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Abstract

In recent years, the adoption of Industry 4.0 principles within intralogistics has grown signi�cantly
due to the increasing need of companies for �exible and smart factories. This shift is particularly
evident in material handling, where automation has become the most common trend. Speci�cally,
Automated Guided Vehicles (AGVs) and Autonomous Mobile Robots (AMRs) represent the most
important examples of automated technologies and have been widely analysed. However, there is
a gap in the current literature on how the topological complexity of a factory layout in�uences
the performances of an AGV and AMR system. Given this context, the thesis aims to bridge the
gap by proposing a simulation based method to support companies in the selection of the most
ideal automated material handling systems, between AGV and AMR, by taking in considerations
the impact of the layout complexity on their performance. The proposed method is composed
of the following phases: de�nition of 3 layout con�gurations with increasing layout complexity
(low, medium, high); assessment of the layout complexity through the calculation of the Layout
complexity Index (LCI); implementation of the simulation models within FlexSim environment;
and, lastly, performing a comparative analysis based on a series of Key Performance Indicators
(KPIs).
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Chapter 1

Introduction

In recent years, the adoption of Industry 4.0 principles within intralogistics has grown signi�cantly,
driven by the increasing need of companies for �exible and smart factories. This shift is particularly
evident in material handling, where automation has become the most common trend. Within this
context, Automated Guided Vehicles (AGVs) and Autonomous Mobile Robots (AMRs) represent
the most important examples of automated technologies for the transportation of goods. These sys-
tems have been widely implemented and analyzed, but choosing between a traditional AGV system,
which travels on prede�ned paths, and an AMR system, which instead navigates autonomously and
dynamically, remains a complex challenge for companies. Often this decision relies on standard
parameters, ignoring an important aspect: the topological complexity of a factory layout. In the
current literature there is a signi�cant gap regarding how this complexity in�uences the operational
performances of an AGV and AMR system.

Given this context, the main goal of this thesis is to bridge this gap by proposing a simulation
based method to support companies in selecting the most ideal automated material handling system.
Speci�cally, the objective is to compare the performances of AGV and AMR systems across layouts
characterized by increasing levels of complexity (low, medium, and high). This comparative analysis
aims to understand which technology is better suited for each speci�c case based on the physical
characteristics of the layout.

To ensure a complete evaluation, the comparative analysis is structured into three main levels.
First, the two systems are tested in both static and dynamic environments to determine which
navigation logic is more �exible when temporary obstacles are introduced, and how this impacts
performance as the layout complexity increases. Second, the scenarios are tested by increasing the
number of vehicles to observe how the �eet size a�ects the overall e�ciency and highlights the di�er-
ences between AGVs and AMRs. Finally, the systems are evaluated in deterministic versus variable
scenarios to recreate more realistic conditions by introducing variability. By measuring KPIs (sys-
tem output, vehicle utilization, and vehicle states), across these three levels, this work evaluates
how spatial constraints, operational variability, and dynamic obstacles impact the navigation logic
and overall e�ciency of both technologies.

The thesis is divided into �ve chapters. The �rst chapter provides the theoretical background nec-
essary to understand the topics discussed. It explores production intralogistics, material handling
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automation, and the hardware, software, and control architectures of AGV and AMR technologies.
At the end, it introduces the concepts of simulation and the FlexSim software used in this study.

The second chapter presents the state of the art of the current literature. It analyzes previous
studies regarding the use of simulation to compare mobile robots, the impact of layout design,
dynamic obstacles, and models to compute the complexity layout index.

The third chapter describes the proposed simulation based method, starting with the Layout
Complexity Assessment (LCA) model used to calculate the complexity indices. Then it explains
the simulation modeling strategy developed in FlexSim for both AGV and AMR systems, and the
experimental design de�ned for the comparative analysis.

The fourth chapter illustrates the case study application, which is based on an electric bicycle
assembly plant. It de�nes the three layout con�gurations, their implementation in the FlexSim
environment, and the logic for the generation of obstacles. The chapter concludes by presenting
the results obtained from both the static and dynamic simulation scenarios.

Finally, the thesis concludes by summarizing the �nal conclusions of the research, highlight-
ing which system is more suitable depending on layout complexity and operating conditions, and
suggests potential directions for future work.
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Chapter 2

Theoretical Background

2.1 Production intralogistics

The concept of intralogistics is a relatively recent addition to industrial literature. The term com-
bines the pre�x "intra", which means "within", with the broader de�nition of logistics. While
general logistics aims at ensuring the availability of the right goods in the correct quantity, quality,
and cost at the right time and place, intralogistics speci�cally narrows this scope to those processes
occurring within the company's boundaries.

Before 2004, the industry relied on fragmented terminology such as "materials handling" or
"warehouse technology" to describe these operations. A uni�ed terminology was introduced for
the �rst time in 2005 at the CeMAT (Centrum für Material�uss und Fördertechnik) exhibition in
Germany by the International Network of Machinery Manufacturers [1]. However, the term was
o�cially coined and industrialized by the German Engineering Federetion called VDMA (Verband
Deutscher Maschinen- und Anlagenbau). The introduction of the term was revolutionary within
the industry, as it established a clear distinction between internal �ow management and external
logistics. This formulation was further solidi�ed in 2008 when Michael ten Hompel, a leading pro-
fessor and director of the Fraunhofer IML, and Volker Heidenblut provided the scienti�c foundation
and de�nition of intralogistics, that remains the industry standard today. According to them, in-
tralogistics "encompasses the organization, management, control and optimization of the internal
�ow of products from inbound to outbound goods, linking the �ow of information and services in
order to increase the value of the basic o�ering in industry, commerce and public facilities"[1].

Given this de�nition, intralogistics can be described as the set of activities and processes per-
formed within a company to manage the �ow of goods and information from the moment of receipt
up to the �nal preparation of the deliveries to the end customers. For this reason, it has become a
vital component of any modern supply chain. Its importance comes from the ability to transform
internal operations into a competitive advantage by reducing operational costs, improving resource
productivity, and optimizing inventory management. In addition, the bene�ts of intralogistics also
reach the end users through faster and better service, leading to greater satisfaction and brand
loyalty.
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To better understand how intralogistics operates, it is necessary to distinguish between the two
main �ows that characterize it: material �ow and information �ow. Their synchronization allows a
modern facility to function e�ectively.

The material �ow represents the tanglible aspect of intralogistics. It includes the physical
movement and handling of goods within a facility, from the purchase of raw materials to the
�nal preparation of �nished products for dispatch. By optimizing it, a company can signi�cantly
eliminate bottlenecks and reduce non-value-added activities.

This process is composed of several key operational stages, for example:

� Transport. It is the movement of material between di�erent functional areas, such as from
the warehouse to the production line.

� Storage and bu�ering. It refers to the organized placement of goods in storage or temporary
bu�er zones to ensure inventory availability for production.

� Handling. It involves the physical manipulation of items, including loading, unloading, and
the connection point with various transport systems.

� Dispatching. It is the �nal stage where the products are prepared and moved to the shipping
area.

The physical movement of goods cannot be executed e�ectively without a synchronized system
to coordinate every operation. It is for this reason that the information �ow comes into play.
Serving as the brain that directs physical actions, it ensures the systematic transfer of data and
instructions that guide the materials through every stage of the process. In the context of intral-
ogistics, managing information involves designing processes that facilitate the real-time exchange
of data between humans, machines, and management software. This �ow is typically structured
through a hierarchy of systems, where each is responsible for a di�erent level of the operation. Some
examples of software are the following:

� Enterprise Resource Planning (ERP). It operates at the highest level, managing high-level
data like customer orders, procurement, and overall production planning.

� Warehouse Management System (WMS). It is considered the core system for intralogis-
tics since it helps a company to manage and control daily warehouse operations, optimizing
storage locations and picking sequences.

� Manufacturing Execution System (MES). It is a software designed to manage and mon-
itor manufacturing processes on the shop �oor. It bridges the gap between ERP's high-level
planning and the actual production operations, ensuring that the right materials are delivered
to the right machines.

� Material Handling Planning (MHP). It is a computer-based system used to calculate the
components needed based on the production schedule of �nished products. By analyzing sales
forecasts, open orders, and current stock, MHP determines exactly what to order and when.

� Fleet management. It is the operational layer responsible for assigning tasks to Automated
Guided Vehicles (AGV) or Autonomous Mobile Robots (AMR). It manages their tra�c,
prevents collisions, and monitors their status and performance in real-time.
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The integration of an e�cient information �ow o�ers signi�cant strategic advantages by ensuring
real-time visibility across the entire facility. This transparency allows for the precise tracking of
goods and vehicles, which minimizes human error and increases operational accuracy. Finally, it
allows to react instantly to production changes or bottlenecks.

Given the importance of the relationship between the two �ows, intralogistics has always been
the subject of research and development to �nd innovative solutions to improve and optimize their
integration and management. In this context, the current trend involves the adoption of Industry
4.0 principles [2], since there is an increasing need to transform facilities into smart and �exible
factories capable of adapting rapidly to �uctuating and unpredictable volumes, without requiring
drastic changes to the facility's physical layout. For this reason, intralogistics has been considered
as the ideal starting point for introducing the Industry 4.0 model within a factory [3].

Industry 4.0 is a term used to refer to the fourth industrial revolution that is currently reshaping
the manufacturing landscape. It represents a new model of organizing the entire value chain of
a product's life cycle. Speci�cally, the ful�llment of the individual customer requirements has
become a central priority due to their great impact on every phase from order management, R&D,
manufacturing commissioning, delivery, up to the recycling of products. Industry 4.0 aims, also,
at creating open, and smart factory, where regular machines are transformed into self-aware and
self-learning systems capable of real-time data monitoring and product tracking [3].

The paradigm of the fourth revolution can be described through its four main drivers: Internet
of Things (IoT), Industrial Internet of Things (IIoT), Cloud-Based Manufacturing, and Smart
Manufacturing. These drivers can be translated into practical applications through a series of core
technologies, widely known in the literature as the nine pillars of Industry 4.0 [2]:

1. Big data and analytics.

2. Autonomous robots.

3. Simulation.

4. System integration.

5. Industrial Internet of Things (IIoT).

6. Cyber security.

7. Cloud.

8. Additive manufacturing.

9. Augmented reality.

The application of these drivers and pillars in intralogisitcs has led to two main trends: the
digitalization and automation of equipment and operations. Digitalization in logistics involves
connecting four aspects to the digital system: people, logistical objects, logistical process, and logis-
tics facilities [4]. This connection creates transparency, allowing companies to monitor operations
in real-time and make decisions based on actual data rather than assumptions.

Automation, on the other hand, focuses on the physical handling of materials. It aims at
improving the equipment by using smart technologies, such as autonomous robots, to perform
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tasks without the human intervention, resulting in a faster material �ow management and reducing
the risks of errors.

2.2 Mobile robots: Automation of material handling opera-
tions

As discussed in the previous chapter, the adoption of Industry 4.0 principles in intralogistics is
essential for creating �exible and more e�cient factories, and one of the current trends driving
this change is automation. This thesis will focus on mobile robots, speci�cally Automated Guided
Vehicles (AGVs) and Autonomous Mobile Robots (AMR), which are well-known technologies used
to automate the material handling of goods.

2.2.1 Material handling

Material handling is the �eld concerned with solving problems related to the movement, storage,
control and protection of materials throughout their entire value chain. In other words, material
handling is the area of intralogistics that ensures the availability of the right amount of the right
material at the right place at the right time for the right cost [5]. This has a signi�cant impact on
the end users level of satisfaction, since, despite the lack of direct interaction, the way raw materials
and semi-products are managed determines the availability of �nished products to consumers [6].

