3.4.2.2 Dataset preparation and splitting

The dataset used to train the LSTM predictor was generated from leader trajec-
tories simulated in MATLAB/Simulink using the LQR controller under perfect
communication (no packet loss). Each trajectory contains position and orienta-
tion samples at a communication rate of 50 ms, covering various motion profiles
including circular paths and eight-shape paths.

To ensure diversity in the training data, a total of 8 trajectories were randomly
generated—four circular, four eight-shaped. For each circular and eight-shaped
path, the center coordinates and radii were randomly selected within predefined
workspace limits (x,y limited to -10,10 for the center and 1-6 m for the radius),
while the linear speed was fixed at 1 m/s to maintain consistent motion dynamics
across all samples. These trajectories were simulated using the same control
parameters to reflect typical leader—follower motion under ideal communication.

All data were normalized using z-score normalization to improve convergence.
To ensure fair evaluation, out of the eight trajectories, five were used for training,
one for validation, and two (one circular and one eight-shaped) for testing. These
test trajectories were unseen during training and used to evaluate the prediction
performance of the LSTM model under simulated packet-loss conditions.

3.4.2.3 Application of LSTM for leader position prediction

As previously stated, follower robots should have access to the latest leader’s
position in order to maintain an accurate formation control. When packet loss
occurs, followers lose access to the leader’s true position. To address this, an
LSTM network is trained using the leader trajectory and then its states are
updated. As shown in Figure 3.5 When no packets are lost, network states
are updated with the actual observed leader position received through the
communication link.

In real communication systems, the receiver cannot directly determine whether
a packet was lost or merely delayed—it can only detect that no new data have
arrived within the expected communication interval. In this work, a packet
is therefore assumed to be lost if it has not been received within 50 ms (the
nominal communication period). In such cases, the system updates the LSTM
using its internal state and predicted output. The predicted leader position
generated by the LSTM is then used as the follower’s reference until the next
valid packet is received.
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Sending leader
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follower

Yes Update LSTM
Is packet lost? model with LSTM
prediction
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Set predicted

Update LSTM leader position by
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Figure 3.5: The flowchart of the proposed approach of sending the leader
position to the follower.

3.5 Performance Evaluation

In this section, the performance of different prediction schemes, including LSTM
and GRU, is evaluated. GRU networks share similarities with LSTM but have
a simpler architecture, making them computationally lighter. Instead of the
three gates used in LSTM, GRUs employ a reset gate and an update gate, both
computed using fully connected layers. The reset gate controls how much of
the previous state is retained, while the update gate determines how much past
information is passed to the next state [CCG23]. GRUs are generally faster and
easier to train than LSTMs, offering similar performance for certain tasks, though
they may be less effective in handling long-term dependencies. For this reason,
GRU is considered for evaluation in this study.

Furthermore, the performance of the formation control system is evaluated
using different prediction methods in scenarios with varying levels of packet
loss. All performance evaluations are conducted through MATLAB/SIMULINK
simulations, utilizing the non-holonomic model (Equation 3.1) and the LQR
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controller (Equation 3.9). It is assumed that the robots follow the commanded
trajectories precisely, without accounting for skidding or disturbances. This
assumption is made to isolate and analyze the specific impact of packet loss on
the system’s performance.

LSTM and GRU hyperparameters were selected using Bayesian optimization
within the following search ranges: hidden units € [5,6,7,...,15], learning
rate € [0.001,0.005,0.01,0.1], batch size € {8, 16, 32,64, 128,256}. The Adam
optimizer was used in all training cases due to its stable convergence and good
performance on nonlinear time-series data. The learning rate was adaptively
reduced using a decay factor of 0.2 whenever the validation loss failed to
improve. The number of training epochs was manually fixed at 400 for LSTM
and 600 for GRU after preliminary testing to ensure convergence. LSTM and
GRU hyperparameters final values used for each output component (z, y, and 6)
are summarized in Table 3.1 and 3.2, respectively.

Table 3.1: LSTM model setting.

LSTM X Y Heading Angle
Epochs 400 400 400
Hidden nodes 10 10 7
Batch size 128 128 128
Learning rate 0.005 0.01 0.1
Learning rate decay factor 0.2 0.2 0.2

Table 3.2: GRU model setting.

GRU X Y Heading Angle
Epochs 600 600 600
Hidden nodes 15 12 8
Batch size 256 128 256
Learning rate 0.005 0.01 0.1
Learning rate decay factor 0.2 0.2 0.2

In our use case, the follower robot was expected to maintain a predefined
distance from the leader. The accuracy of the proposed prediction methods was
evaluated using two standard metrics: the Root Mean Squared Error (RMSE)
and the Mean Absolute Error (MAE). RMSE measures the square root of the
average of the squared differences between the predicted and the actual values,
while MAE represents the average of the absolute differences between them.
RMSE and MAE are defined in Equations 3.25 and 3.26, respectively,
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1 N
N =

where z; is the observed value, #; is the predicted value, and N is the number of
data points.

3.5.1 Prediction accuracy for LSTM and GRU

As mentioned the LSTM and GRU model were trained on leader trajectories
using the parameters listed in Tables 3.1 and 3.2. They were then tested with a
separate set of leader trajectories, using 20% subset of the leader trajectories as
the test set, while packet loss was simulated at 30% and 50%.

To provide a fairer baseline for comparison, LIP was included alongside the
previously used MCP. The LIP estimates missing data points by fitting a linear
trend to the nine most recent successfully received samples and extrapolating
one step ahead. Unlike MCP (equivalent to a Zero-Order Hold), which simply
repeats the last available value, LIP leverages short-term motion history to infer
the current trajectory trend, resulting in smoother and more accurate short-term
predictions under packet loss.

During each test, missing data segments caused by packet loss were reconstructed
using four methods: MCP, LIP, GRU, and LSTM. The predicted values were then
compared against the actual leader trajectory to evaluate accuracy. Figure 3.6
shows the prediction errors in the X, Y, and heading angle for the circular
path. The LSTM and GRU models consistently yield smaller error magnitudes
compared to the baseline predictors (MCP and LIP). MCP, which simply repeats
the last received sample, produces the largest deviations, especially during
consecutive packet losses. LIP, which estimates the missing data through linear
fitting over the last nine received points, provides smoother and more accurate
results than MCP, yet still performs worse than the learning-based methods.
Between the two recurrent networks, LSTM demonstrates superior stability and
smaller fluctuations, particularly in the heading angle, where GRU tends to
accumulate error over time.

Figure 3.7 illustrates the training and validation losses of the LSTM model for
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Figure 3.6: Prediction errors. (a) Error for X; (b) Error for Y; (c) Error for
heading angle

the three predicted outputs X, Y, and heading angle. The loss curves show
rapid convergence within the first 50 epochs, followed by stabilization without
overfitting, confirming the effectiveness of the selected hyperparameters and the
Adam optimizer.
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Figure 3.7: Training and validation loss. (a) Loss for X; (b) Loss for Y; (c) Loss
for heading angle

Quantitative results summarized in Table 3.3 further validate these observations.
Under both 30% and 50% packet loss, the LSTM model achieves the lowest RMSE
and MAE values across all predicted variables, followed closely by GRU. The
LIP method performs better than MCP, as it leverages multiple past samples to
approximate local trajectory trends, thereby generating smoother predictions
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during communication loss. In contrast, MCP exhibits the weakest performance
overall since it relies on a static assumption and cannot capture dynamic changes
between communication intervals.

Overall, the LSTM-based predictor demonstrates a substantial reduction in
prediction error compared to both LIP and MCP across all packet loss conditions.
On average, the LSTM reduces prediction errors by approximately 35—60%
relative to LIP and 60—80% relative to MCP, for both position and heading
estimates. These findings indicate that the LSTM architecture is significantly
more robust to communication loss, as it effectively exploits long-term temporal
dependencies in the data rather than relying on linear interpolation or static

model assumptions.

Table 3.3: Prediction error under packet loss.

Metric Loss Method X (m) Y (m) Heading (rad)
LSTM 1.01 x 1072 2.39x 1072  2.70 x 1073
300, ORU 1.06 x 1072 128 x1072  3.50 x 1073
LIP 1.94x 1072 3.13x 1072 733 x1073
RMSE MCP 3.47 x 1072 4.28 x 1072 1.10 x 1072
LSTM 1.49 x 1072 2.35x 1072 3.90 x 1073
50y, ORU 1.87x 1072 238x102 480 x 1073
LIP 3.44 x 1072 3.77 x 1072 1.02 x 1072
MCP 5.53 x 1072 5.70 x 1072 1.59 x 1072
LSTM  4.19x107% 6.24x107™*  1.11x107?
30% GRU 445 x 107 546 x 107 1.12 x 1073
LIP 6.47 x 1073 7.66 x 1073 2.08 x 1073
MAE MCP 147 x 1072 1.60 x 1072 4.80 x 1073
LSTM  8.19x10™% 1.13x1072 209 x 1073
0% GRU 1.01x 1072 1.23x102  2.04x 1073
LIP 1.63x 1072 1.74x 1072  5.22x 1073
MCP 296 x 1072 3.03x 1072  9.42x 1073

In summary, four prediction methods MCP, LIP, GRU, and LSTM were evaluated
to assess their effectiveness under varying levels of packet loss. The LSTM con-
sistently achieved the highest prediction accuracy and generalization capability
across all scenarios. As a result, the LSTM model was selected as the primary
predictor for subsequent formation control simulations, while MCP and LIP were
retained as baseline references. To avoid figure overcrowding in subsequent
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simulations and because of its lower overall performance relative to LSTM, the
GRU model was excluded from further analysis.

3.5.2 Simulation Results

Here, we discuss the formation control performance of three robots with one of
them acting as leader. For each robot, the controller diagram depicted in Figure
3.2 was simulated using MATLAB/SIMULINK. The followers and the leader
attempted to maintain their formation as they travelled along a pre-defined path.
The speed of robot is considered 1 m/s. At regular communication intervals, the
leader’s position was communicated to all the followers via wireless broadcast
communication. In the event of packet loss, LSTM predicted the leader’s position
for the followers. In this section, we evaluate and analyze the performance of
LSTM within a closed-loop system, rather than simply comparing the predicted
values to the actual values as done in Section 3.5.1. As shown in Figure 3.8,
the leader’s position is transmitted to the followers using the proposed LSTM
architecture, highlighted with a grey background. Yellow switches determine
whether to use the predicted data or real data, depending on whether packet
loss has occurred. The impact of the proposed architecture is evaluated within
the closed-loop system, as the predicted or real data serves as the reference for
followers 1 and 2. Both the leader and followers are controlled using the LQR
controller, as detailed in Section 3.3. All experimental settings are consistent
with those outlined in Table 3.1.

The local control loop of each robot operates at a sampling time of 5 ms,
ensuring internal stability of the individual agent. Communication among
agents, however, occurs at a slower interval of 50 ms. While this does not affect
the local stability guaranteed by the LQR controller, it significantly influences
the formation stability, as delayed or lost information can cause temporary
desynchronization between agents. Therefore, compensating for packet loss
or prediction at the communication level is essential for maintaining accurate
formation. When a communication packet was lost at a 50 ms interval, the
corresponding predictor (LSTM, LIP, or MCP) estimated the missing leader
state for that communication cycle, ensuring continuous control updates despite
packet loss. Packet loss is was modelled using a Bernoulli distribution with a
probability equal to 0.3 and 0.5. Packet loss has a more significant effect on
formation control when the leader follows a nonlinear trajectory. Therefore,
instead of using straight-line or quasi-linear trajectories or gently curved paths,
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circular and eight-shaped trajectories were selected. These provide richer motion
dynamics with changes in curvature and direction, making them more suitable
for evaluating prediction performance and controller robustness under packet
loss.

Leader Closed-Loop Control
Uref
[ “’Tff] Upef COS €3

[ el
|: ey" |: 62:|
€3]] | LR controller

ng Transformation
Kaxs

Reference

Trajectory to Robot

Coordinates

Mobile Robot
System

Follower 1 Closed-Loop Control
Yes Update LSTM .
Is packet lost? >——>] model with LSTM Uyef
prediction [ ]
Inputs Wres
N
Set predicted | Yref ,
Ugdlat?ﬂ']-?ﬂ‘g leader position by ; 0
model with leader ;
ith LSTM as follower L et | | 4 ng Transformation ]| es *{LQR Controller | L @el

position to Robot
Koxs

‘R Coordinates
i follower 1

Set real leader

position as follower|
reference .
L o
Switchi’
Eolflower 2 Closed-Loop Control
e,

@ ; Feedforward [ Wref]
Update LSTM : Inputs

Mobile Robot
System

w
model with LSTM s =
prediction ; !

Lo { { } 7

i “

i e,

ef eeJ Tra'r;ss(;g';twn €3]] |LaR Controller Mobile Robot
Set predicted Reference Coordinates Koxs System
Update LSTM leader position by follower 2"
model with leader LSTM as follower
position reference

Set real leader
position as follower
reference

A Switch2
[

Figure 3.8: Closed-loop control of leaders and two followers under packet loss
using LSTM prediction

3.5.2.1 Circular Path

In this scenario, we consider the leader and followers moving along a circular
path, with packet loss set at 30%. The leader’s initial position is (0O, -5), while
the followers start at (2, -4) and (2, -6), meaning they begin with some offset
and are about 2 meters behind the leader along the x-axis. This test evaluates
not only the trajectory following but also the system’s performance given the
initial conditions. Since the leader and followers are not synchronized from the
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beginning, the followers must adjust to compensate for this and keep the fixed
distance with leader. The formation distance between the leader and follower 1
is (-1, 1), and between the leader and follower 2 is (-1, -1).