The main objectives of material handling are the following [6]:

� Reduce the unit cost of production.

� Reduce manufacturing cycle time.

� Promote safety and improve working conditions.

� Maintain or improve product quality.

� Promote productivity by optimizing material paths.

� Develop a preventive maintenance program.

� Control inventory.

Among these, the most important is the reduction of production cost. The cost of material
handling contributes signi�cantly to the total cost of manufacturing, ranging from 30% up to
70% [6]. Therefore, properly designing and integrating the material handling system became a
crucial task, since it provides high cost savings and service improvements. In fact, poor material
management can create operational issues from losses due to damages to, excessive movement, and
shortage of supplies. To avoid these issues and achieve the mentioned objectives, material handling
is composed of four key operational activities [6]:

1. Predicting the material movement.

2. Determining the material sources.
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3. Controlling the delivery of the materials into the facility.

4. Monitoring the state of the materials.

By e�ectively managing these activities while strictly optimizing time, quantity, and space, an
organization can secure a high pro�tability level and a favorable competitive position in the market.

To achieve the mentioned goals, organizations rely on three types of material handling sys-
tems, which are summarized in the Tab.1. This table shows a classi�cation proposed by Professor
Goetschalckx [7], who has categorized material handling based on 2 variables: the source of labor
and the source of control. Besides this classi�cation, Goetschalckx [7] provides a further comparison
of the three levels based on their operational characteristics, as presented in the Tab. 2.

Capability
Labor Control

Type
Manual Human Human
Mechanized Machine Human
Automated Machine Machine

Table 1: Labor and Control Providers for Material Handling Methods from [7]

Characteristic Type
Manual Mechanized Automated

Weight Low High High
Volume Low High High
Speed Low Medium High
Frequency Low Medium High
Capacity Low Medium High
Flexibility High Medium Low
Acquisition cost Low Medium High
Operating cost High Medium Low

Table 2: Material Handling Methods Characteristics from [7]

On the �rst and second levels, there are manual material handling and mechanized material
handling. Manual material handling refers to the physical processes involved in moving, lifting,
and transporting materials by hand, while the mechanized system includes the use of devices
such as cranes, conveyors, forklifts, and lifters to handle heavier loads more rapidly, where the
human worker continues to have control over navigation and decision-making. According to the
Tab. 2, the manual system is considered to o�er the highest level of �exibility, as human workers can
immediately adapt in case of unexpected changes without the need for replanning. However, their
performance is restricted in terms of, for example, throughput and speed, due to human physical
limitations. In fact, this level is highly prone to operator fatigue and ergonomic risks caused
by awkward posture, repetitive motions, and heavy lifting. On the other hand, the mechanized
approach signi�cantly increases speed, capacity, and workspace safety, but it remains dependent on
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the operator's skills and availability. Therefore, it is still sensitive to human error and subject to
variable performance.

Lastly, the third level is automated material handling, which involves the use of automated
systems and equipment to transport, sort, organize, and store materials. This category aligns most
closely with the Industry 4.0 principles, as the need for human intervention is eliminated. In fact,
the equipment manages both the physical transport and the decision-making. Based on the Tab.
2, these systems achieve better levels of performance compared to the previous two categories, for
example, in terms of speed, capacity, and �exibility. Besides these performance metrics, automated
material handling o�ers relevant operational bene�ts. First, it leads to a signi�cant reduction
in operational costs, since it requires fewer manual interventions, lower dependency on labor, and
associated costs. Additionally, the precision and accuracy of these systems reduce waste and damage
to materials. Second, it ensures a safer workspace by reducing risks of injuries related to manual
handling, fatigue, and working at heights. However, they require greater capital investment, making
the implementation decision of these systems a critical strategic choice.

The evolution of automated material handling has been further accelerated by the introduction
of sophisticated technologies, such as robotics, Arti�cial Intelligence (AI), and IoT. In this context,
robotics provides the "muscle" power, performing tasks ranging from lifting heavy loads to precision
picking and placing, all with absolute consistency. Software and AI, on the other hand, bring intel-
ligence to these operations, enabling systems to make data-driven decisions, predict maintenance
needs, and optimize work�ows in real-time. Finally, IoT connectivity ensures seamless communi-
cation between machines and management systems, o�ering greater visibility into every aspect of
the material handling process.

Automated material handling systems come in various forms, each designed to optimize speci�c
aspects of warehouse and manufacturing operations. For example, Automated Storage and Retrieval
Systems (AS/RS), which maximize vertical space utilization and retrieval e�ciency; and robotic
picking systems, which are equipped with vision systems to execute tasks with high precision.
Among all the technologies available, this thesis will focus on mobile robots, which play an important
role in the transportation of materials.

2.2.2 Mobile robots

Mobile robots are machines equipped with sensors and navigation systems that allow them to
navigate freely and move around their environment to perform various tasks without the need for
constant human intervention. These systems have emerged as a strategic solution to the current
market trends, in particular when it comes to the signi�cant rise in personalized products, which
has introduced considerable challenges in terms of quality, cost, and delivery for manufacturing
enterprises [8].

They can be classi�ed into two categories: guided and autonomous mobile robots. The
�rst category includes mobile robots that require the presence of a guidance system to follow
prede�ned paths within a controlled environment. These paths are de�ned by magnetic tape,
bar codes, wires, or sensors installed on the facility's �oor. A perfect example of this type of
technology is the Automated Guided Vehicles (AGVs), which are widely used for automated
material handling across various industries. Because of the presence of �xed infrastructure, AGVs
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ensure high predictability in movement and consistent cycle times, which is ideal for repetitive and
standardized work�ows. But, at the same time, this rigidity represents a signi�cant limitation as
changing a route requires physical modi�cation to the facility's layout, which costs time and money.
Another issue of AGVs is their lack of obstacle avoidance capabilities, which means that if a path is
blocked, the vehicle stops and waits until the obstacle is removed, leading to potential bottlenecks.

On the other hand, Autonomous Mobile Robots (AMR) represent a more advanced solution
for the automation of material handling, since they are capable of independent decision-making.
Unlike AGVs, AMRs can perceive and map their environment, and based on this information, they
can navigate dynamically without relying on any �xed infrastructure. Their route is calculated
in real-time, optimizing the travel distance to ensure the shortest and most e�cient path to the
destination. For this reason, an AMR is more �exible compared to an AGV since it can dynamically
reroute its path in case of an obstacle without modifying the facility's layout while maintaining
high productivity. But a �eet of AMRs struggles in case of extremely crowded or highly dynamic
environments since they have to keep adjusting their paths to avoid obstacles.

2.2.2.1 Automated Guided Vehicles

AGV systems emerged in the 1950s, and they were initially used only in assembly line operations.
However, in recent years, they have become well-known and have been widely introduced across
various industries, such as manufacturing, warehousing, medicine, and logistics. This widespread
adoption was possible because of their high degree of adaptability to any kind of operational envi-
ronment [9].

As previously mentioned, AGVs are an example of guided mobile robots. They are programmed
to carry out tasks and navigate prede�ned paths, within indoor or outdoor workspaces, to reach
their destination, without human intervention, but with the support of guidance systems, sensors,
and control systems. These vehicles are capable of transporting a wide range of items in terms of
load type, weight capacity, or based on the complexity of the required logistic tasks [8]. Depending
on their application, AGVs can be classi�ed into di�erent types, which are summarized in the Tab. 3
[8]. However, at the executive level, the core tasks are quite similar and can be performed using the
same tools. The main task consists of automating the transportation of goods between two points
of the operational environment: the vehicles secure the load at the pick-up station, transport it,
and deposit it at the drop-o� point. Furthermore, the execution of the tasks is always event-driven,
and the trigger can originate from various sources, for example, from a sensor detecting a new load
to transport, from a user requesting the transportation service via a GUI interface, or a command
from an ERP system. [10].

Although the implementation of AGV systems requires a signi�cant initial �xed capital invest-
ment, they have led to a series of bene�ts across economic, environmental, and social sustainability
dimensions [8, 11, 12, 13]:

1. Increase productivity.

2. Labor cost saving. Despite the high initial capital investment, AGVs o�er a greater economic
potential due to their lower maintenance expenditure compared to traditional vehicles, and
their capability to operate on a 24/7 basis with minimum labor cost and human intervention.
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Additional savings derive from the associated improved safety and the consequent reduction
in accidents involving both vehicle drivers and pedestrian workers.

3. Reduction of pollution and energy consumption given by the optimization of the routes.

4. Enhanced safety. The risks of collision are minimized since all vehicles are equipped with
lights and horns to warn workers of their presence.

5. Optimization of space utilization. Unlike conventional �xed equipment, AGVs occupy workspace
only temporarily while working and parking. This allows them to share space with other ma-
chinery and workers.

6. Improvement in the tracking of goods and reduction of their rate of loss.

In practical industrial applications, AGVs are rarely deployed as standalone units, but instead,
they operate as a coordinated �eet. However, managing and coordinating multiple vehicles si-
multaneously introduces a series of complications compared to single-vehicle operations, like the
avoidance of collisions and deadlocks, the optimization of global performance, and task allocation.
Therefore, an AGV system has to rely on a robust control architecture capable of managing the
�eet's core operations e�ciently and e�ectively.

2.2.2.1.1 Fleet management: control architecture and core tasks

In a �eet of AGVs, the control architecture can be organized in two ways, as it is shown in Fig. 2.1
[9]: centralized and decentralized systems. The centralized architecture is deeply rooted within
the industry and is typically characterized by a simple system architecture. It relies on a central
server that has complete access to and visibility of all the information regarding the entire �eet and
the facility environment, which allows to calculate a global optimum for scheduling and routing,
ensuring the most e�cient theoretical performance. However, this con�guration is generally suited
for small-scale systems, where there is a low degree of dynamic variability, since it is not robust
against central failures.

On the other hand, decentralized architectures is de�ned as �the distribution of the total
intelligence of a system to its components� [9], which means that each AGV acts as an independent
and intelligent entity, that has access to local information rather than the full global picture, but it
can communicate with other vehicles to retrieve more data. Decentralization is hardly implemented
in the industry, but it is gaining a lot of attention over the last years since it guarantees higher
�exibility, robustness, and scalability, which are necessary in order to manage larger and more
complex systems. For these reasons, decentralization is the most compatible strategy to address
the modern requirements, and is considered the way to achieve the so-called "Factory of the Future",
which is used to denote a factory re�ecting the Industry 4.0 principles. In fact, with a decentralized
system, AGVs become smarter and capable of gathering information to make dynamic decisions. In
addition, in this context, AGV can be used more for ad-hoc solutions, besides transport. However,
there are also limitations with this architecture. The main drawback is the increased e�ort needed
to coordinate the numerous independent entities, as each of them tries to reach its goals. This will
not necessarily lead to a global optimum of the overall system. In fact, the implementation of a
decentralized system always implies a trade-o� between optimality and �exibility.
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Figure 2.1: AGV central and decentral control architectures [9]

Regardless of the chosen control architecture, the operational e�ciency of a �eet depends on the
successful execution of a series of core tasks. De Ryck et al. [9] have decomposed the AGV control
into 5 distinct core tasks, illustrated in the Fig. 2.2.

Figure 2.2: AGV core tasks [9]

1. Task allocation
Task allocation, also called task scheduling or dispatching, is one of the most challenging AGV

tasks. It consists of distributing a set of tasks (or orders) to a �eet of AGVs, so that each vehicle
is dispatched according to a schedule, as illustrated in the Fig. 2.3. An example of a task could be
an item that needs to be loaded at a certain location and then dropped o� at another point of the
factory.
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Figure 2.3: AGV task allocation [9]

Task allocation is considered a constrained optimization NP-hard problem (Non-deterministic
Polynomial-time hard), where if the number of tasks and robots increases signi�cantly, the solution
space becomes too large, and, in this context, there does not exist an e�cient algorithm capable
of producing an exact solution to the problem in a �nite amount of time. The easiest way to solve
the allocation of tasks is to identify the closest AGV to the position of the ordered item.

The most important properties that characterize this core task are the following:

1. Divisibility. The total amount of work must be divided e�ciently to have an optimized
utilization of all the resources.

2. Fault tolerance. Task allocation should be able to operate correctly even in case of failures.

3. Scalability. Task allocation should be able to keep working without computation limits in
case of an enlargement of the �eet.

4. Flexibility. The algorithm should be, in any circumstance, capable of adapting easily and
rapidly to any changes in the system.

5. Responsiveness. Task allocation must have high performance also in highly dynamic envi-
ronment.

Another aspect needed to be taken into consideration is task constraints. In the simplest case,
tasks are independent of each other, and, therefore, the only relevant information that the vehicle
has to know is the starting and ending points. But in real-world application there are several other
constraints to consider. The �rst one is temporal constraints like the task duration, minimum
starting time, and maximum ending time. Second, there could be a situation where tasks are
dependent on each other, for example, some tasks must be completed before or after another one,
or two tasks must be executed at the same time. These are called precedence constraints. Some
other constraints can be related to mobility interferences, for instance, in the case of a narrow
aisle, only one robot can pass on the way to the task. The last type of constraints is resource
constraints, which can prevent a task from being executed when resources are empty, for example,
when the AGV has a low battery and needs to be recharged, it can not be used to complete a task.

In the last decade, there has been a lot of research done to solve the problem of task allocation.
In the literature, it is possible to identify two distinct ways to model the solution algorithms:
optimization-based and market-based solutions. Regardless of the method used, the assignment of
tasks focuses on optimizing the following variables:
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1. The cost that it takes for a vehicle to execute a task. It could be time, distance, or fuel
consumption.

2. Fitness. It refers to how well a robot can perform an assignment.

3. The reward that an AGV gains when completing a task.

4. Priority. The urgency of completing a task.

5. Utility, which is calculated by subtracting the cost from the reward or �tness.

The optimization-based algorithms search for an optimal solution that maximizes or min-
imizes a variable using global information and considering all the mentioned constraints. There
are three types of algorithms: exact algorithms, heuristics, and meta-heuristics. The �rst
approach is used when the solution space is small and, therefore, it is possible to �nd an exact
solution. The other two are used to solve the NP-hard problem. Heuristics typically operate as
iterative algorithms: they explore the search step-by-step, generating potential solutions and com-
paring them to the best one found so far, allowing for a progressive improvement of the result
without examining every single possibility. But using this technique can lead to getting stuck in a
local optimum. Meta-heuristics overcome this limitation by implementing strategies that broaden
the search scope, aiming to �nd the global optimum rather than settling for the �rst good solution
found.

On the other hand,market-based solution algorithms, instead of using a central server that
processes all the information to �nd the optimal allocation, they are based on economic principles,
speci�cally the concept of auction. The core idea is that the AGVs act like independent traders.
They calculate their o�er based only on their local information, while being unaware of the decisions
made by the other vehicles. The auctioneer, in a decentralized system, is one of the AGV, evaluates
all the bids, including its own, and assigns the task to the robot with the highest bid.

2. Localization
Localization allows the AGV to determine its current position in the environment, which is an

important information to properly navigate. In fact, it is used by the other core tasks, like path
planning to identify the shortest path to reach the desired destination, and motion planning to
detect and avoid unforeseen obstacles blocking the path. In other words, localization guarantees
precise movement in the environment and facilitates the implementation of obstacle avoidance tasks
and tra�c management. In contrast to other tasks, localization is already decentralized since all
its equipment and software are onboard the vehicle; therefore, its execution is independent of the
type of control architecture.
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Figure 2.4: AGV types of localization methods [9]

Localization methods can be divided into two groups: physical path localization and virtual
path localization methods, as shown in the Fig 2.4. With the �rst approach, the presence of
physical guidelines on the �oor is required. The AGV localizes itself using a sensor that detects
these guidelines, which are typically de�ned by inductive wires, magnetic tapes, or optical lines
embedded in the �oor. Beyond navigation, these markers can also trigger speci�c vehicle actions,
such as adjusting speed or modifying the steering angle during turns. In the Fig. 2.4 are illustrated
the common traditional techniques based on this approach: inductive, optical, and magnetic
tape localization. These methods are industry standards due to their simplicity and precision,
particularly in narrow aisles. However, they are inherently rigid, as modifying the route requires
physical alteration of the facility. Additionally, while surface-based methods, like optical and mag-
netic tape, reduce installation costs, they are prone to reliability issues if the guideline becomes
dirty or damaged.

On the other hand, with virtual path localization methods, the prede�ned circuit can be main-
tained virtually, either within the AGV's local map or on a global map hosted by a central unit.
Given the requirements of modern industry, �xed physical paths are often ine�cient due to their
lack of adaptability in case of frequent con�guration changes. Virtual localization overcomes this
limitation and o�ers superior �exibility, as routes can be easily modi�ed online in the graphical
design software without the need for physical alterations to the facility. However, this approach
is more di�cult to implement. Unlike physical localization, where the vehicle follows a linear tra-
jectory, a virtual localization method requires the AGV to know its exact coordinates within a
two-dimensional space.

Currently, the most accepted method for AGV virtual localization is laser localization, where
the path is de�ned by re�ective strips located in the operating area on known coordinates. The
detection of these reference points is performed by a rotating laser mounted onto the vehicle, which
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scans the environment by emitting a laser beam. The AGV can calculate its current position
and update the global map if it can scan at least three re�ective landmarks. This method is
very accurate, secure, and reliable, but it is characterized by a high cost and e�ort due to the
placement of all the re�ectors in the factory area. Another well-known method used in the industry
is GPS localization, which uses trilateration with satellites to determine the AGV position.
However, this method requires a clear line of sight to the sky, making it impractical in an indoor
industrial environment. An indoor alternative to overcome this problem is using Local Positioning
Radar (LPR), which replicates the GPS principle within the factory, but its standard precision,
typically around 10 cm, is a signi�cant limitation when it comes to performing highly accurate
AGV applications. This issue can be improved by using sensor fusion.

On the other hand, to overcome the need for installed infrastructure like re�ectors, natural
localization has been used as a �exible alternative. The AGV uses a Light Detection and Ranging
(LiDAR) sensor to scan the environment and identify the existing structural features, like walls
and pillars. Through a Simultaneous Localization and Mapping (SLAM), the robot creates a
local two-dimensional map of its surroundings and compares it dynamically to the factory map
to locate its position. This approach increases the �exibility of the AGV system in a dynamic
environment, but the LiDAR sensors are very expensive, susceptible to errors caused by re�ections,
and they are not capable of detecting transparent materials. These limitations can be addressed by
incorporating alternative sensors, such as sonar. Similarly, vision-guided localization operates
without markers, using stereo cameras to generate three-dimensional point clouds that are then
projected into a two-dimensional feature maps. The vehicle interprets its local environment using
an Occupancy Grid System, where the area is divided into cells marked as either occupied or free.
By continuously projecting observed features onto this grid, the vehicle builds and updates its map,
often relying on an initial map created via SLAM. Its main disadvantage is its sensitivity to varying
light conditions, which are common in industrial environments.

3. Path planning
Path planning consists of �nding the shortest obstacle-free path to the desired destination while

considering various constraints, such as vehicle capacity and the plant layout. This core task is
typically categorized as the static planning task of an AGV since it computes a basic collision-free
path using known information, like the location of walls and �xed machinery, while ignoring dynamic
time-dependent elements. However, this static approach represents a signi�cant approximation. In
reality, industrial environments are not strictly controlled, but they can be dynamic and �lled with
unpredictable obstacles that a static planner cannot anticipate. This is where motion planning
steps in. It modi�es the vehicle's trajectory in real-time to deal with moving objects, ensuring that
the AGV avoids situations of collisions and deadlocks.

Path planning is composed of two distinct steps, as illustrated in Fig. 2.5: environmental
representation and graph search algorithms. The �rst step involves modeling the AGV's
reachable states within the environment. This is typically achieved by de�ning a topological graph,
which is a network of nodes and segments that corresponds to the prede�ned paths where the AGV
has to move. The second step, instead, consists of using a graph search algorithm to identify the
optimal route that connects the starting point and the goal. It aims to minimize a speci�c objective
function, like travel time, distance, fuel consumption, or a combination of them.
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Figure 2.5: AGV path planning algorithms [9]

Currently, most of the AGV systems rely on a centralized architecture where the environment
is static and graph-based. In this con�guration, the search algorithm computes the shortest path
strictly constrained to the �xed network. However, an emerging trend focuses on decentralized
path planning to enhance system �exibility. While this implies allowing AGVs to move freely
without rigid paths, such unstructured movement introduces a signi�cant drawback: the vehicle's
behavior becomes unpredictable for human employees, leading to safety and e�ciency concerns.
To address this trade-o�, the optimal solution is a hybrid approach. This method combines the
predictability of prede�ned paths with the �exibility of dynamic planning. In this way, the vehicle
mainly move along predetermined �xed paths but can also deviate from it and move freely when,
for example, an obstacle blocks the way.

Despite these improvements, a gap remains between theoretical research and practical indus-
trial application [14]. The traditional algorithm typically simpli�es the process by assuming �xed
and constant kinematic constraints of AGVs, like acceleration, deceleration, and turning. These
approximations result in theoretical paths that are di�cult to execute in real-world scenarios. Fur-
thermore, many studies assume a static task environment where the vehicles either remain at or
disappear from their destination after delivery. In reality, modern factories operate with continu-
ous order streams, requiring the AGVs to be constantly redirected without blocking critical paths
[15]. To address these challenges, recent research has explored Learning Reinforcement (LR)
and Deep Reinforcement Learning (DRL). These techniques aim to balance performance and
adaptability, allowing AGVs to learn optimal behaviors in complex, dynamic environments where
traditional rule-based or static algorithms may fail [14].

4. Motion planning
Motion planning, as it has already been mentioned, is the core task that modi�es in real-time

the basic static path, computed by path planning algorithms, to deal with unforeseen obstacles,
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both static and moving, avoiding situations of collisions and deadlocks.

There are two ways of managing motion planning: a centralized and a decentralized approach.
Currently, centralized motion planning is the most common approach implemented in AGV
systems. In this con�guration, the coordination of the entire �eet is delegated to a single central
controller. This unit is responsible for computing collision-free and deadlock-free paths for all the
vehicles simultaneously. By using global information, like the real-time position of every AGV, their
goals, and the static paths they have to execute, it performs an optimization process to determine
the optimal execution strategy. However, despite its power, this approach faces two signi�cant
limitations. First of all, it is limited by computational scalability, which means that the processing
time to calculate the paths increases drastically with the size of an AGV �eet. Second, having
only one central server creates a single point of failure, which decreases the overall robustness and
reliability of the system. In other words, the failure of the central controller means failure of the
whole system.

On the other hand, with decentralized motion planning, each AGV is responsible for avoid-
ing collisions and deadlocks by using its own local information, as well as the one exchanged with
the other vehicles, to react to unforeseen circumstances while traveling its prede�ned path. This
method of motion coordination is more responsive, robust, and scalable than the previous one, as
the information and intelligence are distributed among various entities, which eliminates the single
point of failure. However, one of its drawbacks is solving deadlocks and �nding primal paths.

A possible solution could be to apply a hybrid method that combines the above two and
avoids the disadvantages of both. The central controller could be used to plan global paths and
goals, but coordination motions are left to the speci�c AGV [16].