Figure 3.9 (a) shows that all followers successfully maintain a circular formation
despite packet loss. The zoomed-in view in Figure 3.9 (b) highlights that the
LSTM predictor achieves the closest overlap with the trajectory without packet
loss, while MCP and LIP show larger deviations.
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Figure 3.9: Trajectory of the robots during formation control (packet loss—30%
compared with no packet loss) (a) Leader and Followers circular trajectory ; (b)
Zoomed view of Follower 1 circular trajectory, highlighting the overlap of LSTM,
MCP, and no-packet-loss paths for better clarity.

Figure 3.10 and Figure 3.11 illustrate the distance of first and second followers
from the leader, where both followers gradually reach the desired separation after
approximately 5 s and 8 s, respectively. LSTM produces smoother convergence
and smaller oscillations due to its ability to capture temporal dependencies, while
MCP’s zero-order hold behavior leads to delay accumulation and overshoot. LIP
performs slightly better than MCP by following short-term trends but is still
limited under high and consecutive loss when motion becomes nonlinear.

We repeated the circular trajectory scenario with a 50% packet loss. The follower
performance is illustrated in Figure 3.12. Figure 3.12 (a) shows the trajectories
of the leader and followers, demonstrating that all methods maintain general
formation, though noticeable deviations appear as losses increase. To illustrate
this effect more clearly, a zoomed-in view in Figure Figure 3.12 (b) compares
the predicted follower trajectories obtained using LSTM, LIP, and MCP against
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Figure 3.10: Distance of the first follower from the leader for the circular
trajectory (packet loss—30% compared with no packet loss).
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Figure 3.11: Distance of the second follower from the leader for the circular
trajectory (packet loss—30%).

the ideal without loss reference. The LSTM predictor continues to provide the
closest trajectory to the reference, whereas LIP exhibits minor oscillations, and
MCP visibly drifts from the formation.

The corresponding distance responses between the leader and the two followers
are shown in Figures 3.13 and 3.14, further confirming the superior tracking
stability achieved with the LSTM-based predictor. Both followers start with an
initial offset relative to the leader and are required to converge to the fixed
separation distance of approximately 1.42m, indicated by the dashed line in
the figures. After the transient phase (approximately 5s for Follower 1 and
8 s for Follower 2), the LSTM trajectory remains tightly bounded around the
ideal separation, with deviations typically about 5 cm. In contrast, both LIP and
MCP exhibit larger fluctuations, with peak deviations reaching approximately
10 cm and 20 cm respectively (fluctuations go up to 1.5 and 1.6 relative to ideal
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Figure 3.12: Trajectory of the robots during formation control (packet loss—50%
compared with no packet loss) (a) Leader and Followers circular trajectory ; (b)
Zoomed view of Follower 1 circular trajectory, highlighting the overlap of LSTM,
MCP, and no-packet-loss paths for better clarity.

distance 1.42 as shown in Figures 3.13 and 3.14) during consecutive packet

losses.
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Figure 3.13: Distance of the first follower from the leader for the circular
trajectory (packet loss—50%).

These transient peaks are particularly relevant in formation control, since av-
erage error values alone may conceal short but significant deviations that can
destabilise inter-robot spacing. The LSTM predictor effectively suppresses both
steady-state error and peak deviations, maintaining the closest adherence to the
desired formation distance.

Quantitatively, Table 3.4 and Table 3.5 show RMSE and MAE results for the

follower tracking error. These results show that the LSTM-based predictor
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Figure 3.14: Distance of the second follower from the leader for the circular
trajectory (packet loss—50%).

achieves the lowest RMSE and MAE values under both 30% and 50% packet loss.
LSTM provides a consistent improvement of approximately 5—10% in RMSE
and up to 20% in MAE compared to LIP. In contrast, the MCP method exhibits
noticeably larger tracking errors, with LSTM reducing RMSE by 10—18% and
MAE by 15—40% relative to MCP, depending on the axis. These results confirm
that even after closed-loop feedback, the advantage of LSTM persists, whereas
MCP remains the least effective due to its inability to account for inter-sample
dynamics.

Table 3.4: RMSE of follower error for the circle path.

Packet Loss Prediction Method RMSE-X(m) RMSE-Y(m) RMSE-Angle(rad)

0% - 5.371 x 1071 8.62 x 1072 3.66 x 1072
LSTM 5.372 x 1071 8.7 x 1072 3.73 x 1072
30% LIP 5.375 x 1071 9.31 x 1072 3.86 x 1072
MCP 5.39 x 107! 9.74 x 1072 4.16 x 1072
LSTM 5.375 x 1071 8.82 x 1072 3.87 x 1072
50% LIP 5.39 x 107! 9.43 x 1072 411 x 1072
MCP 542 x 107! 1.07 x 1071 4.69 x 1072

3.5.2.2 Eight-Shaped Trajectory

Here, the formation control performance of the leader and the followers are
analyzed while following an eight-shaped trajectory in different packet loss
scenarios. The eight-shaped trajectory provides a more complex nonlinear
motion pattern than the circular path, The leader’s initial position is (0, 0), while
the followers start at (-3, 2) and (-3, -2), meaning they begin with some offset
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Table 3.5: MAE of follower error for the circle path.

Packet Loss Prediction Method MAE-X(m) MAE-Y(m) MAE-Angle(rad)
0% - 1.74 x 10~} 4.80 x 102 2.30 x 1072
LSTM 1.75 x 107!  4.83 x 1072 2.33 x 1072
30% LIP 1.79 x 10~! 5.28 x 1072 2.55 x 1072
MCP 1.91 x 107! 6.29 x 1072 3.03 x 1072
LSTM 1.77 x 107! 4.94 x 1072 2.35 x 1072
50% LIP 1.9 x 1071 6.23 x 1072 2.98 x 1072
MCP 2.10 x 1071 8.01 x 1072 3.79 x 1072

and are about 2 meters behind the leader along the x-axis. This test evaluates not
only the eight shape trajectory following but also the system’s performance given
the initial conditions. Since the leader and followers are not synchronized from
the beginning, the followers must adjust to compensate for this while keeping
the fixed distance with leader. The formation distance between the leader and
follower 1 is (-1, 2), and between the leader and follower 2 is (-1, -2).

At 30% packet loss, Figure 3.15 (a) shows that all prediction schemes preserved
formation, but with noticeable deviations during the curved transitions. The
zoomed section in Figure 3.15 (b) illustrates that the LSTM trajectory remains
almost indistinguishable from the without loss case, while LIP performs slightly
worse but still tracks the motion trend effectively. MCP, by contrast, drifts farther
because it only repeats the last received state when packets are dropped.

The distance profiles in Figures 3.16 and 3.17 demonstrate that both followers
start with an initial offset greater than 1 m and recover to their ideal separation
within 8 s. Ideal distance is shown by dashed line and is about 2.23m in
figures. LSTM prediction yields the smoothest recovery and smallest steady-state
oscillation. LIP shows an intermediate performance: it converges to the correct
distance but exhibits minor oscillations while MCP suffers from larger deviations
and slower stabilization.

With half of the packets lost (50% loss), the eight-shaped trajectory further
challenges prediction accuracy. In Figure 3.18 (a), all agents still complete the
formation successfully, though trajectory distortions increase. The zoomed view
in Figure 3.18 (b) shows that LSTM remains closest to the without loss reference,
LIP begins to lag slightly, and MCP deviates significantly.

In the distance responses (Figures 3.19, 3.20), LSTM maintains a smooth and
stable convergence to the ideal separation, with minimal oscillation about 5 to 8
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Figure 3.15: Trajectory of the robots during formation control (packet loss—30%
compared with no packet loss) (a) Leader and Followers eight shape trajectory ;
(b) zoomed view of Follower 1 eight shape trajectory, highlighting the overlap of
LSTM, MCP, and no-packet-loss paths for better clarity.
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Figure 3.16: Distance of the follower from the leader for the circular trajectory
(packet loss—30%).

cm. LIP continues to reduce the separation error but shows transient overshoots
about 10 to 20 cm (peaks in figures goes up to 2.35 to 2.40 relative to ideal
separation which is 2.23). MCP again exhibits the highest fluctuations about 20
cm to 30 cm (peaks in figures goes up to 2.45 to 2.50 relative to ideal separation
which is 2.23) and slower settling.

The quantitative results of Tables 3.6 and 3.7 show that the LSTM predictor
consistently achieves the lowest tracking error under both 30% and 50% packet
loss. Compared to LIP, the LSTM yields improvement of approximately 5—10%
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Figure 3.17: Distance of the follower from the leader for the circular trajectory
(packet loss—30%).
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Figure 3.18: Trajectory of the robots during formation control (packet loss—50%
compared with no packet loss) (a) Leader and Followers eight shape trajectory ;
(b) zoomed view of Follower 1 eight shape trajectory, highlighting the overlap of
LSTM, MCP, and no-packet-loss paths for better clarity.

in RMSE and up to 20% in MAE, with the largest gains observed in the lateral
and angular components. The performance gap is more pronounced against
MCP, where the LSTM reduces RMSE by 8—25% and MAE by 20—40% depending
on the axis. These results confirm that the LSTM-based predictor remains the
most robust scheme as packet loss increases. Although LIP performs better than
MCP, it still suffers from clear tracking deviations and cannot fully compensate
for packet loss.

Overall, the results across both packet-loss conditions demonstrate that LSTM
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Figure 3.19: Distance of the follower from the leader for the circular trajectory
(packet loss—50%).
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Figure 3.20: Distance of the follower from the leader for the circular trajectory
(packet loss—50%).

scales robustly with trajectory complexity. While the simpler circular path mainly
tested tracking smoothness, the eight-shaped path revealed LSTM’s superior
ability to predict nonlinear motion trends and correct for abrupt directional
changes, where memory-based and interpolation-based predictors degrade more
noticeably.

Table 3.6: RMSE of follower error for the eight-shaped path.

Under Packet Loss

Packet Loss Prediction Method RMSE-X (m) RMSE-Y(m) RMSE-Angle(rad)
0% - 3.60 x 1071 9.78 x 1072 5.60 x 102
LSTM 3.62 x 1071 1.004 x 107! 5.64 x 102
30% LIP 3.63 x 1071 1.033 x 101 5.74 x 1072
MCP 3.69 x 1071 1.13 x 107! 6.14 x 1072
LSTM 3.64 x 1071 1.028 x 107! 5.79 x 1072
50% LIP 3.71 x 1071 1.13 x 101 6.29 x 102
MCP 3.75 x 107! 1.35 x 107! 7.18 x 1072
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Table 3.7: MAE of follower error for the eight-shaped path.

Packet Loss Prediction Method MAE-X (m) MAE-Y(m) MAE-Angle(rad)
0% - 1.32 x 10! 6.26 x 1072 2.71 x 1072
LSTM 133 x 107! 6.62 x 1072 2.75 x 1072
30% LIP 1.38 x 107! 6.89 x 102 2.91 x 1072
MCP 1.54 x 10! 8.45 x 1072 3.56 x 102
LSTM 135 x 10! 6.72 x 1072 2.78 x 1072
50% LIP 1.47 x 1071 8.47 x 1072 3.45 x 1072
MCP 1.76 x 107! 1.12 x 107! 4.49 x 1072

3.6 Concluding remarks

This chapter considers the formation control problem concerning a network
of non-holonomic differential drive robots. Initially, the differential robots
are modeled using unicycle model equations. Subsequently, an optimal LQR
controller is developed to control a single AGV utilizing this model. Expanding
upon this, the focus shifts to multiple AGVs, emphasizing the formation control
aspect under conditions of packet loss. Simulations reveal that packet loss leads
to an increase in inaccuracy of approximately 20 cm in AGV formation control.

To mitigate this degradation, a Memory Consensus Protocol (MCP) was first
implemented, which stores the last received data during packet loss. However,
MCP fails to predict motion trends under consecutive dropouts. Therefore, LSTM
predictor was proposed to learn temporal dependencies and forecast missing
leader states from past data. The LSTM network was trained with optimized
hyperparameters to balance accuracy and computational cost. A GRU network
was also evaluated for comparison, while the final system integrated the LSTM
predictor with the linear LQR controller for closed-loop formation control.

Simulations are then conducted in MATLAB/SIMULINK to evaluate the per-
formance of different prediction schemes (LSTM, LIP, and MCP). Packet loss
is modeled using a Bernoulli distribution and tested under circular and eight-
shaped paths. In formation control research, it is common to evaluate robustness
by testing under varying packet-loss rates and trajectory profiles rather than
performing repeated stochastic trials. This study follows the same approach.
Future work could extend this analysis by performing more trajectories, multiple
randomized trials and applying statistical tests to further quantify the variability

Formation Control 68 Leila Sedghi

Under Packet Loss



3. FORMATION CONTROL OF AGVS UNDER
PACKET LOSS 3.6 Concluding remarks

and significance of performance differences.

Simulation results under 30% and 50% packet loss demonstrated that the LSTM
predictor significantly improved formation accuracy compared with both MCP
and LIP. Across circular and eight-shaped trajectories, LSTM reduced RMSE by
approximately 10-15% compared with LIP and 25-35% compared with MCP.
MAE was reduced by 15-20% relative to LIP and up to 40-45% compared with
MCP. Even with 50% packet loss, the LSTM maintained formation accuracy
within 5% of the perfect-communication baseline. These results confirm that
integrating a learning-based predictor with a conventional linear controller
significantly enhances formation robustness against communication losses.