The execution of motion planning relies on three core functionalities: collision avoidance, deadlock
avoidance, and zone control. Collision avoidance is the part of motion planning that deals with
avoiding collisions with static or dynamic obstacles that cross the path of an AGV. A collision is any
unwanted physical contact between the AGV and an obstacle, such as a wall, a worker, or another
vehicle. The most basic and widely adopted implementation consists of using a safety scanner
that monitors a speci�c safety zone around the vehicle. If an object enters this zone, the AGV
automatically slows down and stops. Once the obstacle is removed or the path is clear, the vehicle
resumes its operation. On the other hand, more advanced methods allow the AGV to move around
the object or plan an alternative route. Collision avoidance strategies can be categorized into two
main architectures: centralized and decentralized. In a centralized way, as described above, a
central unit uses global information to perform an optimization process to determine the optimal
collision-free paths for each AGV, ensuring that two vehicles do not occupy the same space at the
same time. If a potential collision is detected, the central unit recalculates the paths until it �nds
a safe solution. This approach has several drawbacks. The �rst one is a scalability issue since the
optimization process becomes computationally expensive as the number of AGVs increases. Second,
the central unit is not capable of overseeing dynamic obstacles like workers or items that are not in
the �xed map, making it ine�ective for real-time safety against unexpected events. If the central
controller also has to consider all dynamic features, it will probably be overloaded. For these reasons,
modern systems prefer decentralized collision avoidance. In this con�guration, each AGV acts
independently, using onboard sensors to perceive its surroundings. If it detects an obstacle, it reacts
locally by slowing down, stopping, or driving around it. This approach is much faster and handles
dynamic environments better. However, its problem is related to predictability and safety. Since
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the AGV can move freely, it means that its behavior is unpredictable for human workers, creating
safety concerns. Therefore, many industries still prefer AGVs to move on prede�ned paths so that
workers always know where the vehicles are going.

Deadlock avoidance, on the other hand, prevents deadlocks, which occur when an AGV is stuck
in its current position and cannot move forward or backward. They are one of the main sources of
bottlenecks and failures in an AGV system, causing signi�cant time loss. To prevent this, engineers
typically use three strategies: designing smart layouts, limiting the number of robots allowed in
speci�c "control zones," or applying speci�c tra�c rules. In the case of centralized control, the
central unit constantly checks for potential deadlock and intervenes by permitting one AGV to
pass while ordering others to stop or reroute. However, these algorithms are time-consuming and
complex. They often detect the problem only moments before it occurs, making the system fragile
and prone to delays. In contrast, in a decentralized system, instead of waiting for a complex
calculation from a central unit, the AGV autonomously decides how to act to avoid getting stuck.

Lastly, zone control is a tra�c management tool designed to prevent collisions and deadlocks
by limiting the number of AGVs in a speci�c area. It consists of dividing the factory layout into
non-overlapping zones, each with a maximum capacity. If a zone reaches the full capacity, any new
vehicle trying to enter has to wait outside or calculate a di�erent route. These zones can be either
�xed or dynamic, where the size and arrangement can change in real-time based on the current
tra�c situation.

5. Vehicle Management
Vehicle management controls and monitors the status of an AGV, including battery lifetime,

maintenance requirements, and error status handling. It is the simplest core task and, therefore, it
does not require complex algorithms.

This task can be managed in two ways: centralized and decentralized control. In the centralized
approach, there is a central controller that oversees all the vehicle management statuses. If the
central unit detects that an AGV lacks battery life for the execution of a certain task, it will either
assign a less energy-demanding task or direct the vehicle to a charging station. Similarly, when
the central system receives error statuses from an AGV, the vehicle will be excluded from the task
allocation optimization, and it will be sent to maintenance.

On the other hand, in a decentralized control, each AGV autonomously monitors their own
parameters and makes independent decisions. For instance, when an AGV enters an error state, it
can decide to reassign its local task to neighboring vehicles. This autonomy is particularly evident in
a decentralized auction process for task allocation, where internal status directly in�uences bidding
behavior. In this context, a vehicle with low battery capacity will not bid on an energy-intensive
task, but it will directly head to a charging station.

Error statuses or maintenance signals cannot be fully controlled because they occur un-
expectedly. Therefore, the priority is responsiveness, achieved by implementing robust control
algorithms to address these issues e�ectively when they appear, rather than relying solely on the
ability to predict them. Battery management, on the other hand, can be controlled, and it can
have a great impact on the total performance. Regarding the strategy of when to recharge, three
distinct types of schemes are identi�ed. The �rst is opportunity charging, where the AGV uses
idle time during operations to recharge its battery. The second is automatic charging, where
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the vehicle recharges the battery when its level drops below a certain limit. Finally, combination
charging combines the previous two. From a technological perspective, the ways batteries can be
recharged di�er. The most common methods used are battery swapping and automatic charging.
In battery swapping, the AGV physically swaps its empty battery for a fully charged one. While
in automatic charging, the battery remains onboard while the vehicle is connected to a charging
station.

However, despite its critical impact, it has received limited attention in the existing literature,
and battery constraints are often oversimpli�ed or neglected in theoretical models, representing a
signi�cant gap between research and practical application [9].

2.2.2.1.2 Design of an AGV system

The previous section analyzed the control architecture and the core tasks, which are responsible
for managing and coordinating a �eet of AGVs. However, the overall e�ciency of an AGV system
does not depend only on the robustness of these two elements, but it is also signi�cantly in�uenced
by the physical environment in which the vehicles operate. In fact, there is a direct dependency
between control and design: core tasks like path and motion planning operate within prede�ned
structural constraints. If the facility layout is designed ine�ciently or poorly dimensioned, the
optimization of the �eet execution will be compromised, regardless of how advanced the control
software is. Therefore, the design of an AGV system is an important phase since it de�nes the
physical limits for the �eet's operations. According to Ganesharajah et al. [12], the design of an
AGV system involves the following aspects: designing the �owpath layout, determining the location
of the pick-up and drop-o� points (P/D points), and dimensioning the �eet size [12].

The �owpath design and location of the P/D points are crucial decisions that a�ect the
installation costs and operating expense of the system. P/D points are the physical interface
between the AGV �eet and the manufacturing or storage environment. They de�ne the locations
where the vehicle stops to perform the loading (pick-up point) or unloading (drop-o� point) of the
items. The �owpath design problem focuses on determining which aisles to include in the AGV
system, and the direction of travel for each segment, to minimize the total travel distance. This total
travel distance considers two types of travel distance: loaded, which corresponds to the distance
covered while carrying an item, and empty, which refers to the distance to reach a load or charging
station. The loaded travel distance is predictable and easier to estimate, while the estimation for
the second type is more complex since it depends on real-time dispatching logic.

Another aspect to consider for the optimization of the total travel time is the direction of the
path. Paths can be unidirectional, where vehicles move in only one direction, or bidirectional,
allowing movement in both ways. Unidirectional paths simplify the control system and minimize
congestion risks but may increase the total distance traveled, as vehicles cannot turn back. On
the other hand, bidirectional paths optimize travel time by allowing more direct routes but require
sophisticated collision avoidance mechanisms to manage potential tra�c.

The paths are organized in standard structural con�gurations, ranging from basic linear paths
to complex networks. The simplest form is the single-line layout, which is typically used for low-
volume applications where vehicles move back and forth along a single path between two P/D points.
Although it is a low-cost solution, it is not �exible and leads to low performance. Another common
con�guration is the single-loop, where the paths form a closed circuit. The tra�c is usually
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unidirectional, which simpli�es the control logic and minimizes the congestion risks. However, if
a vehicle misses a station, it must travel the entire loop again, which signi�cantly increases travel
time. For more complex operational environment, the ladder-type layout is often adopted. It
consists of parallel lines connected by perpendicular cross-aisles, allowing AGVs to access speci�c
storage rows without navigating the whole system. Finally, the most advanced con�guration is the
complex network, where the paths form a grid that o�ers multiple routing options to reach the
same destination. This layout optimizes �exibility and fault tolerance, as in case a path is blocked,
the AGV can take an alternative route. However, it requires a highly robust control system to
manage the tra�c and prevent deadlocks.

In recent years, the AGV design has shifted toward virtual �owpaths, where the trajectory
of the vehicles is de�ned digitally. This allows AGVs to operate as free-ranging units without �xed
infrastructure constraints.

Once the �owpath has been de�ned, the next step is determining the �eet size, de�ned as the
minimum number of AGVs required to achieve a prede�ned throughput rate. This is also a crucial
economic decision to avoid both production bottlenecks and unnecessary capital investment.

The unit load is an aspect that in�uences the dimension of a �eet. It refers to the quantity of
components of items that an AGV has to carry per trip. This introduces a trade-o�: larger unit
loads allow for a smaller �eet but require heavier, more sophisticated handling equipment; while in
the case of smaller unit loads, the cost per vehicle is reduced, but it implies having a larger �eet to
move the same volume of material.

The number of AGVs can be computed using mathematical methods, like comparing the
total work time with the total time available [12]. The total work time is the sum of the load
travel, empty travel, and the handling time, while the total available time corresponds to the total
operational time the �eet has to complete the required workload. This mathematical approach
assumes ideal conditions where vehicles always take the shortest path without stopping, but, in
real-case scenarios, vehicles may face tra�c congestion, waiting time at intersections, and potential
blockages, which delay the actual total work time. This assumption leads to an underestimation of
the �eet size. To overcome this issue, simulation has been considered the most reliable tool for
the �nal decision, as it can replicate the actual complexity of the environment and provide a more
precise estimation.

2.2.2.2 Autonomous Mobile Robots

As discussed in the previous section, traditional AGVs present signi�cant limitations regarding
�exibility, particularly when facing unexpected moving obstacles or structural changes in the layout.
Therefore, to address the challenge of highly dynamic environments, a di�erent category of mobile
robots has emerged: Autonomous Mobile Robots (AMRs). In recent years, the adoption of AMRs
has drastically increased compared to traditional AGVs, driven by the need for systems capable of
adapting easily and quickly to changing environemt and providing a wider range of services beyond
simple transport, such as patrolling and collaborating with operators [17].

The �rst generic AMR patent was issued in 1987. Since then, it has been used mainly in the
�elds of robotics and information technology, but it has recently emerged in logistics applications,
and its importance is expected to increase signi�cantly in the near future. AMRs can now be found
in industrial, healthcare, hotel, security, and domestic settings, performing a wide range of tasks.
The activities performed characterize and divide AMRs into three main groups: material handling
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operations, collaborative and interactive activities, and full service activities, as it is illustrated in
the Fig. 2.6 [17].