The prediction and control modules were executed in MATLAB/Simulink with
a sampling time of 5 ms and a communication interval of 50 ms. The trained
LSTM model required approximately 0.6 ms per prediction step, which is well
below the communication period and thus suitable for real-time use, while MCP
and LIP computations were negligible (<0.1 ms).

It is worth noting that LSTM and GRU training require considerably longer
computation times, typically on the order of minutes to hours depending on
data size and hyperparameter optimization. However, this process is performed
offline, prior to deployment, and therefore does not affect the controller’s real-
time performance. Once trained, the models can be executed efficiently on
standard CPUs without GPU acceleration.

In summary, this chapter validated the effectiveness of combining deep learning
prediction with classical control for robust formation under communication
uncertainty. This confirms our first hypothesis: "Integrating deep learning
models, such as LSTM, with traditional linear controllers can improve
formation control performance in multi-robot systems facing communica-
tion challenges like packet loss." This hybrid LSTM-LQR approach offers a
computationally efficient and scalable alternative to complex nonlinear control
redesigns. Future work can include randomized multi-trial testing, statistical
validation of significance, and hardware implementation to further confirm
real-time performance.
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Chapter 4

Formation Control of AGVs under
Packet Loss and Delay Compared
with Nonlinear Controllers

This chapter investigates the challenges of formation control in non-holonomic
Automated Guided Vehicles (AGVs), similar to the discussion in chapter 3. It
conducts a comparative examination with nonlinear controllers and explores
strategies to mitigate both delay and packet loss. Initially, the motivation and
background behind this comparative study are outlined in section 4.1. Follow-
ing this, section 4.2 provides a brief overview of the controller developed in
[NDMT*21]. Then, delay is introduced into the simulations in section 4.3 where
an input shaping filter is introduced to tackle delay-related issues. Simulations
are conducted to evaluate the performance of both the proposed Long Short-
Term Memory (LSTM) and the nonlinear controllers. Finally, concluding remarks
are presented in Section 4.4.

4.1 Motivation

This chapter addresses the challenge of formation control for multiple non-
holonomic AGVs in the presence of packet loss and communication delay. It
builds upon the work in chapter 3, where formation control was evaluated under
packet loss alone, by introducing delay as an additional network uncertainty.
The study employs a decentralized leader-follower approach and investigates
whether augmenting linear controllers, such as the Linear Quadratic Regulator
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(LQR), with learning algorithms like LSTM can provide robust performance
against these uncertainties. Furthermore, the main objective is to highlight the
effectiveness of integrating simple linear controllers with learning algorithms as
opposed to nonlinear controllers in order to deal with network uncertainties.

As previously mentioned, formation control is vulnerable to network uncertain-
ties like channel noise, communication delay, and packet losses, which can result
in complex dynamic behaviors such as divergence, oscillation, and instability
[NDM*21]. Consequently, numerous nonlinear controllers have been developed
to mitigate these uncertainties. For instance, the Sliding Mode Control (SMC)
technique is widely designed as a robust control method for complex higher-order
nonlinear systems under parametric uncertainties and external perturbations
[GKLP21]. SMC offers stability and robustness in uncertain environments where
traditional linear controllers like (Proportional Integral Derivative) PID may fal-
ter [GKLP21]. However, despite the robustness of SMC, PID controllers remain
prevalent in industry due to their simplicity in design and satisfactory accuracy
[NAQ18]. Notably, more than 90% of controllers used in industry are of the
PID type [NAQ18, BMSP21]. To enhance the performance of PID controllers in
AGVs, various hybrid PID approaches have been developed, including fuzzy PID
[LLXL16], adaptive PID [ZCS*12], and optimized PID [MLS*22].

Another important linear controller to consider is the LQR algorithm, which
optimizes the cost function to control dynamic systems [LWLZ14, AM18]. LQR
is favored for its ability to achieve superior control performance compared to
PID at a lower cost [GF21]. However, linear controllers like PID and LQR are
more susceptible to network uncertainties such as channel noise, communi-
cation delay, and packet losses when extended to multi-AGV systems. Hence,
the objective of this chapter is to investigate whether combining existing linear
controllers with learning algorithms can effectively address uncertainties like
packet loss and delay, rather than developing entirely new nonlinear controllers.
This approach aligns with the industry trend of enhancing current controllers
rather than creating new ones from scratch. As discussed in Chapter 3, holo-
nomic robot formations exhibit greater resilience to network uncertainties than
non-holonomic ones [TAPJ20], emphasizing the significance of validating the
proposed method against packet loss and delay.

Given the prevalence of linear controllers in industry, this chapter compares
the proposed LSTM-augmented LQR controller against the nonlinear consensus-
super-twisting sliding mode controller developed in [NDM*21] and nonlinear

Formation Control 71 Leila Sedghi
Under Packet Loss



4. FORMATION CONTROL OF AGVS UNDER
PACKET L0OSS AND DELAY COMPARED WITH
NONLINEAR CONTROLLERS 4.1 Motivation

back-stepping controller developed in [WZ15]. This comparison illustrates how
each method behaves under identical operating conditions, rather than serving as
a strict controller-to-controller benchmark. The reason for choosing [NDM*21]
is that it is the closest work we found to our own, as it uses the same application
and addresses uncertainties with nonlinear controllers. However, there are
key differences, such as their consensus-based approach, event-based control
using a super-twisting sliding mode controller, and the consideration of time-
varying delays. Despite these differences, packet loss is modeled similarly using
a Bernoulli distribution, with a probability of 0.2, providing a useful point of
comparison with our approach. Additionally, an input shaping filter is proposed
to address delay and enhance robustness against both packet loss and delay to
be able to have fair comparison in the same scenario considered in [NDM*21] .

The key contributions of this chapter include:

* Extending the analysis in Chapter 3 via investigating the combined impact
of packet loss and delay on formation control, building on the packet loss
analysis from Chapter 3.

* Proposing and evaluating an input shaping filter to mitigate delay-induced
instability and ensure fair performance comparisons with nonlinear con-
trollers.

* Demonstrating the feasibility and effectiveness of augmenting industry-
prevalent linear controllers with LSTM, aligning with the industrial trend
of enhancing existing controllers rather than replacing them with nonlinear
methods.

* Benchmarking against nonlinear controllers and providing a detailed per-
formance comparison with the nonlinear controller in [NDM*21] and
[WZ15], focusing on identical scenario conditions to ensure a fair evalua-
tion.

* Systematic validation through conducting comprehensive experiments to
compare LSTM-augmented LQR with nonlinear controllers under varying
levels of packet loss and delay, using metrics such as tracking error.

It should be noted that the comparisons in this chapter are scenario-based.
We reproduce the scenario, initial conditions, desired separations, and packet-
loss and delay model reported in [NDM*21, WZ15] to place our method in
an identical environment. However, the full implementation details of the
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second-order sliding controller are not publicly available, so we do not re-
implement it. The resulting comparison is therefore qualitative and contextual
(same scenario, different controllers), intended to indicate trends rather than a
one-to-one algorithmic benchmark.

4.2 Methodology of nonlinear controller for AGVs

A novel stochastic event-based super-twisting controller, introduced in
[NDM*21], aims to tackle the formation control challenges within networked
multi-agent systems in the presence of uncertainties. This controller, employing
event-based consensus super-twisting sliding mode techniques, is tested and
validated using Pioneer P3-DX mobile robots.

The dynamics of both leader and follower robots within the multi-agent system
framework are subject to network uncertainties and external disturbances, as
outlined below:

Follower : 2;(t) = piu;(t — 6;') + d;(t),i =1,...,p (4.1
Leader : 2y(t) = piuo(t — &)

where z;(t) € R", u;(t) € Rn, and d,;(t) € Rn denote the position, control
input, and bounded disturbance input, respectively, for the ith follower robot.
Additionally, z((¢) € R™ and un(t) € Rn represent the leader robot’s position and
control input, respectively. Parameters p! and pj represent the random packet
loss coefficients for the control input of follower and leader robots, respectively.
Similarly, ¢} and 4 denote the random delays of the follower and leader robots,
respectively. Likewise, p? and pf signify the random packet loss coefficients,
while 67 and §? represent the random delays of the follower and leader robot
states, respectively. The discrete-time formulation of the leader—follower robot
dynamics can be simplified as follows for the follower:

Follower : xi(k + 1) = (5, p) (k) + AT'u;(k) + d;(k) 4.2)
Leader : xo(k + 1) = Zo(sy,p0 (k) + ATug(k)
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The symbol AT denotes the sampling interval of the system. The states x;, ,,
and x(s,,4,) are due to random delays and packet losses. A stochastic model for
4.2 is defined as follows considering expected value of states due to network
uncertainties.

E{z;j1} = E{xip} + ATw o+ dige 4.3)
E{xo,k—o—l} = E{xOJ{:} + AT”[LO,]c

where E{x;;} represents expected value of z;s, ,,).

E{Cfiyk} = E{xlyk} — E{ZL‘()JC} + I (44)

Ujp = Uik — Uk

The terms E{z;} and 4, represent deviations in the position and control input,
respectively, of follower robot i from the leader robot. I'; denotes the desired
deviation in the position of follower i from the leader. The relative dynamics,
utilizing equation 4.3, can be expressed as:

E{%i,k-i-l} = E{.f?“f} + AT’IL;Jq + d@k (4.5)

The sliding-mode surface is formulated for follower agent i to facilitate the
controller design as follows:

E{Six} = E{Zix} + E{¢}}, i=1,..M -1 (4.6)
where S = [s},, sy, .., ;]". With the onset of sliding phase, Si,k = 0. To

achieve desired consensus, considered a super-twisting control law

i = B{g} — KiE{| Sip |2 sgn(Six)} + E{oir} 4.7)

where
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Blgs} == ——= > ay{(E{zis} — E{xo, k} +T))
mi +1 gy

— (E{zjrt — E{mor} +Ty)}
-+ Z)Z(E{.T27k} — E{J?()yk;} -+ Fz)
= S G (E{a) — B3, k}) + bi(B{#x}  (4.8)

mi+1j€M

The consensus component ¢, ;, is defined based on tracking error of follower i
and neighboring agents with respect to the leader. In equations 4.7 and 4.8,
the parameters ; > 0, « € (0,1), and m;(1 < m; < M) denote the count of
neighboring agents of i th member. The selection of gain parameters follows the
constraint that they should be positive, denoted as kij > 0Vi, j, in the absence
of system perturbations. However, in the presence of perturbations, maintaining
system performance solely through positive gain selections becomes unfeasible.
To address this challenge, the gain parameters are chosen in following manner,
ie., K1 = diag{ky, k1. ..k} = 1.5VQ and K2 = diag{ks:, ks, ...k} = 1.1Q
where ( is a limit for uncertainties and its change. For further details regarding
the assumptions and the event-triggered control component, please refer to
[NDM*21].

The schematic diagram of proposed approach illustrates the control system for a
follower robot i, as depicted in Figure 4.1. Sensor data from robot is transmitted
to the controller through a wireless communication network prone to packet
losses and delay. The consensus component g7, is calculated based on position
of leader and follower robots, as described in eq. 4.8. The sliding surface is
computed using consensus component, and deviation of leader and follower
position , as outlined in eq. 4.6. The presence of a Zero-Order-Hold (ZOH)
component holds the last transmitted data until next transmission occurs. ZOH
is exactly similar to Memory Consensus Protocol (MCP) method explained in
Chapter 3.

Formation Control 75 Leila Sedghi
Under Packet Loss



4. FORMATION CONTROL OF AGVS UNDER
PACKET LOSS AND DELAY COMPARED WITH 4.3 Comparison of proposed LSTM under
NONLINEAR CONTROLLERS packet loss and delay with nonlinear controllers

ik —+
u; Xik

Z0OH —® Followeri —® Sensor

_+'1;.A';' o o f,;———}f"':'l‘i l,—-_x

i e S ~ 4

' ! Communication Network . ;
- === =Rt = | |
| 0.k )E Xi k) YE{xi}

I .l

T . - |
. | Event [E{S;,} +\‘+- Conseusus |
| | Dased —/ Pl component | |
. [sTSMC By P |
: E{xox} A |
______________________________ |

Controller unit E{xox}

Leader

Figure 4.1: Control block diagram sliding [NDM*21].

4.3 Comparison of proposed LSTM under packet

loss and delay with nonlinear controllers

The goal of this section is to compare the outcomes of the proposed LSTM
method combined with LQR, as discussed in Chapter 3, with the nonlinear
controllers developed in [NDM*21]. To ensure a fair and consistent comparison
with nonlinear controllers, the LSTM-augmented LQR architecture introduced in
Chapter 3 was adapted to match the experimental configuration of [NDM*21]
and [WZ15]. The same leader—follower setup, initial conditions, and circular
trajectory profile were used. Packet loss was modeled using a Bernoulli distri-
bution with a probability of 0.2, and a time-varying delay was introduced. No
architectural changes were made to the trained LSTM network. So, it was not
retrained for this scenario, only reused from Chapter 3.

It is important to note that these two approaches have some fundamental
differences, as outlined below:

* As mentioned, the methods developed in [NDM*21] and [WZ15] employ
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super-twisting sliding control and back-stepping control, respectively, both
of which are nonlinear controllers. In contrast, the approach presented in
this thesis is based on linear control augmented with LSTM.

* The method in [NDM*21] applies to consensus leader-follower forma-
tion control, while this thesis addresses non-consensus leader-follower
formation control. In consensus-based formation control, the aim is for all
agents to collectively reach and maintain the desired formation pattern
while also achieving consensus on their states or behaviors. Conversely, in
non-consensus formation control, the followers simply track predefined
trajectories or formations set by the leader without necessarily aiming to
reach a consensus on a common state or behavior.

* The method in [NDM*21] employs event-triggered control, whereas our
proposed method utilizes time-triggered control. The method in [WZ15]
also utilizes time-triggered control.

* While the approach in [NDM*21] incorporates zero-order hold or MCP in
its architecture, our proposed method does not use MCP.

* Furthermore, the method in [NDM*21] accounts for both delay and packet
loss in the definition of the mathematical model of agents as explained
in section 4.2, to enhance robustness against these factors, whereas our
method aims to enhance any existing simple and linear controller by
integrating LSTM to mitigate the impact of packet loss.

All simulation parameters (initial positions, desired separations, Bernoulli loss
with p = 0.2 and delay) follow [NDM*21]. Because the internal tuning of
the super—twisting controller is not fully disclosed, we compare behavior under
the same scenario, not an exact re-implementation. Accordingly, the figures
and tables should be interpreted as a fair scenario match rather than a strict
controller benchmark.

4.3.1 Simulation result

In this subsection, the methodology proposed in this thesis is evaluated through
simulations on a circular path with a formation exactly same as to that developed
in [NDM*21]. The initial position of leader is (0,0) while the followers are
initially at (-2, 0.75) and (-2, -0.75). The desired separation between the leader
and followers 1 and 2 should be I'y = (0.75m, —0.75m), I's = (0.75m, 0.75m),
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respectively. The packet losses are modeled using Bernoulli distribution with a
probability of 20% and the time-varying delay .

To evaluate the consistency of all approaches, a performance criterion (average
tracking error norm) based on [NAQ18] is considered, as shown in Table ??.
The average tracking error norm defined as:

N

€; =

V@i(k) = et (k)2 + (yi(k) — yregi (k))? (4.9)

1
NiZ

where ¢; represents the average tracking error norm of follower i, N is the total
number of time samples, (z;(k), y;(k)) denote the actual positions of follower
i at time step k, and (@i (k), yreri(k)) are the desired reference positions cor-
responding to the leader’s trajectory. The metric provides an overall measure
of the tracking performance, with smaller ¢; values indicating better formation
maintenance and higher accuracy in following the leader’s desired path. The
average tracking error e is reported individually for F1 and F2 for clarity.

4.3.1.1 Impact of delay on formation control of proposed LSTM

Although the proposed method is not specially designed to handle delay, this
section investigates the influence of delay on the system. Following a scenario
similar to [NDM™*21], the time-varying delay ¢7 is constrained to satisfy 0 < §7 <
2s. The outcomes of the LSTM-based approach are evaluated under conditions
involving both delay and packet loss, as illustrated in Figure 4.2.

(a) (b)

—Desired Separation
o5} — Distance from F-1 to leader|
- Distance from F-2 to leader

Separation (m)

0 20 40 60
Time (sec)

Figure 4.2: Formation control of proposed method for the circular trajectory
(packet loss—20% and time-varying delay ).

In particular, the presence of delay significantly affects the system, leading to
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oscillations as depicted in Figure 4.2 (b). This indicates the method’s susceptibil-
ity to delay, despite maintaining formation control with commendable accuracy.
Although LSTM augmented with LQR is successful to maintain formation control
of robots against delay and packet loss, still the oscillation caused in Figure
4.2 (b) is not desirable, therefore next section suggest method to avoid this
oscillation.

4.3.1.2 Input shaping filter against delay

Digital filtering and input shaping are well-known methods for shaping reference
commands to reduce vibration [SV10]. Input shaping filters have been success-
fully used in control systems for a long time to shape control signals in different
applications including portal crane motion control, high-rise elevator motion
control and robotics [MK10]. An input shaper modifies slightly the reference
signals to damp the vibrations of the end-effector. This means, although the
oscillations are eliminated, the tool will not move as desired since modified
trajectories are commanded. Hence, an exact tracking of the desired path and
a total vibrations damping seem to be two contradictory goals that cannot be
simultaneously fully fulfilled. However a trade-off can be reached by minimizing
the sum of the sensor deflection and the deviation between the desired and
commanded signals [KLHO9]. Therefore a low pass filter input shaper is used as
eq. 4.10 to compensate for the oscillation occurring in Figure 4.2.

| H(jw) |= S (4.10)

1+ ()%

The parameters w,., representing the filter cutoff frequency, and n, the filter
order, are carefully chosen to balance accuracy and oscillation avoidance. A
second-order filter with a cutoff frequency of 10 Hz is employed. These input
shaping filters are integrated into the follower’s reference, originating from the
leader, which is subject to both delay and packet loss.

Consequently, the proposed method is now capable of compensating for both
delay and packet loss. The block diagram of the proposed leader-follower
formation control is depicted in Figure 4.3. The leader’s position is transmitted
to the follower through a wireless communication network susceptible to packet
losses and delays. To address packet loss, LSTM prediction is utilized when such
losses occur, as discussed in Chapter 3 and illustrated in Figure 3.5. For delay
compensation, an input shaping filter is designed, as shown in eq. 4.10.
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Figure 4.3: Proposed leader follower formation control

Simulation results of the proposed method using proposed input shaping filter,
are presented in Figure 4.4. The formation control of the robots is successfully
maintained during traversal of a circular trajectory. The oscillations observed in
the separation between the leader and follower, caused by delay as shown in
Figure 4.2, are effectively mitigated by the input shaping filter.

(a) (b)

5 3
—Leader| —Desired Separation
4 —F-1 o5} —Distance from F-1 to leader
—=F-2 —-Distance from F-2 to leader|
3 E
= 5
E 5 =
> 5]
(o}
1 3
0 0.5
1 I ] ] 0 ] ]
-2 0 2 4 0 20 40 60
X (m) Time (sec)

Figure 4.4: Proposed leader follower formation control against delay and packet
loss

Under the replicated scenario, the proposed method achieves lower tracking
error than the backstepping controller of [WZ15], as evaluated in [NDM*21];
shown in Figure 4.5. In Figure 4.5 (a), the trajectories of F1 and F2 do not
complete the circular path followed by the leader. Both followers deviate outward
and never return to the intended orbit. This indicates a loss of formation
during the motion. The separation plot in Figure 4.5 (b) confirms this behavior:
instead of converging to the desired constant distance, the follower—leader
spacing oscillates and drifts away from the desired separation. In contrast, the
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proposed LSTM-augmented controller preserves both the circular trajectory and
the required formation under the same packet-loss and delay rate conditions as
shown in Figure 4.4.

51 m— [ eader 3[ s Desired Separation
at | =Distance from F-1 to leader
2 —-—-Distance from F-2 to leader
3} Z2
= =
= 2 =
F..J
o
> 1t Q1
&
of o
-1 ]
32 -1 0 1 2 3 4 0 9 18 7 36 45
X(m) Time(sec)
(a) (b)

Figure 4.5: Result of [NDM*21] based on [WZ15] for the circular trajectory
(packet loss—20%).

The proposed method achieves a comparable level of performance to the event-
based sliding mode controller shown in 4.6 and developed in [NDM*21]. Ad-
ditionally, the average tracking errors are provided in Table 4.1, allowing for
comparison with the results of event-based sliding mode control [NDM*21] and
back-stepping control [WZ15]. While the proposed LSTM-augmented LQR does
not outperform the event-based sliding-mode controller in all cases, it remains
within the same performance range without requiring a nonlinear control law.
Proposed LSTM-augmented LQR also performs significantly better than the non-
linear time-triggered backstepping approach. The close performance between the
proposed method and the sliding mode controller suggests that learning-based
prediction can effectively compensate for communication-induced uncertainties.
The input shaping filter further contributes to stability by attenuating oscillations
caused by delay, resulting in smoother and more reliable formation tracking.
Overall, the proposed framework achieves strong robustness against packet loss
and delay with considerably lower control effort than the nonlinear controllers
which locates inside control feedback loop.
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Figure 4.6: Result of [NDM*21] for the circular trajectory (packet loss—20%).

Table 4.1: Average tracking error norm of followers considering delay and packet
loss in all methods.

Control Method Avg. tracking Avg. tracking

error F1 error F2
Proposed method 1.39e-2 2.19e-2
Event-based 1.40e-2 1.38e-2

sliding-mode con-

trol [NDM121]

Time-triggered 4.91e-1 4.4e-1
backstepping con-

troller [WZ15]

4.4 Concluding Remarks

This chapter addressed the formation control problem for a network of
non-holonomic differential-drive robots and compared the proposed LSTM-
augmented LQR controller against nonlinear approaches. A concise overview
of the sliding-mode controller developed in [NDM*21] was first presented, fol-
lowed by comparisons of the proposed method with both sliding-mode and
backstepping controllers. However, it is important to note that the results in
[NDM*21] were evaluated under both packet loss and delay conditions. An
input-shaping filter was designed to mitigate the oscillations caused by delay. The
comparison of average tracking error demonstrated that the proposed method
achieved performance comparable to highly nonlinear controllers while main-
taining a simpler and more generalizable structure. This outcome supports the
central hypothesis of this research stated in 1: Can combining LSTM with linear
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control strategies achieve performance comparable to advanced nonlinear
controllers, such as sliding-mode control and backstepping controller, when
dealing with packet loss and communication delays?

For clarity, all comparisons in this chapter are scenario-based, meaning that ex-
perimental conditions reported in [NDM*21, WZ15] were replicated as closely
as possible with the exact scenario details, but a one-to-one controller imple-
mentation was not claimed.

An important aspect highlighted by this study concerns the computational com-
plexity and training effort required for LSTM models compared to traditional
nonlinear controllers such as backstepping or sliding mode control. While LSTM-
based predictors are data-driven and adaptable to disturbances such as packet
loss and delay, their training process can be computationally demanding and
time-consuming, especially when optimizing hyperparameters or handling large
datasets. In this work, training was performed offline, and therefore, compu-
tational effort did not impact the online control performance. For this reason,
detailed benchmarking of training time was not included. However, future work
could systematically evaluate the computational cost and training efficiency to
provide a more quantitative comparison.

Although data-driven models such as LSTM require an offline training phase,
the trained network is lightweight at runtime and does not increase the online
computational load of the controller. The network was trained on multiple
trajectory patterns and evaluated on unseen realizations with different radii and
initial offsets, which confirms that the model learned the underlying temporal
relationships rather than memorizing the data. Since training is only performed
once and offline, its computational cost does not affect deployment. For this
reason, a quantitative analysis of the training time was not included in this work,
but may be investigated in future work.

In contrast, nonlinear controllers such as backstepping and sliding mode control
are model-based and deterministic, offering systematic design once the system
model is well defined. However, their performance strongly depends on accurate
modeling and known parameters, which limits adaptability under unmodeled
dynamics or variable network conditions. The proposed LSTM-augmented
LQR takes a different approach—while the LSTM requires offline training, it
operates entirely outside the real-time control loop and is only invoked to
generate leader-state predictions during packet loss. The control law itself
remains a standard LQR, ensuring that online computational cost is minimal
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and comparable to a conventional linear controller. By contrast, nonlinear
controllers execute complex model-dependent computations within each control
iteration. Therefore, although LSTM-based methods require more training effort,
the proposed architecture achieves a favorable balance between computational
simplicity, robustness, and adaptability under packet loss and delay conditions.

In conclusion, although LSTM-based approaches demand more offline com-
putational resources for training, they offer significant benefits in terms of
adaptability and robustness in communication-impaired environments. The
findings of this chapter demonstrate that integrating learning-based prediction
with linear control provides a practical, scalable, and effective alternative to
complex nonlinear control designs. Future work should focus on quantitatively
analyzing training cost and exploring generalization limits to further validate
these trade-offs.
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Chapter 5

Formation Control of Quadrotors
under Packet Loss

This chapter addresses the formation control problem for quadrotor Unmanned
Aerial Vehicles (UAVs). A decentralized leader—follower approach based on
mixed H,/H,, controller and Proportional Derivative (PD) controllers are devel-
oped in presence of packet loss. Motivation and brief background is explained in
section 5.1. Section 5.2 recapitulates the dynamical model of a quadrotor sys-
tem. Section 5.3 discusses the control problems of a single quadrotor, employing
mixed H,/H,, controller and PD controllers. In section 5.4, we demonstrate
the vulnerability of the system to packet loss and introduce an Long Short-Term
Memory (LSTM) network to counteract its negative impact. Subsequently, In
section 5.5, prediction accuracy of LSTM, Gated Recurrent Units (GRU), and
Memory Consensus Protocol (MCP) are compared. Then, simulations are used
to evaluate the LSTM and MCP performance. Finally, concluding remarks of the
chapter is given in section5.6.

5.1 Motivation

In this chapter, LSTM is developed to control the formation of quadrotor UAVs in
the presence of packet loss. As demonstrated in the chapter 3, LSTM was utilized
to compensate for packet loss while robots maintained their formation, showcas-
ing superior performance compared to alternative methods. Nonetheless, it is
conceivable that these results may be confined to the Automated Guided Vehicles
(AGVs) application, along with the Linear Quadratic Regulator (LQR) controller
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developed therein. Herein, in this chapter, The aim is to broaden the scope of
the problem concerning formation control of robots under packet loss to another
application, namely quadrotors. Additionally, the LQR controller is no longer
employed for trajectory tracking of quadrotor UAVs, and alternative controllers
are used. The objective of this chapter is to demonstrate that our proposed
solution transcends specific applications or controllers. In fact, the hypothesis
of combining a simple controller with a learning method like LSTM to enhance
system performance during uncertainties such as packet loss is not dependent
on a particular system like AGV robots, a two-dimensional space, or a specific
controller like LQR. Through this chapter, we establish our independence from
application, dimensions, and controller; essentially, this method can be adapted
to other applications and is scalable. The challenges in this chapter arise from
the increased complexity of higher-dimensional dynamics in 3D space, where
errors propagate across multiple directions (X, y, z). The additional dimension
introduces state coupling (e.g., vertical movement affecting horizontal dynam-
ics), which is absent in simpler 2D cases. Ensuring formation control in 3D also
involves handling orientation and alignment challenges that are less prominent
in 2D. Packet loss has a greater impact in 3D, as errors can propagate in all direc-
tions, leading to larger deviations in follower trajectories. Another key challenge
is integrating LSTM predictions with various linear controllers to handle the
complex dynamics of quadrotors. This requires designing systems that adapt to
higher-dimensional dynamics, noise, and packet loss simultaneously. Careful
integration is necessary to prevent over-reliance on inaccurate predictions, as
compounded errors in 3D can destabilize the system more quickly. This involves
addressing stability, aligning predictions with control inputs, and fine-tuning the
controllers to ensure robust performance under packet loss.