Figure 2.6: Di�erence between AGV and AMR [17]

AGVs and AMRs are often confused, but each system operates with fundamentally di�erent
technologies, from perception and navigation software to onboard sensors. While AGVs are au-
tomated and computer-controlled machines that can perform based on a set of de�ned tasks by
following speci�c instructions with minimal or no human intervention, as it is shown in Fig. 2.7.
AMRs are often considered an evolution of the AGV since they have the intelligence to make de-
cisions by themselves, without direct human input or pre-con�gured scripts, when faced with new
or unpredictable situations, like moving obstacles, o�ering �exible solutions. They are designed to
move autonomously within their designated environment with the support of advanced laser-based
perception and navigation algorithms.
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Figure 2.7: Di�erence between AGV and AMR [18]

AMRs overcome the limitations of conventional AGV technologies, o�ering �ve distinct advan-
tages [18]. The �rst bene�t is �exibility. AGVs follow prede�ned paths using lasers, beacons,
barcodes or magnetic tape, which implies that it is required ongoing infrastructure maintenance
and high precision when it comes to the de�nition of the paths. In this context, even minor foreign
objects positioned in the laser's �eld of view prevent the vehicle from moving until the obstacle
is manually removed by human personnel. On the other hand, AMRs do not require external in-
frastructure for navigation, making installation simple and �exible. In addition, most importantly,
they are capable of detecting, avoiding, and dynamically moving around obstacles without human
interaction. AMRs are also very versatile since a single unit can be recon�gured for diverse en-
vironments, including narrow corridors and shared workspaces. Another key di�erence lies in the
�exibility to reassign the vehicles across di�erent locations to optimize resource utilization and
manage variable operational demands. Moving an existing AGV system is highly ine�cient since it
is essentially the same as installing a new AGV system for the �rst time. This rigidity means com-
panies often end up buying separate, dedicated systems for every location, resulting in a waste of
capital. In contrast, AMRs are much more �exible because they can be easily redeployed from one
plant to another, or quickly reassigned to a di�erent operational zone within the same facility. Ad-
ditionally, the setup time after a move is short since AMR �eets operate with a centrally controlled
�eet manager. This mobility has relevant economic bene�ts, for example, it allows organizations
to treat AMRs as a shared resource, therefore units can be shared among multiple facilities to
e�ectively manage seasonal demand peaks without permanent capital investment in every location
or to improve the throughput in busy areas by redeploying underused assets from other facilities.
Finally, this ability to balance resources reduces the total number of machines a company needs to
buy, leading to signi�cant cost savings.

The second bene�t is their scalability, which is a critical di�erentiator in material handling
systems. AGV systems have limited scalability because adding new vehicles depends heavily on the
physical infrastructure. Expanding an AGV �eet is a demanding process that requires signi�cant
time and money for planning, maintenance, and installing new equipment. This approach also forces
the facility layout to remain rigid to accommodate the guiding systems, limiting how the space can
be used. While AMRs o�er much faster scalability. New units can typically start working in less

26



than a day because they navigate using a shared digital map instead of physical guides. This means
that increasing the �eet size does not require building renovations or extensive new training for the
sta�. Furthermore, a major advantage is that companies can change routes or add new vehicles
internally without relying on external vendors, giving them greater independence and control over
their operations.

Another advantage is on-board intelligence. AGVs lack this intelligence, which is required
for the modern concept of a smart factory. Since they rely on �xed infrastructure, they do not
need advanced processing capabilities, but this limits their utility, for example, they can collect
only a small amount of data, leaving operators without real-time information. AGVs, as has been
mentioned several times, are also not able to detect and avoid moving obstacles. Lastly, integrating
traditional AGVs with external software like Enterprise Resource Planning (ERP) systems is often
di�cult. On the other hand, AMRs are characterized by onboard intelligence that allows them to
adapt quickly to a changing environment and can easily be integrated with advanced ERP systems.
With the support of machine learning, AMRs can collect data to update their maps, enabling them
to learn from experience and identify the fastest routes even in complex areas. In these conditions,
plant operators can safely interact and collaborate with the vehicles. Additionally, AMRs often use
lighting and audio signals to communicate their intentions, making their movements predictable
and easy to understand for plant operators.

The last bene�t is related to usability, which covers the ease, cost, and complexity associ-
ated with setting up, operating, and making changes to the automated system. While AGVs are
designed to perform simple tasks, their installation and daily operation are very complex and ex-
pensive. They rely on maintenance by certi�ed experts or specialized engineers, which creates a
signi�cant operational burden. Additionally, implementing changes, like modifying a route, requires
physical updates to the facility infrastructure and additional sta� training, making any modi�cation
expensive. In contrast, implementing AMRs is signi�cantly easier and cheaper. The setup involves
driving the robot through the facility once to generate a map, then de�ning zones and key loca-
tions via software. The system is designed to be managed by the operator using a simple interface.
This allows the employee to update routes or zones directly without needing specialized engineering
support. Lastly, if the layout of production lines changes, these modi�cations are managed entirely
within the digital map, requiring no physical changes to the building.

The evolution of AGVs into AMR has become possible due to new hardware and software tech-
nologies, which have allowed for operations to be autonomous in dynamic environments, not only
for navigation and detection but also for object manipulation [17].

2.2.2.2.1 Hardware technologies

To operate e�ectively in dynamic environments, an AMR requires a physical structure that
integrates three key aspects:

� Locomotion, which is the ability to move with agility.

� Computation, that ensures the processing of data in real-time.

� Perception, which allows the AMR to interpret its surrounding environment.
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These functions are physically realized within the Mobile Robotic Platform, which acts as
the core body of the AMR. It contains all the key components required for operation, including
the chassis, the battery, the drive train, and the central onboard computer for processing sensor
data and navigation. For emergency purposes, emergency stop buttons are always mounted on
the exterior of the chassis. [19]. The platform's design, like shape, size, and steering mechanism,
depends on the speci�c operation.

The manipulating equipment mounted on top of the platform is a technically independent
system, making the robot highly modular. It is possible to perform new services and material
handling operations by combining AMRs with di�erent types of manipulating equipment. [17]. The
manipulating equipment can be divided into two categories based on their power requirements [19]:
passive and active applications. In passive applications, the modules do not require a power supply
from the vehicle, while active applications rely on the platform's battery to operate. Therefore,
the energy source is a critical component of the hardware architecture. Unlike traditional AGVs
that often relied on bulky lead-acid batteries, AMRs often use high-capacity solutions such as
lithium-ion batteries [17]. This technological shift enables a much more compact vehicle design,
allowing robots to navigate narrow aisles or slide directly underneath load carriers, and provide the
substantial energy required to sustain the complex onboard calculations needed for autonomous
navigation.

Regarding the movement of an AMR, the locomotion mechanism is the subsystem that trans-
lates navigation algorithms into physical movement. It has a strong impact on the vehicle stability,
manoeuvrability, and kinematics. Indoor mobile robots are designed to move, run, or walk to com-
plete their speci�ed assignments, so they can be equipped with legs, wheels, or wings, sometimes
[20]. Since many intralogistics activities require a high level of stability, wheeled locomotion is
the most common mechanism. It has achieved a high level of e�ciency due to its easy controllability
and a relatively simpler mechanical design. There are four di�erent types of wheeled locomotion,
which are illustrated in the Fig. 2.8 [20]:

1. The Standard Wheel (a), which is characterized by two degrees of freedom, and rotation
occurs around the wheel axle and point of contact.

2. The Castor wheel (b), which has two degrees of freedom, and the turning occurs around the
o�set steering joint.

3. The Swedish (or Mecanum) wheel (c), characterized by three degrees of freedom, and the
rotation occurs around the rollers, wheel axle, and contact point.

4. The Ball or Spherical wheel (d), which has more surface area than the previous cylindrical
castor wheels.
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Figure 2.8: Types of wheels for AMR [20]

On the other hand, the legged locomotion is usually employed for movement in rough terrain
since it allows the vehicle to be highly mobile and overcome signi�cant obstacles such as several
steps or stairs [17, 20].

The ability of AMRs to navigate and operate in a dynamic environment results not only from
the types of locomotion mechanisms but also from their capacity to make real-time decisions, which
has become possible with the introduction of ultra-low-power AI processors. The most widely
recognized AI-focused processor architectures for vision recognition of face, body, gesture, object, or
scene are the Intel Nervana, NVIDIA Xavier and Kneron AI SoC. This technological shift allows the
introduction of new ways for calculating complex decisions related to dynamic routing, scheduling,
navigating, and reacting to obstacles [19].

The last important aspect of an AMR hardware is related to perception, which is the ability
to see, hear, or become aware of the surrounding environment. In the context of an autonomous
mobile robot, perception means the ability to retrieve information about itself and the external
environment within which it is located. For a vehicle to work autonomously, perception is vital and
is achieved with the help of high-resolution sensors and algorithms to extract information from them
[20]. The Fig 2.9 shows the basic �ow diagram of the perception process, and its main components
are processing data from sensors, representation of data, and AI algorithms. All together helps an
AMR to operate numerous functions such as detecting moving objects and environmental changes,
recognizing gestures and voices. All of these examples are achieved with the support of some speci�c
sensors.
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Figure 2.9: Main components of a perception process for AMR [20]

Sensors are devices capable of detecting any physical changes in the environment and converting
them into electrical signals that can be used in other procedures. In the context of AMR systems,
their main objective is to guarantee that the vehicles navigate autonomously and collision-free
within their operating area while safeguarding danger zones. Sensors can be categorized into two
categories [20]:

1. Proprioceptive or exteroceptive kinds of sensors.

2. Active or passive sensors.

A proprioceptive sensor can read the internal changes of the vehicle, such as the internal
battery voltage and temperature, speed of motors used, acceleration, and net loads on the wheels.
While exteroceptive sensors measure aspects of the external environment.

An active sensor has its own source of energy, while a passive sensor can detect energy in
response to inputs from the internal or external environment, like gyroscope motion.

The number and types of sensors to equip depend on the degree of motion freedom of an AMR
[19]: the greater the freedom of movement, the higher the probability of interacting with dynamic
obstacles. Therefore, it implies the need of a larger number of sensors with superior precision. The
most common safety device is the optical laser scanner, which can detect obstacles that block the
path of the AMR. The installation of these scanners is strictly regulated, with speci�c requirements
for their height and position to guarantee e�ective coverage. Besides safety-relevant sensors, AMRs
can have additional built-in sensors, like for navigation and locomotion. Due to their high versatility
and ability to provide real-time feedback, the most common sensors utilized in indoor industrial
settings are the following [19, 17, 20]:

� 2D and 3D lasers sensors.

� 3D Depth Cameras sensors. They are the most used type of sensor since they provide high-
resolution RGB pictures and a 3D point cloud. However, it is required an higher computational
onboard power, limiting their practical operation to speci�c use cases.

� Gyroscope sensors. It is designed to measure or maintain orientation and angular velocity. In
the context of AMRs, it detects how fast the robot is turning around its axes. This data is
essential for the navigation system to calculate the robot's heading and stabilize its movement.
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� Encoders sensors. It is a a kind of electro-mechanical device that can provide motion control
with position, velocity, and change in direction.

� Ultrasonic sensors. They measure the distance by emitting high-frequency sound waves and
calculate the �time of �ight�, which is the duration between emitting the signal and receiving
the echo. These sensors are particularly valuable in industrial settings because, unlike optical
sensors, they can reliably detect transparent surfaces like glass or clear plastic.

� Infrared sensors. They use infrared light to detect the presence of objects or measure short
distances. They typically operate by emitting a beam of light and measuring the intensity of
the re�ection from a surface.

� Light Detection and Ranging (LiDAR) sensors. It is considered the primary sensor for AMR
navigation. It operates by emitting rapid pulses of laser light toward the environment and
capturing the re�ected signal with a sensitive detector. By calculating the precise time it takes
for the light to return (time of �ight), the system generates a detailed, high-resolution map
(point cloud) of the surroundings, allowing the robot to localize itself and detect obstacles in
real-time.

2.2.2.2.2 Software technologies

According to Niloy et al. [20], a mobile robot consists of two vital sections: the mechanical
structure, which has been described in the previous section, and the control section. While the
hardware technologies provide the physical capabilities for movement and perception, the software
architecture is responsible for transforming an AMR into an intelligent and autonomous vehicle,
since it acts as the brain, taking care of monitoring the mechanical structure's ability to achieve the
required objectives. The presence of this onboard intelligence leads to a decentralized control
architecture [19]. Unlike traditional AGV systems, where one central unit decides the routing and
dispatching for the entire �eet, AMRs possess the computing power to make decisions independently,
which allows the vehicle to communicate and negotiate directly with external resources, like ERP
systems or material handling software, and to react dynamically to any demand or changes. This
decision-making process consists of three steps: perception, processing, and cognition. The
raw data gathered by the perception system is re�ned and processed by the cognition function,
which identi�es the objective and plans an optimal collision-free path from the starting point to
the destination [20].