The following are the major contributions of this chapter:

* Analysis of the impact of packet loss on the decentralized leader—follower
formation control of quadrotor UAVs using mixed H,/H,, controller com-
bined with PD controllers.

* Improving the performance of a mixed H,/H, and PD controllers via
LSTM to deal with packet losses,

* Demonstrating the adaptability of the LSTM prediction approach for
quadrotors, alongside AGVs, highlights the effectiveness of the proposed
method across diverse applications, dimensions, and control systems.
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* Presenting Superior compensation capability of LSTM in scenarios with
30%, 50% and 70% packet loss, outperforming GRU, Linear Interpolation
Predictor (LIP), and MCP.

* Testing performance of LSTM while ransom noise and disturbance happen-
ing in the system during spiral and eight-shape path.

5.2 Mathematical Modeling of Quadrotor UAVs

The quadrotor, a multi-rotor UAV with four rotors, has emerged as a dominant
control system and a benchmark in mechatronics in recent years. Quadrotors has
numerous applications such as rescue operations, aerial photography, mapping,
and monitoring, further increasing its popularity. Controlling UAVs is one of
the challenging problems in control systems engineering since the autonomous
navigation of these vehicles demands an accurate and quick response controller.
Moreover, the mathematical models of UAVs are typically nonlinear, highly sensi-
tive to input variations, and susceptible to environmental factors, compounding
the difficulty of this challenge [EF16].

A quadrotor is a type of multi-rotor helicopter equipped with two pairs of
propellers. This UAV is controlled and maneuvered through variations in the
rotational velocities of its propellers. Consequently, dynamic differential equa-
tions from propellers velocities to quadrotor attitude and quadrotor position are
required to define the dynamic model of a quadrotor. The motion of a quadrotor
aircraft involves six degrees of freedom: Two positions along the x and y; an
altitude along z axes; and three orientations around the x, y, and z axes which
are called 'roll’ (¢), pitch’ (#), and 'yaw’ (¢). The dynamic model of a quadrotor
is defined by six second-order differential equations, outlined as equations 5.1:
[BSO5]

mi = (COb( ) sin

6) cos(¢) + sin(¢) sm(z/)))Ul
0) sin(¢)) — sin(¢) cos(z/))) Uy
mz = —mg + cos(¢) cos(d) Uy

(
(

my = (COb( ) sin

(5.1)
x¢ 9¢J ( ]z) + L U2
1,60 =3¢y (I, — 1)+ LUs
Z’l/} = gb@ (I, — 1))+ LUy
Formation Control 87 Leila Sedghi

Under Packet Loss



5. FORMATION CONTROL OF QUADROTORS
UNDER PACKET LOSS 5.2 Mathematical Modeling of Quadrotor UAVs

The system’s inputs are denoted as U1, U2, U3, U4, obtaining:

Q: + Q)
(5.2)
QF +Q3)

d(—Q3 + Q5 — 02+ QF)

b
b
b

(2 +Q3 + Q5 +Q9)
(—
(—

where (); are rotors angular velocities; I, I,, and I, are inertia around x, y, and
z. m, L, g, b are quadrotor mass, lever length, gravity, trust coefficient, and drag
coefficient respectively. Additional details about modelling of quatrotors can be
found in [BS07, BSO5, DMB06, DOMBO07].

As previously emphasized, the mathematical model of a quadrotor exhibits non-
linear and unstable dynamics, rendering it highly susceptible to environmental
influences. Factors such as measurement noise and external disturbances—such
as wind disturbances in outdoor environments, collisions between cooperative
quadrotors, and collisions with fixed objects in indoor environments—are com-
mon occurrences during flight. Therefore, controlling this robot necessitates the
use of a robust controller capable of both noise suppression and disturbance
rejection. To achieve this objective, a mixed H,/H,, robust trajectory tracking
controller is proposed for controlling the attitude and altitude of the quadrotor
for the simplified model as follows:

mz = —mg + (cos ¢ cosf) Uy
L6 = 04(I, — I,) + LU,
LA = d(I. — 1) + LUs
Ly = ¢8(I, — 1) + LU,

(5.3)

With the system states vector defined as [¢, ¢, 0, 0,1, 1), z, 2], then nonlinear state
space representation of the system is detailed in equation 5.4 [BSO5].

Since the H,/H,, controller is designed using a linear approach, a linear state
space representation is required. In this thesis, the dynamic model of the system
is linearized around the equilibrium point X,, = [0,0,0.0,0. 0,0, 0]" by employ-
ing the Jacobian approach. The calculated linear state space representation of
this system is reported in 5.5.
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X1 =X
: I,—1 L
Xy = Xy Xo( 2 ) —
2 4 6( I +II‘U2
X3 =Xy
: I, —1I, L
X4:X2X6< >+—U3
L Iy (5.4)
X5:X6
: I, — 1 L
Xo = Xo X4 =2 y) =
6 2 4( I, +IzU4
X, = Xy
Xy = g+ (Cole cong) U,
& = Ax(t) + Bu(t), t>0,2(0)=0 (5.5)
where,
0100000 0 [0 0 0 0]
0000O0O0O0O 0 1% 0 0
00010000 00 0 0
00000O0O0O 00 + 0
A= ,B = Ly (5.6)
00000100 00 0 0
00000000 00 0 +
000O0O0O0TO01 00 0 0
0000000 0 - 0 0 0

5.3 Controller Design

As mentioned in section 5.2, UAVs exhibit significant nonlinearities, inherent
coupling, and underactuated dynamics, meaning they possess six degrees of
freedom (required to fully describe the movement of a rigid body in three-
dimensional space) while are controlled by only four inputs (the upward thrust
and three angle torques) [Ngul9]. Furthermore, these systems are subject
to various operational constraints, some of which may be non-convex or non-
holonomic in nature, as highlighted by [NPSL17], being a real challenge to
control.
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The predominant control architecture for quadrotors consists of two control loops
for position and attitude [BSO7]. Quadrotor UAVs face various challenges during
operation, such as environmental disturbances and obstacles, necessitating
robust and efficient control systems for stabilization and improved performance.
Although many control methods yield satisfactory results in ideal conditions,
their effectiveness can vary. Common controllers for quadrotor UAVs include
LQR, Proportional Integral Derivative (PID), H,,, Sliding Mode Controllers
(SMCQ), backstepping, and adaptive control [MMM22].

Our hypothesis suggests that combining linear controllers with deep learning
techniques can improve the performance of UAV control systems under packet
loss. In line with this, a cascaded control structure is adopted in which a mixed
H,/H, controller regulates the attitude and altitude, while a PD controller is
used for the outer-loop position control. PD control is widely used in quadrotor
position regulation [Fas18] because it provides a fast and well-damped response
without introducing the phase lag associated with integral action.

Unlike ground vehicles, a quadrotor already behaves as an integrating system,
since position is obtained by integrating the velocity and thrust generated by the
inner control loops. As a result, steady-state errors are already compensated by
the inner H,/H,, controller, and adding an additional integral term in the outer
loop is unnecessary and may even be detrimental. In practice, a full PID position
controller can lead to integrator windup, oscillations, or loss of robustness during
fast manoeuvres or in the presence of packet loss.

For attitude control, a more robust controller is essential due to the increased
sensitivity of these dynamics to external disturbances and uncertainties. Envi-
ronmental factors like wind or turbulence can quickly destabilize a quadrotor
if not corrected promptly. Additionally, the coupling between roll, pitch, and
yaw means that changes in one axis can affect the others, making it harder to
manage with simpler control methods. Attitude control also requires fast and
accurate responses, as delays in stabilizing the quadrotor can lead to instability.
Furthermore, model uncertainties, sensor noise, and parametric variations are
more likely to impact the attitude dynamics, necessitating a control approach
that can manage these uncertainties effectively. Therefore, robust controllers
like the H,, are used in place of simpler controllers like PD to ensure the system
can handle disturbances while maintaining stability and performance[MMM22].
Altitude (z), roll (¢), pitch (), and yaw (¢) are controlled using a mixed H,/H,
controller, a robust linear static state feedback controller designed using the
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Linear Matrix Inequality (LMI) approach similar to [EF16]. This controller inte-
grates the benefits of two well-known robust control methods: the H, controller,
which is effective against measurement noise and produces a control signal
with low variation, and the H., controller, which is designed to be resilient to
external disturbances and model uncertainties, though it tends to result in higher
variation control signals. By blending these two methods, the mixed H,/H,
controller offers a robust solution that balances the need for robustness against
disturbances and uncertainties while maintaining a smooth control signal.

Additionally, regional pole-placement constraints are applied to the H,/H,
controller to further enhance the time-domain performance of the closed-loop
system. These constraints help improve metrics like settling time, maximum
overshoot, and the maximum frequency response of the system, ensuring a
more desirable transient behavior [CG96]. This hybrid control design not only
addresses the quadrotor’s stabilization needs but also achieves a high degree
of robustness to real-world uncertainties, fulfilling the hypothesis of this thesis
regarding the improvement of linear controllers for UAV systems. Furthermore,
regional pole-placement constraints is added to the H,/H, controller to enhance
the time domain response of the close-loop system such as settling time, maxi-
mum over-shoot, and maximum frequency of the close-loop response [CG96].
This ensures a more refined transient response and overall stability of the UAV
during flight operations.

5.3.1 Mixed H,/H,, Controller

The following section builds upon the design proposed in [EF16] for the attitude
control of a single quadrotor following a reference trajectory, and therefore,
no novelty is claimed for this aspect. Our contribution lies in incorporating
an additional controller, as detailed in section 5.3.3, to achieve full control of
the quadrotor since [EF16] only provides partial control—and subsequently
extending this approach to multiple robots while analyzing the impact of packet
loss.

The robust controller design based on the LMI approach can be expressed in
the standard form as shown in 5.7, where X € R" is the state vector, U € R™ is
the control input, and W € R" is the disturbance vector representing external
disturbances effects. The matrices D,; represent direct feed-through terms
between the control, disturbance, and performance channels.
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X = AX + BiW + ByU,
Zoo = C1.X + DWW + Dy5U, (5.7)
Zy = Co X + Doy W + DoylU.

The performance outputs are defined as:

* 7. the signal constrained by the H,, controller to minimize the effect of
external disturbances and ensure robustness.

* Z,: the signal constrained by the H, controller to minimize the influence
of measurement noise and ensure smoother transient behavior.

The state feedback law is defined as U = K X, where K is the controller gain
matrix. Substituting this into equation 5.7 yields the closed-loop representation:

X = (A+ B:K)X + BiW,
Zo = (Cy + D1 K)X + Dy W, (5.8)
Z2 — (CQ + DQQK)X + DQ]VV.

Theorem 1 Matrix (A + B,K) in equation 5.8 will be Hurwitz (System 5.8 will
be stable) and infinity-norm of the transfer function from disturbance input W
to Z,, will be less than ~, if and only if matrix inequalities refeq:Theorem 1 have
a feasible solution. [BEGFB94, CG96].

(A+ ByK)P, + Py(A+ BQK)T By Pu(Cy+ Dng)T
BT —1 DT
! 1 (5.9)
(01 + DIQK)Pcl Dy —“/2]
P, = PCCZF >0

Note that in equation 5.9 P, is a symmetric matrix, / is the identity matrix with
appropriate size, and ~ is guaranteed H,, performance. Note that < 0 denotes
negative definite and > 0 denotes positive definite. The proof of Theorem 1 is
well-documented in the foundational literature on Linear Matrix Inequalities in
System and Control Theory [BEGFB94], which provides essential insights into
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the feasibility of the matrix inequalities outlined in this thesis.

Theorem 2 Matrix (A + B, K) in equation 5.8 will be Hurwitz (System 5.8 will
be stable) and 2-norm of the transfer function from disturbance input W to 7,
will be less than v, if and only if the matrix inequalities 5.10 have a feasible
solution. [BEGFB94, CG96].

(A4 BoK)Py + Py(A+ BoK)T By <0
BT -1
Q (02 + DQQKPCI) -0 (5_10)
Py(Cy + Dy K)T Py
Trace(Q) < v?
Py=P] >0

With guaranteed H, performance v > 0, the theoretical foundation of Theorem
2 follows standard results in LMI theory, as detailed by Boyd et al. [BEGFB94]
and Chilali and Gahinet [CG96]. These works provide the mathematical basis
for evaluating the feasibility of the matrix inequalities used to ensure the H,
performance criterion within this framework.

Theorem 3. Consider domain D in complex numbers plane as equation 5.11
[CG96].

D={2€C:L+Mz+M"z2<0} (5.11)

Where L and M are defined in equations 5.12 and 5.13, respectively.