This entire decision-making process is crucial for navigation, the most challenging task for
AMRs, especially for indoor navigation. Since AMRs do not travel on �xed paths, they must
constantly �gure out their location while monitoring the environment. Therefore, navigation is
typically divided into four main activities [20]: mapping, localization, path planning, and obstacle
avoidance.

Mapping addresses the critical issue related to modelling the surrounding environment using
a map-based approach. It is de�ned as the process of creating a representation of the environment,
and it allows an AMR to interpret its surroundings, make informed decisions, and navigate towards
its goal. However, this process presents a dual challenge often described as a "chicken-and-egg"
problem: constructing a map requires knowledge of the location, but determining the location re-
quires an existing map. This paradox is resolved by a supportive technology for real-time navigation
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called Simultaneous Localization and Mapping (SLAM). It can create a detailed map of the
area and calculate the instant position of the vehicle by converting raw 3D point clouds retrieved
from scanning sensors into a stable reference map, �ltering out dynamic obstacles to ensure that
this reference map remains accurate and usable over time.

The choice of the appropriate map representation depends on three factors:

1. The map's precision must match the AMR's operational needs.

2. The features represented by the map must match the features that are extracted by the
sensors.

3. The map's complexity must be balanced against the available computational power.

The two most popular types of traditional map representation are metric and topological maps,
which are generally associated with two-dimensional maps. Ametric map shows the geometric
attributes of a surrounding environment, where the location of the objects is presented as precise
coordinates in a two-dimensional space. While this approach o�ers high accuracy and is easily
readable by humans, it is very sensitive to cumulative errors over time. The most popular metric
map approaches are feature-based, which represents the environment using speci�c geometric
landmarks (lines, points) to de�ne static objects like walls in a continuous space, and free-space
representations, which divides the environment into a discrete grid of cells, classifying each as
"occupied" or "free" based on probabilistic sensor data.

On the other hand, the topological approach doesn't rely on exact geometric coordinates.
Instead, it represents the environment as a graph composed of nodes and arcs. In this model, nodes
refers distinct locations, like intersections, rooms, or workstations, while arcs represent the paths
that connect these adjacent nodes. The main advantage of this representation is its computational
e�ciency since it doesn't require the transformation of the sensor data into a two-dimensional refer-
ence frame, but only requires the storage of location information given a sensor reading. However,
a signi�cant drawback is its high dependency on prior exploration. To de�ne the nodes e�ectively,
the robot must physically visit and record the characteristics of each location beforehand, meaning
that it requires a more expensive exploration of the environment in order to estimate position with
higher precision.

But the last decade has witnessed the emergence of three-dimensional map representations.
An example is sparse map representation, which recreates the environment using only a selected
set of key visual features. However, this approach lacks the geometric detail necessary for complex
interaction. This problem is addressed in the dense maps, which reconstructs the full structural na-
ture of objects by capturing all available visual data, providing rich information for decision-making.
But this representation requires powerful GPUs. An alternative that balances the previous draw-
backs is the semi-dense map, which generates depth maps using a higher density of key-points,
o�ering enough geometric information for e�ective navigation while remaining e�cient enough to
operate on standard GPUs. Semantic maps, on the other hand, go beyond simple geometry by
adding meaning to the environment. Unlike traditional maps that tell the vehicle where an obstacle
is, semantic maps identify what it is, distinguishing, for instance, between a wall and a shelf. This
method allows an AMR to better understand its surroundings and perform its tasks more e�ciently,
but it requires more computational power and advanced software to recognize objects.

Another issue that navigation has to address is determining the vehicle's precise location at a given
time, and it is done through the process of localization. This activity is very challenging since raw
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data coming from the sensors are very sensitive to minor errors, leading to signi�cant inaccuracy.
To overcome this problem, AMRs have to implement sensor fusion methods that combine data from
multiple sources to estimate the vehicle's state.

According to Niloy et al. [20], there are three levels of localization problems based on the vehicle's
prior knowledge. The �rst is local pose tracking, where the system assumes the vehicle is still
near its last known coordinates and uses probability models to re�ne the position and correct small
sensor inaccuracies. A more complex scenario is global localization, where, unlike the previous
case, the vehicle does not know where it starts. Therefore, it is not capable of narrowing down its
search to a speci�c area, and it must initially assume that it could be located anywhere on the map
until it gathers enough sensor data to recognize its surroundings and identify its position. Finally,
the most challenging problem is the kidnapped robot problem, which occurs when the AMR is
physically moved to a new location without its knowledge, but the vehicle believes that it is still
in the old location. The vehicle overcomes this problem when it realizes that its current sensors'
reading contradicts its expectations and, therefore, restarts the search process.

Once the AMR has located its current position within the map, the next step is path planning,
where the vehicle determines how to reach its desired goal. Unlike traditional AGVs that have to
follow a predetermined path, an AMR calculates a new, unique, and colliision-free route from its
start point to the destination. This process involves three steps, as illustrated in the Fig. 2.10:
environmental modelling, de�ning optimization criteria, and executing a path searching algorithm.

Figure 2.10: Di�erence between AGV and AMR [20]

Path searching algorithms are used to �nd a collision-free route to reach a destination point
while satisfying a set of optimization measures, from route length to safety standards. They can be
classi�ed as

1. Classical algorithms. They focus on determining if an optimal path exists within a speci�c
area. The main drawbacks are the high computational power required and the lack of �ex-
ibility in case of changing conditions. The most common examples of classic algorithms are
the Cell Decomposition and Potential Fields.

2. Heuristic graph-based algorithms. They are designed for a static environment where the
vehicle has easy access to a complete map, which is usually represented as a graph of connected
nodes. Instead of exploring every possible path blindly, they use mathematical formulas to
estimate the most e�cient route. The most famous examples are Dijkstra's algorithm, which
�nds the absolute shortest path, and A*, which balances speed and accuracy to �nd the best
path quickly.
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3. Reactive algorithms. These methods are designed for dynamic environments where a
complete map is not available. Instead of following a pre-calculated plan, these algorithms
make immediate decisions based on live sensor data and it allow the AMR to adjust its speed
and direction instantly to avoid unexpected obstacles. The most common algorithms are
Fuzzy Logic or Neural Networks

Path planning techniques can be divided into two main categories: global and local path plan-
ning. Global path planning works on the static and pre-de�ned global map, which often includes
annotations for changing stations, workstations, and no-go zones. Since this process assumes the
map is known and �xed, it uses heuristic graph-based algorithms to calculate the optimal route.
However, the environment is characterized by moving obstacles that are not usually present on the
static map. This issue is addressed by local planning, which relies on data required in real-time
from onboard sensors and it is responsible for the immediate interaction with the environment,
allowing the vehicle to react to dynamic obstacles like human workers. In these unpredictable
scenarios, the reactive algorithms are implemented.

To react to dynamic obstacles, path planning needs to be supported by obstacle avoidance,
which refers to the change of the trajectory of the vehicle to prevent real-time collisions within
dynamic environments. If an AMR is not capable of detecting and avoiding unexpected obstacles,
besides risking physical damage, it fails to reach its destination. The most common algorithm
implemented is Arti�cial Potential Fields, which balances two opposing forces: an attractive
force pulling the robot toward its goal and a repulsive force pushing it away from obstacles. In
more advanced architectures, this algorithm is integrated with a global map, which is updated as
the AMR detects and avoids an object.

2.2.2.2.3 Design of an AMR system

Another important aspect that needs to be addressed is the design of an AMR system. This
phase focuses on de�ning the architecture that governs how the entire �eet interacts with the
factory layout and production work�ows. The design process includes three core activities: �eet
sizing, dynamic zoning, and resource management [19].

Regarding �eet sizing, the traditional methods, that are based on �xed paths and commonly
used for AGV systems, are not suitable for AMR �eets. Due to the dynamic nature of AMR navi-
gation, travel distances and times are highly variable and uncertain, making standard approaches
ine�ective. In fact, in the context of AMR systems, the number of possible paths to connect two
points is e�ectively in�nite. In addition, in many current applications of AMR systems, the vehi-
cles can also operate in shared environments with humans, leading to congestion and high tra�c
that a�ect the performance of the system and increase the travel times. Given this context, the
calculation of the �eet sizes requires new methods that also take into consideration the possibility
of heterogeneous �eets, for example, a �eet of AMRs with di�erent equipment, sizes, or functions.
To solve the problem of determining the optimal number and con�guration of vehicles, the main
methods implemented are mathematical modeling and simulations.

Similarly, the spatial organization also goes through a signi�cant shift. Since AMR vehicles are
no longer tied to a �xed guide path, they can plan their path themselves and can move freely
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in prede�ned travel zones. Therefore, the �owpath design and location of P/D points are not
crucial decisions anymore, and they are replaced by the concept of dynamic zoning. It consists of
dividing the operational environment into distinct zones where the vehicles move freely and operate
autonomously. These zones can be modi�ed on a daily or weekly basis, or even dynamically in
a decentralized manner by the AMR to adapt to changes in the production needs. Limiting the
operating area for each vehicle allows for improving the cost, productivity, vehicle availability, and
overall system responsiveness.

The primary objective of this phase is to minimize travel distances, tra�c congestion, and
throughput time, while balancing the workload across the system. All of them are achieved through
four key activities: analyzing the service area requirements, determining �xed or dynamic service
points, con�guring the zones (including de�ning boundaries and �ow directions), and allocating the
appropriate number of vehicles to each zone. However, this �exibility makes the system much harder
to model compared to traditional AGV systems since service points can move and, therefore, the
workload distribution shifts constantly. This creates a huge number of variables, making standard
mathematical calculations too slow or di�cult to apply e�ectively. So, simulation and evolutionary
algorithms are considered the best tools to manage this complexity, as they can adapt to these
changing conditions better than static models.

The third and last aspect of AMR system design is resource management, where the di�erence
between AGV and AMR technologies becomes more apparent. While traditional AGV systems are
usually limited to perform a single speci�c task, like lifting a pallet, AMRs are designed to be more
versatile, meaning that the AMR's platform allows a wide range of resources to be used and shared.
For example, they can load di�erent types of items, exchange physical equipment, and manage their
own battery swapping. This versatility required an e�cient management of resources, where the
system must decide how the resources are shared among the vehicles. This e�ciency can not be
achieved through a fully decentralized system, where every vehicle decides for itself, but, instead,
it is necessary to have the presence of a coordination mechanism, where the AMRs share their
operational data to make smarter decisions and reach the global optimum.

Currently, new modelling approaches are being developed to solve this coordination issue. The
most common technologies implemented are predictive analytics, since they allow the system
to forecast the perfect moment to change a battery or tool, minimizing the risk of con�icts and
keeping productivity high.

2.2.2.2.4 Limitations and open research gap

Despite the technological advancements, the adoption of AMRs still presents signi�cant limi-
tations and open research gaps [19]. The �rst challenge is related to the complexity of the
manufacturing environment. Modern factories are highly dynamic, particularly due to the shift
towards small batch productions, which necessitate frequent layout changes, such as relocating
workstations. When this happens, the AMR's map is updated manually, a process that is time-
consuming and ine�cient. Furthermore, current sensors are good at detecting obstacles, but they
are not capable of distinguishing between a human, a forklift, or a cable duct on the �oor. This
implies that the vehicle can not make intelligent decisions based on the obstacles, like stopping
for a person but driving over a cable cover, rather than treating everything as a generic wall to
avoid. This limitation leads directly to critical safety issues. For example, most AMRs still rely
on two-dimensional laser scanners that can perceive only at a speci�c height, creating dangerous
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blind spots. For example, an AMR might detect the legs of a table but fail to see the tabletop
protruding above. Therefore, the vehicle might wrongly calculate that there is enough space to
pass between the legs, leading to a collision with the table surface. This gap in two-dimensional
perception remains a signi�cant risk for certi�cation and safe operations alongside humans.