L=L"={N\}h<ijem (5.12)

M = {1 }1<ij<m (5.13)

Poles of the system 5.8 (eigenvalues of matrix (A + B, K') will be located on D,
if and only if matrix inequalities 5.14 have a feasible solution.
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5.14
Py=Pl >0 (>-14)

{(Aijpd + 115 (A + BoK) Py + pij Py + Pa(A + BoK) ul)1<ijem < 0
Static state feedback controller K is determined by combining the H; and H,
controllers, aiming to minimize the H, performance v while keeping the H,
performance below a specified parameter ~. This approach also fulfills regional
pole-placement constraints. The minimization problem is addressed using the
MATLAB LMI Toolbox [Gah94], in this thesis. It is important to note that
equations 5.9, 5.10, and 5.14 are nonlinear due to the presence of the term
K P.;. However, this issue can be addressed by introducing a variable change
Y £ K P,, which allows for a reformulation of the system equations that may
simplify the analysis and enable the application of linear control techniques
[EF16]. The proof of Theorem 3 is documented in [CG96].

5.3.2 Mixed H,/H,, Tracking Controller

The controller introduced in 5.3.1 represents the standard form of an H,/H,
controller, functioning as a regulator controller to regulate system states to the
origin. However, as the focus of this thesis is on tracking controller design, this
controller is enhanced into a tracking controller using the method proposed by
[Sed03]. The structure of this tracking controller is depicted in Figure 5.1.

R+ q + u Y
K> Plant

A X

Y

K,

Figure 5.1: Quadrotor tracking controller structure

Theorem 4. (Developing a tracking controller using regulator controller design
methods) Let’s consider a dynamic system model with the following linear
state-space representation:
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X =AX+BU
(5.15)
Y =0X
And definition of integral state ¢ (virtual state) as follows:
g=R-Y=R-CX (5.16)

Where, R represents the system’s reference input. The combination of equations
5.15 and 5.16 yields the system 5.20, referred to as the augmented system.

(fz(Ac A1 W S A

Lets consider a static state feedback controller as 5.18.

U= KuXoa = (~K; K) (j) (5.18)

If the static controller K, is designed by regulator controller design approaches,
outputs of the system 5.15 tend to reference inputs. (see Figure 5.1)

Therefore, the presented mixed H,/H,, regulator controller in section (5.3.1)
can be improved to a tracking controller by using Theorem 4.

5.3.3 Proposed Quadrotor Controller

The proposed control scheme for the entire quadrotor system is subsequently
divided into a position controller for x and y; and an altitude and attitude
controller for z, 'roll’ (¢), 'pitch’ (#), and 'yaw’ (¢)), as illustrated in Figure 5.2.

Position control in diagram 5.2 are designed based on two PD controllers for x
and y as per equation 5.19.
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Figure 5.2: Quadrotor control scheme

Uy N
Uy ©
Us : System
v,
(5.19)

(cos ¢ sin @ sin1) — sin ¢ cos d))

Altitude and attitude control is based on mixed H,/H,, tracking controller
developed in subsections 5.3.1 and 5.3.2 which is designed based on [EF16]. As
previously discussed, in order to achieve a mixed H,/H,, tracking controller, a
mixed H,/H,, regulator controller is designed for the system 5.20. However, this
approach requires the system model 5.7. Thus, the system 5.20 is represented in
terms of the system 5.7 as defined below.

with,

Xog = AX,q+ ByW + BsU

Zoo == ClXad + D11VV + D12U

Z2 = CQXad + DQQU
Y =(C 0) Xaa

(5.20)

Xoa = [¢7¢767é7¢7¢72727/Aedn/.e@:/.&b?/.ez],r
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Where, A and B are parameters of equation 5.5; d is disturbance, n denotes
measurement noise, and e signifies the error signal.

The proposed region for regional pole-placement is defined as the intersection
of three specific domains, each contributing to the stability and performance
of the closed-loop system. First, a disk centered at the origin with a radius of
60 ensures that the poles remain relatively close to the origin. This proximity
is crucial for maintaining a desirable dynamic response, as poles that are too
far from the origin can lead to slower response times and potential instability.
Second, inside a conic shape centered at the origin with an angle of § = £ defines
a specific angular region where the poles can reside. This angular constraint not
only limits the placement of the poles but also enhances the damping charac-
teristics of the system, contributing to improved transient performance. Finally;,
the condition that the poles must lie on the left side of the line Re(s) = —1
guarantees that all poles possess a negative real part, a necessary condition for
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the stability of the closed-loop system. By intersecting these three domains, the
defined region effectively ensures that the poles are positioned in a way that bal-
ances fast response times, adequate damping, and overall system stability. This
careful selection of regions facilitates robust control under varying operational
conditions. This region is depicted in Figure 5.3.
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Figure 5.3: LMI Region[SF16]

The static state feedback controller denoted as K,; and presented in 5.18 is
determined by minimizing the H, performance while ensuring that the H,
is less than 0.25 and that the closed-loop system poles lie within the region
depicted in Figure 3. The resulting controller is expressed in equation 5.21.

-36.3 —05 —-36.3 —0.5 —43.2 —0.7 —4925 -26.8 556.6 556.6 619.5 2765.5

. —-495 -18 -82 -0.1 -91 -0.1 -283 —0.7 380.8 115.6 124.3 249.6
Ku=(-K IK)= ‘ . . .
-82 —-01 —-495 —-18 —-91 —-0.1 —-283 —0.7 1156 380.8 124.3 249.6
-13.8 —-02 —-138 —-02 =875 —33 -=50.0 —1.3 192.7 192.7 6574 437.7
(5.21)
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5.4 Formation Control of Quadrotors Under Packet

Loss

In this section, the formation controller performance is evaluated under various
packet loss conditions. Following that, the application of an LSTM model is
discussed in order to predict the leader’s position in instances of packet loss,
intended for utilization by the followers.

5.4.1 Impacts of packet loss on formation control

Similar to chapter 3, quadrotor control problem is extended to the formation
problem of multiple quadrotor robots, while taking communication intervals and
packet loss into account. The leader follower approach is considered here and
the leader’s position is communicated to all followers every 50ms. To simulate
and compensate packet loss, a memory is considered in the follower robot that
stores the most recent data received during packet loss as explained in chapter 2
as MCP. As a result, when a packet is lost, the system applies the most recently
received data. There is no learning used here and we just analyze the impact of
packet loss on the follower using MCP.

The instantaneous position error of follower is computed as the Euclidean
distance between its actual position (Zour, Your, 2our) and the desired reference
POSItion (Tref, Yref, 2ref), as defined in equation 5.22 and as shown in Figure 5.4 .

2 2

Efollower(t) = \/(Iref(t) - xout(t))Q + (yref(t) - yout(t)> + (Zref(t) - Zout(t))

(5.22)

This metric represents the deviation of the follower from its target position in
three-dimensional space and provides a direct measure of formation accuracy at
each time instant.

Zoom around the worst case in Figure 5.4 (b), markers show the peak error time
and value. The effects of packet loss are depicted in Figure 5.4, which illustrates
how packet loss results in an increase in inaccuracy of around 6 cm when packet
loss is 50% at time of 32.775 which is highlighted in Figure 5.4 (b) as a max
error during formation control using MCP method.
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Figure 5.4: Effect of packet loss (a) Error of follower ; (b) zoomed view of
follower error

5.4.2 Long Short Term Memory to Cope with Packet Loss and
Proposed Algorithm

In this section, LSTM model is combined with the original control (Mixed H,H,
combined with PD controllers) to predict the position of the leader when packet
loss occurs, similar to chapter 3. The LSTM model can be used to compensate
for network uncertainties in any existing linear or simple controller. LSTM is a
type of recurrent network that reuses previously stored data and dependencies.
As we are attempting to predict the leader’s trajectory, which is a time-based
order sequence, this problem fits within the LSTM framework.

In this thesis, follower robots maintain formation by relying on the leader’s
transmitted position. When packet loss occurs, the followers temporarily lose
access to the leader’s true position; therefore, an LSTM network—trained on the
leader’s past trajectory—is used to predict the missing position values. Under
normal communication, the network states are updated using the actual leader
data, whereas during packet loss, the most recent LSTM prediction is applied
instead. The overall flow of this prediction-based compensation process is
illustrated in Figure 3.5 in subsection 3.4.2.3.
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5.5 Performance Evaluation

This section assesses the effectiveness of various prediction schemes, including
LSTM and GRU. Additionally, the performance of the leader-follower formation
control system is examined under different packet loss scenarios using these
prediction methods. All evaluations are conducted through MATLAB/SIMULINK
simulations.

The LSTM architecture employed for the quadrotor system is identical to that
described in section 3.4.2.1 for the AGV platform. It follows a single-layer
sequence-to-one regression design consisting of an input layer, an LSTM layer,
a fully connected layer, and a regression output layer. Three independent
LSTM networks are again trained to predict the leader’s x, y, and ~ coordinates,
respectively, using the previous ten samples of each variable.

Although the same network structure is used, the dataset is specific to the
quadrotor simulations. It was generated from quadrotor leader trajectories
under perfect communication conditions using the mixed H,/H,, combined with
PD controllers. Similar to the AGV case, the trajectories include both circular
and eight-shaped paths to reflect the quadrotor’s 3D motion characteristics. The
training, validation, and testing splits follow the same proportions as in the
AGV dataset. A total of eight trajectories were generated—four spiral and four
figure-eight paths. Among these, five trajectories were used for training, one for
validation, and two for testing. For each trajectory, the radius, center position,
and flight height were randomly chosen within predefined bounds to introduce
variability and prevent the network from overfitting to specific motion patterns.
The validation set was used to fine-tune hyperparameters, while the unseen test
trajectories—generated with different geometric parameters—were employed
to evaluate the generalization performance of the model under new trajectory
conditions and under noise and disturbances.

The parameters of the LSTM and GRU model were carefully chosen to balance
prediction accuracy, computational efficiency, and processing time. The number
of hidden units, batch size, and learning rate are optimized using Bayesian
optimization with MATLAB’s Experiment Manager tool within the following
search ranges: hidden units € [7,8,9,...,30], learning rate € [0.001,0.01,0.1],
batch size € {8, 16, 32, 64, 128, 256}. The Adam optimizer was used in all training
cases due to its stable convergence and good performance on nonlinear time-
series data. The learning rate was adaptively reduced using a decay factor
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of 0.2 whenever the validation loss failed to improve. To prevent increased
computational complexity and overfitting, all models are trained for a maximum
of 400 epochs for LSTM and GRU after preliminary testing to ensure convergence.
As an example, the part of results provided by the Bayesian optimization process
are illustrated in Figure 5.5. This test represents one of the trials that achieved
the desired performance for predicting position x. Additional experiments were
conducted to confirm these results. Row 10, highlighted in yellow in Figure 5.5 ,
represents the best-performing configuration. LSTM and GRU hyperparameters
final values used for each output component (z, y, and z) are summarized in
Table 5.1 and 5.2, respectively. It achieves the lowest validation RMSE and
validation loss, making it the optimal choice for the experiments.

Table 5.1: LSTM model setting.

LSTM X y y/
Epox 400 400 400
Hidden nodes 21 16 29
Batch size 8 256 256
Learning rate 0.01 0.1 0.1
Learning rate decay factor 0.2 0.2 0.2

Table 5.2: GRU model setting.

LSTM X y y/
Epox 400 400 400
Hidden nodes 30 10 28
Batch size 256 8 128
Learning rate 0.1 0.1 0.1
Learning rate decay factor 0.2 0.2 0.2

In these scenarios, the follower robot was expected to maintain a predefined
distance from the leader. Similar to chapter 3, the accuracy of the LSTM location
prediction was assessed using the Root Mean Square Error (RMSE) and Mean
Absolute Error (MAE), as defined in Equations (3.25) and (3.26). RMSE and
MAE serve as a commonly employed metric for quantifying the disparity between
predicted and observed values.
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Figure 5.5: Bayesian optimization results for position x

5.5.1 Prediction Accuracy for LSTM and GRU

To assess the prediction accuracy of LSTM and GRUs, the error between the actual
and predicted positions of the leader going through a spiral path is depicted
in Figure 5.6 for x, y, and z. The results illustrate that LSTM exhibits superior
prediction accuracy compared to GRU, particularly z direction. Additionally,
Figure 5.7 presents the stable convergence of validation and training loss for
LSTM that confirms the chosen LSTM configuration generalizes well to unseen
trajectories without overfitting, making it suitable for real-time implementation
in multi-quadrotor systems.

The RMSE and MAE between the actual and predicted values is calculated and
summarized in Table 5.3. Notably, in scenarios with both 30% and 50% packet
loss, LSTM consistently outperforms GRU, LIP and MCP, with MCP exhibiting
the poorest performance. LIP estimates missing data points by fitting a linear
trend to the nine most recent successfully received samples and extrapolating
one step ahead.