Another area of AMR systems that needs more development is resource and energy e�ciency.
As the �eet sizes grow and processing demands increase, the onboard energy consumption rises,
rapidly draining batteries and reducing the robot's operating time. Research is currently exploring
ways, like Edge Cloud, to transfer these heavy calculations to a central system via high-speed
networks like 5G. This would allow AMRs to consume less power and focus on movement. Similarly,
while AI algorithms o�er smarter path planning than traditional methods, they are often too
computationally heavy to be practical for large �eets right now.

Finally, the industry is struggling with interoperability. Currently, most �eet management
software is proprietary, meaning vehicles that are designed by di�erent manufacturers cannot com-
municate or coordinate with each other. New standards like VDA 5050 are being developed to
create a common language for all vehicles, but they are not yet fully mature or universally adopted.
Solving this problem would allow companies to use and integrate robots from di�erent vendors into
a single and cohesive system, breaking the dependency on a single supplier.

2.3 Simulation

In an increasingly competitive world, simulation has become a powerful analysis tool for the plan-
ning, design, and control of complex systems. According to Shannon [21], simulation is de�ned as
�the process of designing a model for a real system and conducting experiments with this model for
the purpose of either understanding the behavior of the system and/or evaluating various strategies
for the operation of the system�. In other words, simulation modelling is an experimental and ap-
plied methodology that aims at describing the behavior of a system through the construction of
theories or hypotheses to create a model that predicts future behavior in case of any changes in the
system or its method of operation.

The use of simulation brings many bene�ts, including its ability to explore "what if" scenarios and
test new policies, layouts, or hardware without disrupting ongoing operations or before purchasing
resources. The virtual environment created through the simulation enables engineers to manipulate
time, allowing them to quickly examine long-term horizons or slow down a phenomenon for study,
and gain insight into which variables are most important to performance and how these variables
interact. In addition, the knowledge gained about a system while designing a simulation study
can be used to understand how a system really functions. The most important bene�ts are its
versatility and �exibility. In fact, simulation can be applied in almost any type of application,
from computer system manufacturing to social and behavioral.

However, simulation has its own drawbacks. It is a time-consuming and expensive process that
requires specialized training, as the quality of the analysis is strictly dependent on the skill of the
modeler. Furthermore, interpreting results can be challenging, as it is often di�cult to distinguish
whether an observation made during a run is due to a signi�cant relationship in the system or the
randomness built into the model.
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Simulation models are typically categorized based on three dimensions: timing of change,
randomness, and organization. Speci�cally, based on the temporal aspect, it can be divided into
static and dynamic [22]. A static simulation is independent of time, while dynamic simulation
evolves over time. Dynamic simulation can be further categorised into continuous and discrete. In
discrete simulation, changes occur at discrete points in time, while in continuous simulation, the
variable of time is continuous. In addition, discrete simulation is divided into time-stepped and
event-driven. Time-stepped consists of regular time intervals, and alterations take place after the
passing of a speci�c amount of time. On the other hand, in event-driven simulation, updates are
linked to scheduled events, and time intervals are irregular.

Regarding the role of randomness, a simulation can be classi�ed as deterministic or stochastic.
Deterministic means that the repetition of the same simulation will result in the same output,
whereas stochastic simulation means that it will not always produce the same output.

Lastly, based on the third dimension, data organization, a simulation can be divided into grid-
based and mesh-free. Grid-based means that data are associated with discrete cells at speci�c
locations in a grid, and updates take place to each cell according to its previous state and those
of its neighbours. On the other hand, mesh-free relates to the data of individual particles and
updates look at each pair of particles.

2.3.1 Phases in a simulation process

Since the main purpose of simulation modelling is to provide support to the decision maker in solving
complex problems, it is important to have a robust simulation process. Therefore, the following
key phases for a simulation study have been identi�ed [22, 23]: de�nition of the simulation
model, validation of the model, and generation of simulation results. The �rst phase,
which is considered the most important, consists of describing correctly the simulation goals, the
inputs and outputs desired, and the assumptions made. Mistakes during this stage are expensive
and di�cult to �x later on. It starts with the problem de�nition, where usually stakeholders
describe the situation in vague terms, focusing on operational "symptoms" such as pro�t losses,
rather than identifying the underlying root cause, and it ends with the de�nition of the goals,
which is important since it in�uences the required level of model accuracy.

Once the objectives are de�ned, the process shifts to model formulation, which is essentially
the art of abstraction and simpli�cation. Typically, a simulation model tends to be too detailed
and include elements that contribute little or nothing to the understanding of the problem. This
approach is unsatisfactory not only because of the increased di�culty of programming the model
and the additional cost of longer experimental runs, but also because the truly signi�cant aspects
and relationships may get lost in all the trivial details. Therefore, the model must include only
relevant aspects of the system. The most common approach used to have an e�ective modelling is
to follow Pareto's Law, which suggests that 80% of a system's behavior is governed by only 20% of
its components.

Once the conceptual model is de�ned in the form of a logic �ow diagram, the next phase is
validation of the model. It traslates the the logical design into a computer simulation using a
selected IT tool. This stage is characterized by two distinct processes: veri�cation and validation.
Veri�cation ensures that the computer program performs exactly as the modeler wanted. This
involves rigorous debugging to ensure that the code logically re�ects the conceptual model de�ned
in the previous stage. The goal is to con�rm that all parts of the simulation function correctly
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without programming errors. On the other hand, validation focuses on establishing whether the
model is an accurate representation of the real-world system. It involves comparing the model's
behavioral data with historical data from the real system to ensure consistency. Validation is not
a binary decision variable where the model is either valid or invalid, but rather a matter of degree.
In other words, con�dence in the usefulness of a model must gradually accumulate as the model
passes more tests and as new points of correspondence between the model and empirical reality are
found. This process is continuous and should involve the ultimate users, typically middle or upper
management, throughout the study.

The �nal phase aims at conducting simulation experiments and developing various scenarios,
depending on the variable parameters of the model. The simulation is executed to generate behav-
ioral data, which is then analyzed to select the optimal solution based on the objectives de�ned in
the �rst stage. However, ensuring the validity of these results requires careful execution based on
the system's nature. A system can be de�ned as terminating, where the simulation has a natural
endpoint, or non-terminating, where it operates inde�nitely. In this last case, the analyst must
focus on the steady-state behavior.

The last activities to perform are documentation and implementation. A simulation study
is only considered successful if its results are e�ectively communicated and applied. Therefore, the
analyst must translate complex technical results into clear reports that stakeholders can understand
and use, making sure that the model is not only accurate but also practically useful for decision-
making.

2.3.2 Simulation in manufacturing: impact on AGV and AMR systems

Simulation modelling is an essential tool for managing the complexity of today's manufacturing
systems. This industry evolves toward globalization and mass customization, that made production
processes increasingly intricate. Simulation allows to analyze these systems deeply and validate
new strategies without interrupting ongoing operations. Speci�cally, the simulation of material
�ow is a critical area of focus. Since companies aim at responding quickly to market dynamics,
adopting Material Flow Simulation allows for evaluating di�erent scenarios, such as changes in
production paths or the allocation of workstations, before any physical implementation happens.
This preventive analysis allows the identi�cation of bottlenecks and ensures that the planned system
will operate e�ectively [22].

The application of simulation becomes particularly relevant in the context of automating in-
ternal logistics through the implementation of AGV or AMR systems. In fact, simulation has
been extensively applied in the design of autonomous transport systems at two di�erent levels: the
lowest level focuses on the navigation capabilities of the single vehicle (the on-board control),
while the highest level focuses on the global control to optimize routing, allocation, and schedul-
ing policies [10]. In complex intralogistics environments, where large �eets are involved and must
execute numerous tasks simultaneously, the high-level approach is usually prioritized. The main
goal is to �nd a set of parameters to meet user requirements and maximize system performance.
Those parameters include the �eet size, the task dispatching rules that set the criteria to assign
the transportation requests to the mobile robots, the charging policy that decides when to recharge
the batteries to make sure the vehicle does not run out of buttery in the middle of a task, the idle
policy to choose what to do when a robot �nishes a task and there is no new task, and, �nally, the
route planning and tra�c management policy.
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Given this context, the simulation techniques are widely preferred for the design over analytical
ones, which use mathematical equations to �nd the optimal solution. The main reason is that
analytical models become extremely di�cult to construct when applied to complex systems charac-
terized by a multitude of variables and dynamic parameters. In addition, analytical methods often
require signi�cant simpli�cations and assumptions, which increases the risk of deviating too far from
reality, while simulation modelling can handle this complexity without compromising accuracy, and
without the need for a detailed simulation for each vehicle, either AGV or AMR, when analyzing
the global control system [10].

When it comes to the choice of simulation tools, there is no universal software solution. The
selection of the appropriate software depends on the speci�c purpose of the simulation and the
nature of the process. The most popular simulation packages include Arena, AnyLogic, FlexSim,
Simio, Plant Simulation, Enterprise Dynamics, and Simul8. All these platforms are classi�ed as
Discrete Event Simulators (DES) and are speci�cally designed to study complex intralogistics pro-
cesses [23]. For this reason, particularly when analyzing global autonomous systems, researchers
generally prefer using these high-level simulation tools rather than modular control frameworks like
the Robotic Operating System (ROS) [10].

2.3.3 FlexSim

FlexSim [24], developed by FlexSim Software Product, Inc. is one of the most popular, powerful
and user-friendly 3D simulation software solutions available in the market. It is capable of mod-
eling, simulating, predicting, and visualizing business systems in a variety of industries, including
manufacturing and material handling. FlexSim supports companies in decision-making processes,
like the optimization of systems and the analysis of alternative investment ideas. It is also used to
successfully reduce costs since it can test methods for allocating resources more e�ciently, minimize
the negative e�ects of breakdowns and optimize prioritization and dispatching logic for goods and
services.

The software operates on an object-oriented architecture, where the user can create a 3D
model by dragging and dropping pre-de�ned 3D objects into the simulation space. These objects
are classi�ed into three main classes: �ow items, �xed resources, and task execturers. Flow items
are the items that �ow through the simulation model, and they represent many di�erent things,
from materials moving through an assembly line to customers walking through a service center. By
default, �ow items look like brown boxes, as shown in the Fig.2.11, but their visual appearance can
be easily changed and customized to satisfy speci�c requirements.
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Figure 2.11: FlexSim - Flow items

Fixed resources, instead, are objects that remain �xed or stationary in the simulation model.
They interact with �ow items in the business system in various ways, and they can represent various
steps or processes. Common examples include sources, which create items, processors, conveyors,
queues, and sinks. All �xed resources operate in similar ways: they receive �ow items through
input ports, perform a speci�c operation on them, and then release the items through output ports
to the next stage of the system.

Finally, task executers include mobile resources that perform operations like transporting
items. Some examples are operators, AGVs, and forklifts. Unlike �xed resources, task executers
have speci�c motion parameters (acceleration, max speed, deceleration) and can travel across the
network grid or free space.