As mentioned before, LSTM and GRU are both types of recurrent neural network
(RNN) layers designed to handle sequential data. GRU is a simplified version
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of LSTMs, use a single “update gate” which makes it more straightforward to
train and run. As it is shown in Table 5.3, LSTM predictions exhibit significantly
higher accuracy compared to GRU. Consequently, for subsequent simulations,
only LSTM is employed to maintain clarity and avoid overcrowding the figures.
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Figure 5.6: Prediction errors. (a) Error for x; (b) Error for y; (c) Error for z
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Figure 5.7: Training and validation loss. (a) Loss for x; (b) Loss for y; (c) Loss
for z

The results of RMSE and MAE demonstrate that the LSTM predictor achieves ap-
proximately 70-80% reduction in prediction error compared to the MCP baseline
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Table 5.3: Prediction error under packet loss

Metric Loss Method X(m) Y(m) Z (m)

LSTM  2.76e-3 4.73e-3 6.92e-4
30% GRU 3.50e-3 5.38e-3 1.20e-3
LIP 5.25e-3 4.97e-3 1.15e-3

RMSE MCP 1.08e-2 1.02e-2 2.30e-3
LSTM  4.80e-3 7.58e-3 1.14e-3

50% GRU 6.50e-3 8.20e-3 2.38e-3

LIP 1.44e-2 1.28e-2 3.03e-3

MCP 2.02e-2 1.8%e-2 4.44e-3

LSTM  1.20e-3 1.49e-3 3.14e-4

30% GRU 1.54e-3 2.27e-3 4.32e-4

MAE LIP 2.04e-3 1.84e-3 4.69¢-4

MCP 4.90e-3 4.48e-3 1.15e-3

LSTM  2.52e-3 3.21e-3 5.82e-4
50% GRU 3.38e-3 4.15e-3 1.12e-3
LIP 6.13e-3 5.97e-3 1.45e3
MCP 1.04e-2 1.0le-2 2.51e-3

and around 40-50% improvement over LIP corresponding to sub-centimeter accu-
racy under both 30% and 50% packet loss. This improvement ensures smoother
trajectory tracking, tighter inter-vehicle coordination, and more reliable payload
balance during cooperative operations.

5.5.2 Simulation Results

As previously highlighted, the performance of the proposed controller was
validated by simulating both the controller and the nonlinear quadrotor model
5.4. Each quadrotor’s controller, as illustrated in Figure 5.2, was simulated
using MATLAB/SIMULINK. Since the presented controller is designed to be
robust, the simulations were conducted in the presence of external disturbance
and measurement noise inputs. Therefore, the external disturbance represents
factors such as wind or impact hits to the quadrotor, and 0.3 m/s? increases
in quadrotor accelerations (i and §) occurring at the time 30 seconds to 30.5
seconds. Additionally, the measurement noise, characterized as white noise, was
incorporated into the measurements of (i, 7, 2, ¢, 6, v). It is worth noting that
this noise signal was selected to reflect the reality of common IMU quadrotor

Sensor.

Formation Control 105 Leila Sedghi
Under Packet Loss



5. FORMATION CONTROL OF QUADROTORS
UNDER PACKET LOSS 5.5 Performance Evaluation

After simulating each quadrotor, the performance of formation control involving
three quadrotors, with one designated as the leader is discussed. The followers
and the leader aimed to maintain their formation while traversing a predefined
path. At regular communication intervals, the leader’s position was communi-
cated to all followers via wireless broadcast communication. In instances of
packet loss, LSTM was employed to predict the leader’s position for the fol-
lowers. The simulations were conducted with a sampling time of 5 ms and a
communication interval of 50 ms. The leader positions shared with the followers
were susceptible to packet loss, which is modeled using a Bernoulli distribution
with a loss rate of 30%, 50%, and 70%. The impact of packet loss on formation
control is more pronounced when the trajectory followed is complex or curvy
path. Therefore, leader and the followers are tested by going through spiral and
eight shape path.

5.5.2.1 Spiral Path

In this test leader and followers going through a spiral trajectory as shown in
Figure 5.8. The leader’s initial position is (0, 0, 0), while the followers start from

- - Leader
—Follower 1
Follower 2

2 -4 - Y (m)
Figure 5.8: 3D Trajectory of the quadrotors during formation control

(1, 3, 0) and (-1, -3, 0), respectively. These initial positions are intentionally
different from the desired formation configuration to evaluate the system’s ability
to converge to the intended formation. The desired relative formation distances
between the leader and the followers are defined as (1, 2, 0) for Follower 1 and
(-1, -2, 0) for Follower 2. This setup ensures that the followers begin with a
spatial offset and must adjust their trajectories to achieve the target formation
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under communication uncertainties. This configuration places both followers
approximately 1 m behind their desired formation positions along the y-axis.

Figures 5.9 and 5.10 show the distance of first and second follower from the
leader under 30% packet loss.
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Figure 5.9: Distance of the first follower from the leader for the spiral trajectory
(packet loss—30%) (a) Distance of F1 from the leader ; (b) zoomed view distance
of F1 from the leader
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Figure 5.10: Distance of the second follower from the leader for the spiral
trajectory (packet loss—30%) (a) Distance of F2 from the leader ; (b) zoomed
view distance of F2 from the leader

In both cases, the initial offset is corrected within the first 4-6 seconds, and
the desired formation distance is well maintained thereafter. The LSTM-based
predictor closely matches the no-loss performance, whereas MCP and LIP exhibit
slightly larger fluctuations which has shown in the zoomed view in Figures 5.9
(b) and 5.10 (b). Moreover, Figures 5.9, and 5.10 demonstrate the capability
of the proposed robust controller to effectively track the complex spiral-like
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trajectory, even in the presence of measurement noise and external disturbances.
In Figures 5.9 and 5.10, the external disturbance occurring at the time 30s is
promptly compensated.

The spiral trajectory scenario is repeated with a 50% packet loss. The distance
for the first and second followers from the leader are depicted in Figure 5.11
and Figure 5.12, respectively.
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Figure 5.11: Distance of the first follower from the leader for the spiral trajectory
(packet loss—50%) (a) Distance of F1 from the leader ; (b) zoomed view distance
of F1 from the leader
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Figure 5.12: Distance of the second follower from the leader for the spiral
trajectory (packet loss—50%) (a) Distance of F2 from the leader ; (b) zoomed
view distance of F2 from the leader

MCP and LIP demonstrate noticeable performance deterioration, particularly
during dynamic spiral segments and in response to disturbances. By contrast,
LSTM maintains smooth tracking and preserves both the transient and steady-
state behavior observed in the no-loss scenario.
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Since LSTM has shown remarkable performance even in the presence of 30%
and 50% packet loss, we further evaluate its capabilities by repeating the spiral
trajectory scenario with 70% packet loss. As packet loss increases to 70%,
LIP performance substantially degrades and MCP suffers further increases in
deviation from the leader as shown in Figures 5.13 and 5.14.
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Figure 5.13: Distance of the first follower from the leader for the spiral trajectory
(packet loss—70%) (a) Distance of F1 from the leader ; (b) zoomed view distance
of F1 from the leader
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Figure 5.14: Distance of the second follower from the leader for the spiral
trajectory (packet loss—70%) (a) Distance of F2 from the leader ; (b) zoomed
view distance of F2 from the leader

Importantly, the LSTM predictor remains stable and close to the no-loss case,
even though occasional spikes may occur in highly curved trajectory sections.
This robustness can be attributed to the LSTM’s capability to infer short-term
temporal structure in the leader motion, effectively bridging multiple consecutive

missing packets.
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As Tables 5.4 and 5.5 show, MCP exhibits the poorest performance across all
packet-loss levels. LIP performs better than MCP but consistently worse than
LSTM. In absolute terms, the LSTM predictor keeps the RMSE and MAE close
to no-loss level for 30-50% loss (differences less than 0.5 cm), and delivers a
meaningful reduction at 70% loss. LSTM advantage becomes more pronounced
as packet loss increases, especially when compared to MCP, where errors can
rise by up to 30-40%. Even against LIP, LSTM retains a consistent margin of
improvement of 8-18% across all axes and metrics base on packet loss rate.

Table 5.4: RMSE of follower error for the spiral path.

Packet Loss Prediction Method RMSE-x (m) RMSE-y (m) RMSE-z (m)
0% 1.05x 107! 142 x 10! 1.39 x 1072
LSTM 1.06 x 107! 1.421 x 100! 1.40 x 102

30% LIP 1.07 x 100! 1431 x 10! 1.43 x 102
MCP 1.08 x 107! 1.433 x 107! 1.51 x 1072

LSTM 1.07 x 100! 1.423 x 107! 1.41 x 102

50% LIP 1.08 x 107! 1.435x 10! 1.52 x 102
MCP 1.11 x 107 144 x 107!  1.65 x 1072

LSTM 1.09 x 100! 143 x 101 1.44 x 10?2

70% LIP 1.22 x 107! 1.44 x 1071  1.87 x 102
MCP 1.37 x 107! 1.46 x 1071 1.97 x 102

Table 5.5: MAE of follower error for the spiral path.

Packet Loss Prediction Method RMSE-x (m) RMSE-y (m) RMSE-z (m)
0% 9.24 x 1072 998 x 1072 1.35 x 102
LSTM 9.26 x 1072 1.01 x 10! 1.38 x 102

30% LIP 9.40 x 1072 1.07 x 107! 1.43 x 102
MCP 9.56 x 1072 1.11 x 100! 1.50 x 1072

LSTM 927 x 1072 1.02x 1071 1.39 x 102

50% LIP 9.59 x 1072 1.16 x 107} 1.52 x 1072
MCP 987 x 1072 1.22x 10! 1.63 x 102

LSTM 936 x 1072 1.05x 1071 14x 102

70% LIP 1.10 x 107!  1.28 x 107! 1.80 x 102
MCP 1.25 x 10! 146 x 107! 2.03 x 1072

5.5.2.2 Eight Shape Path

In this test leader and followers going through an eight-shape trajectory as shown
in Figure 5.15. The leader’s initial position is (0, 0, 0), while the followers start
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from (1, 5, 0) and (-1, -5, 0), respectively. Similar to spiral scenario, the followers
use either the LSTM-based predictor, LIP, and MCP to estimate the missing leader

position.

- - Leader
—Follower 1
Follower 2

Figure 5.15: 3D Trajectory of the quadrotors during eight shape formation
control

Figures 5.16 and 5.17 depict the distance of each follower from the leader under
30% packet loss.
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Figure 5.16: Distance of the first follower from the leader for the eight shape
trajectory (packet loss—30%)

All three prediction methods produce trajectories that remain close to the no-loss
case. The LSTM-based prediction is the closest to the ideal separation, whereas
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Figure 5.17: Distance of the second follower from the leader for the eight shape
trajectory (packet loss—30%)

LIP and MCP introduce slightly larger oscillations. However, at this loss level
the differences among the methods are small, confirming that the formation
controller maintains satisfactory tracking.

When the packet loss increases to 50%, the influence of the prediction strategy
becomes more evident (Figures 5.18 and 5.19).
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Figure 5.18: Distance of the first follower from the leader for the eight shape
trajectory (packet loss—50%)

The LSTM-based predictor maintains trajectories close to the no-loss reference,
whereas MCP begins to deviate more noticeably, especially near turning points of
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Figure 5.19: Distance of the second follower from the leader for the eight shape
trajectory (packet loss—50%)

the figure-eight where state changes are faster and prediction errors accumulate.

The most challenging case occurs at 70% packet loss (Figures 5.20 and 5.21).
Although all methods exhibit larger deviations than in the previous scenarios,
the degradation is significantly different across predictors. LSTM maintains
formation tracking with only a moderate increase in error, whereas both LIP and
MCP show clear drift from the ideal separation line, particularly during periods
of rapid curvature change.
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Figure 5.20: Distance of the first follower from the leader for the eight shape
trajectory (packet loss—70%)

Overall, across all packet loss levels, the LSTM-based prediction consistently
maintains the smallest deviation from the ideal formation, remaining close to
the 0% loss baseline even under 70% packet loss. At low loss rates (30%),
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Figure 5.21: Distance of the second follower from the leader for the eight shape
trajectory (packet loss—70%)

all methods perform comparably, but as packet loss increases, the gap widens:
LSTM offers moderate improvement at 50% loss, and a substantial advantage at
70% loss, where both LIP and MCP exhibit clear degradation. The improvement
is most pronounced along the = and y axes, where motion is more dynamic,
whereas the z-axis error remains small for all methods. These results highlight
that the recurrent structure of LSTM enables effective prediction of the leader’s
motion trend, allowing the controller to preserve formation accuracy even when
more than two-thirds of the communication packets are lost. Over the eight-
shape trajectory, LSTM reduces the overall tracking error by roughly 10-15%
compared to LIP and 15-25% compared to MCP, with the largest gains observed
at high packet-loss levels (70%).

Table 5.6: RMSE of follower error for the eight shape path.

Packet Loss Prediction Method RMSE-x (m) RMSE-y (m) RMSE-z (m)
0% 3.32x 100! 6.38x 1071 1.35 x 102
LSTM 3.35x 107! 6.42 x 107! 1.38 x 1072

30% LIP 3.53x 107! 6.46 x 107! 1.42 x 1072
MCP 356 x 10! 6.53x10°! 1.51 x 102

LSTM 3.42 x 1071 643 x 107! 1.39 x 1072

50% LIP 3.74 x 1071 6.64 x 10! 1.53 x 1072
MCP 3.87 x 107! 6.89 x 107! 1.69 x 1072

LSTM 3.50 x 107! 6.45 x 1071  1.41 x 102

70% LIP 4.65x 1071 7.63x10°! 1.95x 10?2
MCP 498 x 1071 8.18 x 107! 2.16 x 1072
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Table 5.7: MAE of follower error for the eight shape path.

Packet Loss Prediction Method MAE-x (m) MAE-y (m) MAE-z (m)

0% - 2.98 x 107! 5.70 x 107! 1.36 x 1072
LSTM 3.02 x 107! 572 x 1071 1.37 x 1072
30% LIP 3.15 x 1001 5.80 x 107! 1.42 x 1072
MCP 3.16 x 1001 587 x 107! 1.49 x 1072
LSTM 3.06 x 100! 573 x 10! 1.39 x 102
50% LIP 3.34 x 100! 597 x 107! 1.50 x 1072
MCP 3.44 x 1071 6.18 x 10! 1.63 x 1072
LSTM 3.11 x 107! 578 x 107! 1.43 x 102
70% LIP 411 x 1071 6.79 x 1071 1.77 x 102
MCP 437 x10! 723 x10°' 1.94 x 102

5.6 Concluding Remarks

This chapter addressed the problem of formation control for a network of quadro-
tor UAVs operating over an unreliable wireless network, in which communication
packets between agents may be dropped. The proposed solution combined tradi-
tional linear controllers with an LSTM-based predictor in order to mitigate the
negative effect of packet loss on formation tracking.

The quadrotor dynamics were modelled and linearised, and a mixed Hy/H,
controller was used for attitude and altitude regulation, with an additional PD
layer for positional control. This architecture was then extended to the multi-
agent case, where position measurements from the leader were communicated
to all followers at a fixed communication interval. In the presence of packet loss,
basic strategies such as MCP and LIP were implemented and used as baselines.

Packet loss was found to induce tracking errors up to 6 cm for typical formation
distances in the considered scenarios. To improve robustness, an LSTM network
was introduced to replace missing leader position samples during communication
dropouts. The LSTM and GRU were trained and tuned using Bayesian optimi-
sation in order to balance accuracy and computational cost. The final model
required only past leader positions as input, making it suitable for real-time
onboard use.

Simulation results for two representative 3D leader trajectories—a spiral path
and a figure-eight path—demonstrated that the proposed LSTM-based predictor
consistently outperforms both MCP and LIP across packet loss levels of 30%,
50%, and 70%. While the average tracking improvements delivered by the LSTM

Formation Control 115 Leila Sedghi
Under Packet Loss



5. FORMATION CONTROL OF QUADROTORS
UNDER PACKET LOSS 5.6 Concluding Remarks

predictor may appear modest at low packet-loss levels (on the order of 10-15%
over LIP and MCP), its contribution becomes increasingly critical as network
reliability degrades. Under severe packet loss (70%), LSTM reduces formation-
tracking errors by up to 28% (relative to LIP) and 35% (relative to MCP), while
also suppressing peak deviations that can destabilize the entire formation. Im-
portantly, this robustness is achieved without increasing communication frequency
or modifying the baseline controller, demonstrating the scalability and practi-
cal utility of learning-based compensation in resource-constrained networked
robotics.

These results address our hypothesis stated in 1, namely: Can this solution
be extended to other applications and controllers? For example, could
combining LSTM with linear controllers like H,/H,, and PD improve the
performance of formation control in quadrotors, which operate in three
dimensions, under packet loss? Notably, the same predictor architecture
previously applied to the AGV system (with an LQR controller) in chapter 3
was effective here when combined with an H,/H,, and PD control structure
for quadrotors. The independence of the predictor from the specific system
and control approach highlights its versatility and potential for reuse in other
cooperative robotic systems.

Although uncertainty quantification was not pursued in this work—consistent
with common practice in UAV formation control—uncertainty-aware predic-
tion, incorporating such metrics, and investigating the impact of uncertainty
propagation through the control loop, are promising avenues for future research.

In summary, combining linear controllers with data-driven LSTM prediction
results in a robust formation control strategy that scales gracefully under packet
loss and is adaptable across platforms and control architectures. The method
enhances robustness without requiring increased communication frequency,
offering potential benefits in bandwidth-limited or congested wireless environ-
ments.
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Chapter 6

Conclusion and Future Work

6.1 Thesis Summary and Contributions

This thesis has addressed the formation control problem for multi-agent sys-
tems, specifically focusing on non-holonomic differential drive Autonomous
Ground Vehicles (AGVs) and quadrotor Unmanned Aerial Vehicles (UAVSs) oper-
ating under challenging communication conditions, particularly packet loss. By
combining Long Short-Term Memory (LSTM) networks with traditional control
techniques, we demonstrated significant improvements in system performance
and robustness.

The integration of deep learning with established control methods has shown
promising results, especially in scenarios where communication disruptions can
adversely affect the performance of traditional controllers. By training LSTM
models to predict the positions of agents during packet loss, we demonstrated
that it is possible to significantly reduce the impact of packet loss on system per-
formance and enhancing overall system reliability. The following text summaries
the key contributions of this doctoral thesis.

1. Analyzing Impact of Packet Loss on Leader-Follower Formation Con-
trol in Multi-Robot Systems: This thesis investigates how packet loss in
wireless communication affects leader—follower formation control in multi-
robot systems, focusing on AGVs and quadrotor UAVs. Both the leader and
followers are controlled using their respective motion controllers; however,
only the followers depend on the leader’s broadcasted position to maintain
formation. For AGVs, a Linear Quadratic Regulator (LQR) was used for
trajectory tracking and formation maintenance, whereas for quadrotors a
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mixed H,/H,, controller (attitude/altitude) combined with a PD controller
(position) was implemented. These controllers remain active regardless of
packet loss; what is affected is the information available to the follower
about the leader’s position. Packet loss, modeled using a Bernoulli distribu-
tion, was applied to the communication channel transmitting the leader’s
position to the followers. During packet loss, the followers cannot update
the formation reference and must rely on a compensation method. A base-
line strategy, Memory Consensus Protocol (MCP), was first implemented,
where the follower simply holds the last received leader position until new
data arrives. Simulation results showed that MCP leads to a formation
error increase of approximately 20 cm for AGVs and 6 cm for drones un-
der realistic packet loss conditions. These findings confirmed that even
with stable motion controllers, communication loss degrades formation
accuracy, motivating the development of more advanced prediction-based
solutions like LSTM.

2. Innovative Integration of LSTM with Linear Controllers to Compensate
Packet Loss for Formation Control: In practical multi-robot and industrial
systems, linear controllers such as LQR, PD, and mixed H,/H,, remain the
dominant choice due to their simplicity, reliability, and well-established
tuning methods. Instead of replacing these controllers with more complex
nonlinear or adaptive alternatives, this work introduces LSTM prediction
as an additional layer that enhances communication robustness while pre-
serving the original control architecture. The LSTM model is used during
packet loss and predicts the missing leader-state information, allowing
followers to maintain formation without modifying the underlying control
laws. This approach keeps the system fully compatible with existing indus-
trial implementations, while significantly improving performance under
30%, 50%, and 70% packet loss compared with memory-based techniques
such as MCP and Linear Interpolation Predictor (LIP).

3. LSTM Performance Analysis Under Packet Loss: The LSTM-based pre-
dictor was evaluated against the MCP and the LIP for packet loss rates
of 30%, 50%, and 70%. In all cases, the no-loss baseline resulted in the
lowest formation tracking error, as expected. However, when packet loss
occurred, the LSTM consistently provided the smallest degradation in
performance compared to MCP and LIP. The results show that, although
the tracking error increases with higher packet loss for all methods, the
rate of deterioration is significantly lower for the LSTM predictor. At 70%
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packet loss, LSTM reduces the RMSE by up to 35-45% relative to MCP and
20-30% relative to LIP, depending on the axis and trajectory type. This
confirms that the LSTM model offers the most robust behaviour under
communication dropouts, while still remaining below the performance of
the ideal no-loss case. Unlike MCP, which holds the last received value,
and LIP, which assumes linear motion between packets, the LSTM uses
learned temporal patterns from the leader trajectory to provide smoother
and more accurate predictions when data is unavailable. As a result, the
followers maintain a formation closer to the desired separation compared
to the other prediction strategies, particularly under severe packet loss
conditions. The results support our two hypotheses stated in Chapter 1,
one for AGVs, namely: Can the combination of a deep learning method
such as LSTM in combination with a linear control strategy, such as
LQR, improve the performance of formation control for AGVs under
conditions of packet loss? Can the learning algorithm compensate
for the effects of packet loss in the system? The second hypothesis
focuses on drones, namely:Can this solution be extended to other ap-
plications and controllers? For example, could combining LSTM with
linear controllers like H,/H.,, and PD improve the performance of
formation control in quadrotors, which operate in three dimensions,
under packet loss?

4. Enhanced Performance: Simulation results revealed that LSTM-based
prediction models significantly outperformed traditional memory-based
control approach namely the MCP, LIP, and Gated Recurrent Unit (GRU)
networks. LSTM consistently showed better accuracy compared to MCP
and LIP, particularly under packet loss scenarios in both AGVS and drones
applications in complex trajectories like circular, eight shape, and spiral
path. The evaluation involved initializing the followers behind the leader
with specific offsets for both AGVs and quadrotors, requiring them to adjust
for these initial conditions to maintain the desired formation. Additionally,
the LSTM model effectively managed disturbances and noise in quadro-
tor operations, resulting in enhanced accuracy and responsiveness under
packet loss conditions.

5. Comparative Effectiveness: The findings emphasized that the proposed
LSTM-enhanced control approach surpassed traditional time-triggered con-
trollers, such as backstepping, in terms of performance under packet loss.
While it achieved comparable performance to event-triggered controllers
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like Sliding Mode Control (SMC), our work provides insights into the
conditions where LSTM can offer similar, if not better, results. Additionally,
we designed an input shaping filter to cope with delay, and together with
LSTM, they effectively compensated for both delay and packet loss for
formation control of non-holonomic AGVs. This comprehensive analysis
serves as a valuable reference for selecting appropriate control strategies in
multi-agent systems, particularly for AGVs. This supports of our hypothesis
stated in Chapter 1, namely: Can combining LSTM with linear control
strategies achieve performance comparable to advanced nonlinear
controllers, such as sliding mode control, when dealing with packet
loss and communication delays?

In conclusion, this thesis has shown that combining LSTM with traditional control
approaches can offer a powerful solution for formation control in multi-agent
systems under packet loss. The hybrid approach not only improves robustness
and scalability but also presents a viable alternative to existing time-triggered
nonlinear controllers, demonstrating significant advancements in communication
efficiency and overall system performance. This work enables further exploration
of the integration of machine learning with control theory to address complex,
real-world challenges.

6.2 Future work

In this section, we highlight the future directions for extending the proposed
method that were not extensively explored within this thesis.

1. Hardware Implementation: While the current research relies heavily on
simulations, the next steps should focus on the physical implementation
of the LSTM-based control strategies in real-world settings. Testing in
a controlled environment with actual quadrotors or AGVs will provide
crucial insights into the practical performance of the system, including
how it handles delays, packet loss, and unexpected disturbances. This will
also help validate the simulation results and provide a basis for further
refinements to the control algorithms.

2. Exploration of Event-Based Control: Investigate the integration of learn-
ing algorithms with event-based control strategies, moving beyond the
current focus on time-triggered control. Event-based approaches could
enhance efficiency and responsiveness, particularly in dynamic environ-
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ments requiring timely decision-making. By adapting control actions based
on events rather than fixed intervals, the system could improve its perfor-
mance while minimizing communication overhead. For more information
on combination of event-based control with learning approaches please
refer to our survey paper [SINART22].

3. Generalization to Unseen Trajectories Using Extensive Datasets and
Including Statistical Tests: In this thesis, the LSTM predictor was trained
on two representative reference paths (Circular trajectories and an eight-
shaped paths) and demonstrated good tracking performance under packet
loss. A natural extension of this work is to investigate whether the model
can be trained on a richer family of motion primitives—such as combina-
tions of straight lines and circular arcs, which are fundamental building
blocks in motion planning, suggests that complex paths can often be broken
down into simpler geometric components. In particular, for non-holonomic
systems such as AGVs or UAVs, many feasible trajectories can be modeled
using a series of circular arcs and straight-line segments, as shown in algo-
rithms like Dubins paths and Reeds-Shepp paths [RRK*18]. By training
LSTM models extensively on a diverse set of paths composed of circles and
lines, the LSTM could learn the fundamental dynamics associated with
following curved and straight paths. Given the generalization capabilities
of deep learning models, this approach could potentially enable LSTM
networks to predict and follow arbitrary, more complex paths that are
encountered in real-world applications. The hypothesis is that if the LSTM
model can learn to navigate basic path components (lines and circles),
it should be capable of handling more intricate and unforeseen paths by
recognizing and combining these simpler motions. This approach could en-
able LSTM-based controllers to handle unknown or dynamic environments,
improving adaptability and robustness in applications like autonomous
vehicle navigation and multi-agent coordination without the need for spe-
cialized path data. The aim of this future work would not be to replace the
controller, but to extend the prediction model so that it can recognize and
reconstruct more complex paths by learning fundamental geometric com-
ponents. It would be great to also include multiple randomized trials and
applying statistical tests to further quantify the variability and significance
of performance differences.

4. Comparison with Other Learning Methods: Comparative studies in-
volving other learning methods, such as reinforcement learning or hybrid
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approaches that integrate traditional control techniques with deep learn-
ing, could provide valuable insights into the strengths and weaknesses
of various strategies. This comparison could reveal specific conditions
under which certain methods excel, offering guidance for selecting the
most effective control strategies for different multi-agent systems

5. Exploration of Distributed Control: It would be interesting to transition
from a decentralized control approach, where only the leader communi-
cates with the followers, to a distributed control approach that enables
communication among followers. This could enhance the coordination
among agents, allowing them to share information and adjust their actions
collaboratively. Research could examine the dynamics of such systems,
exploring how followers can maintain formation and react to each other’s
movements, thereby improving overall system robustness.

6. Exploring Advanced Deep Learning Models for Improved Formation
Control: Future studies could delve into integrating cutting-edge deep
learning algorithms, such as Transformers or attention-based models, into
the formation control of multi-agent systems. These models are designed to
handle sequential data and could enhance prediction accuracy by focusing
on relevant past information more effectively. Research could investi-
gate how these models perform under various conditions of packet loss
and dynamic environments, potentially leading to better adaptability and
resilience in real-world applications.
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