The logic of the simulation that dictates the behavior of each system component can be de�ned
in two ways. The traditional method consists of con�guring the parameters directly within the
object's properties. However, for more complex systems, the most robust approach is using a visual
programming tool that runs parallel to the 3D model called Process Flow. It consists of building
the model's logic by connecting pre-built activity blocks with a �owchart approach. This method
allows for the centralization of logic in one place, facilitating scalability and debugging as the model
evolves and changes.
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Figure 2.12: FlexSim - Process Flow

While the Process Flow tool can handle almost any kind of simulation logic, more complex
modelling scenarios often require a higher degree of customization. In this case, FlexScript is
the most appropriate method to exploit. FlexScript is the internal scripting language of FlexSim
and it allows to have a better understanding of the model's internal mechanics and to implement
custom logics that are too complicated to be e�ciently represented by visual blocks. This language
presents functions made speci�cally for the FlexSim simulation environment, including concepts
such as variables, loops, conditionals, functions and data types; but it also has some similarities
with other programming languages like C.

FlexSim can be used not just for visualization, but also for statistical validation. In fact, the
software automatically collects data on every object in the model, which is accessible through
FlexSim's Dashboard tool. This is a graphical user interface that displays real-time data, like TH
or resource utilization, via charts and graphs. In the context of intralogistics, it is a very useful
tool since it allows companies to monitor the simulation and calculate in real-time KPIs.

2.3.3.1 Transportation systems in FlexSim

Another reason why FlexSim is one of the most popular simulation software tools is the possibility
of modelling in detail complex transportation systems, like AGVs and AMRs.

By default, in FlexSim, a task executer moves following a straight line, since it is the shortest
way to connect two points. This default travel logic is often insu�cient for realistic industrial
environments, as it ignores physical constraints. For instance, task executers travel through walls,
machinery, or other types of barriers. To overcome this limitation of the default travel system,
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FlexSim o�ers more advanced travel tools to create more accurate paths, ensuring that the move-
ment appears visually correct and the results are representative of the actual business system.
Depending on the type of navigation required, FlexSim provides two main navigational tools: AGV
network and A* navigation.

AGV network module is designed to simulate systems that implement AGVs to transport
goods from one destination to another. This tool allows users to de�ne speci�c paths (representing
magnetic tapes or inductive wires) and control points. In addition, FlexSim o�ers pre-built AGV
Process Flow template to accelerate the simulation design and set up. These templates contain
the basic logic to simulate any common AGV systems, but they can be easily customized baased
on the system's needs.

Since AGV systems are costly to implement, simulating them beforehand is a critical activity.
In fact, beyond statistical analysis, an AGV simulation model can act as a communication tool for
the implementation phase, helping engineers understand the logic and routing rules required for
programming the physical vehicles.

Figure 2.13: AGV network

On the other hand, A * Navigation system is usually implemented for systems that require
some degree of movement, like in the case of AMR systems. This tool divides the model into a
grid of nodes and any �xed resource connected to the A* system is considered as a barrier. In this
context, a task executer travels following a path calculated by the A* search algorithm, which �nds
the fastest path to reach the destination while avoiding any barriers.

To determine the most suitable tool for the simulation, the following strengths and weaknesses,
summarized in the Tab. 4, must be taken into consideration.
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AGV Networks A* Navigation

Advantages • Gives the user more control over
task executer travel paths.
• Models might run faster (fewer
calculations required).
• Can restrict travel direction
(one-way vs two-way).
• Can set speci�c speed limits on
paths.
• Allows creation of virtual
distances (manipulating node
distance vs actual distance).

• Fairly easy to set up; handles most
logic automatically.
• Easier to con�gure for models with
high numbers of destinations and
complex routing options.

Disadvantages • Takes a slightly longer time to set
up.
• Creating paths between every
possible destination can be
cumbersome.
• Troubleshooting connectivity
issues can be time-consuming.

• In large/complex models, the
search algorithm can slow down
simulation speed.
• Heavy calculation loads can
sometimes result in strange
movement visuals (lag).

Tab. 4: Comparison between AGV Networks and A* Navigation
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Chapter 3

State of Arts

AGV and AMR systems, as it has been mentioned in the previous chapter, represent a technological
revolution for the automation of material handling operations in intralogistics. However, given their
high costs and risks, simulation has been considered in the scienti�c literature as a fundamental
tool for analyzing these systems. In this context, this chapter presents a critical review of the
current state of the art. The primary objective is to investigate the existing literature to identify
research gaps regarding the correlation between layout complexity and the strategic choice of the
transportation system. Speci�cally, the analysis focuses on how simulation is used to compare
AGV and AMR �eets and to evaluate their adaptability across environments with increasing layout
complexity.

The research and analysis process of the scienti�c material can be divided into two phases, as
shown in Fig. 3.1: paper identi�cation and critical analysis.

The �rst phase consists of searching and selecting relevant scienti�c papers to write both the
Theoretical Background and the State of the art chapters. Speci�cally, for the �rst chapter, the
research focuses on technical papers that de�ne intralogistics concepts and describe the technical
architecture of mobile robots in detail, including their navigation technologies, control strategies,
and core �eet management tasks. On the other hand, for the State of Arts, the initial research
objective was to identify papers speci�cally dedicated to the comparative analysis between AGV and
AMR systems within layouts of increasing complexity, potentially using FlexSim as the simulation
software. However, the literature search revealed a signi�cant lack of articles addressing this speci�c
topic. Therefore, the focus of the research was extended to cover related sub-topics, like the general
application of simulation on AGV and AMR systems and studies on the impact of layout on their
performance. In addition, the research papers was not limited to static environments but also
included those analyzing AGV and AMR in dynamic circumstances characterized by the presence
of moving obstacles. Regarding the simulation tools, due to the lack of papers using FlexSim, the
research was extended to include all types of software. Finally, an important part of the research
was dedicated to �nding models that compute the complexity of a layout through a measurable
index in order to objectively compare di�erent layouts.
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Figure 3.1: Research and selection process

These articles were primarily found in two major databases, Web of Science and Scopus, and
the keywords used were the following:

� AGV.

� AMR.
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� Simulation in AGV/AMR system.

� Comparative analysis of AGV/AMR using simulation.

� Simulation for facility layout design of AGV/AMR system.

� Moving obstacles in AGV/AMR system.

� Complexity index of a layout.

3.1 Paper Analysis

The second phase of the research process is the critical analysis of the papers selected for the State
of Arts. To make the analysis more organized, the selected scienti�c materials were divided into
�ve categories :

1. Comparative analysis between AGV and AMR supported by simulation.

2. Simulation to support decision-making in strategic planning.

3. Simulation to support layout design.

4. Analysis of dynamic obstacles' impact on the system's performances.

5. Model to compute the complexity layout index.

The Tab. 5 presents the papers divided by category and reports the essential information
for each paper, such as the title, bibliographic reference number, year of publication, main topic
addressed, and the conclusions reached by the authors.

1. Comparative analysis between AGV and AMR supported by simulation
The main goal of the research for this category was to identify studies that perform direct

comparative analysis between AGV and AMR systems, speci�cally in scenarios where the layout
complexity increases. Therefore, the objective is to �nd existing models that connect the type
of layout to the system's performance. However, the research revealed a signi�cant gap in the
state of the art. Numerous studies are comparing the general performance of the two systems
in di�erent layouts, but none of them have analyzed how the results are in�uenced as the layout
complexity changes. Therefore, the focus has shifted towards articles that use simulation to compare
the operational performance of the two types of �eet, without considering the layout complexity
metrics.

Silva et al. [25] explore the feasibility of the two systems by comparing their navigation per-
formance within the same environment, through four KPIs (time, success rate, collision rate, and
average number of collisions), using RViz and Stage simulation tools. The two path planning algo-
rithms used are the TEA* ((Time Enhanced A*) for AGV and ROS Navigation with TEB (Time
Elastic Band) planner for AMRs. The results of the analysis show that AMRs have superior time
e�ciency in dynamic environments, especially as the �eet size increases, while AGVs have a better
collision rate due to the predictability of their �xed paths. On the other hand, Bang et al. [26]

46



addresses the challenge of managing a �eet in limited workspaces. The model proposed, built us-
ing FlexSim, is a Virtual Grid Layout with Direction Constraints (VGL-DC). The study involves
comparing three scenarios: a conventional rail-based AGV system, AMR without restrictions, and
AMR with directional restrictions. The results reveal that the VGL-DC model is the most e�ective,
since it successfully eliminates deadlocks and achieves a 39.5% reduction in the average delivery
time compared to the other systems.

Maas Genannt Bermpohl et al. [27], instead, focus on the problem of task allocation. They argue
that traditional asynchronous, event-based dispatching methods, typically implemented in AGV
systems, are not suitable for AMR systems as they are not capable of supporting high mobility and
continuous path changes. The article proposes a dispatching method based on synchronous, timer-
based evaluation strategies. Utilizing Agent-Based Simulation rather than the typical Discrete
Event Simulation, the study reveals that advanced algorithms like the Stable Marriage Problem
(SMP) and Linear Sum Assignment Problem (LSAP) signi�cantly improve vehicle travel e�ciency
by reducing total travel distance and operational costs. However, the throughput rate did not
increase.

Despite their di�erent scopes, they have a series of common points. First, all studies rely on
the use of simulation to validate the proposed models and to compare the performance of the two
systems. Second, except [25], the studies propose new models or algorithms designed to improve the
AMR capabilities, validating their e�ectiveness by comparing them with traditional AGV systems.

2. Simulation to support decision-making in strategic planning
Within this category, the focus of the papers is the use of simulation as a strategic tool for both

management and system design. Simulation is not used only for technical validation, but it can
also support decision-making processes in the context of automated material handling, ranging from
determining the feasibility of an investment to optimizing �eet size. Unlike the previous category,
there is a lack of comparative analysis, since these studies focus on optimizing one speci�c type of
system, either AGV or AMR.

Gebennini et al. [28] propose a Discrete Event Simulation (DES) methodology to support the
design and investment decisions for an AGV transport system in an end-of-line (EOL) logistics.
Applied to a real-world case study, the study determines the optimal �eet size, the number of
bottlenecks, and bu�er e�ectiveness. The performance of di�erent AGV �eet sizes was evaluated
through 2 KPIs: mean service time and mean EOL queue size. A similar approach was used by
Melo and Corneal [29] to automate the �nished goods material �ow using AMRs in an automotive
supplier plant. The goal was to increase productivity, optimize �oor space, enhance safety, and
reallocate human labor to higher value-added tasks. Simulation was used to determine the optimal
layout among single-loop, conventional, and tandem layouts. The authors prove that the tandem
layout is the most bene�cial approach in this context with an optimal �eet size of three mobile
robots. Rema et al. [30] also addresses the problem of AMR �eet sizing, but in the context of a
manufacturing warehouse. This approach combines real-world �eet management software, using the
TEA* algorithm to control the robots, with FlexSim software simulation. The simulation modelled
5 scenarios with varying �eet size, and, for each of them, the KPIs measured are task completion
capacity and robot utilization e�ciency. The optimal �eet size obtained corresponds to 3 robots.
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3. Simulation to support layout design
This category explores the application of simulation in the design and optimization of the phys-

ical layout of an operating environment. Unlike strategic planning, the focus is on the correlation
between the vehicle's performance and the facility layout. Through simulation, the authors demon-
strate how modifying the layout is often e�ective in reducing tra�c congestion and the navigability
of the system.

St¡czek et al. [31] use Digital Twin (DT) technology to support decision-making for the imple-
mentation of an AMR system within a production hall. The system is modelled within the Gazebo
simulation software, while RViz is used to monitor and visualize the real AMR's behaviour. The
study demonstrates that DT technology is a crucial tool for making data-driven decisions, as it
helps determine the modi�cations needed to the physical layout to reduce travel time and bottle-
necks, as well as optimize the storage bu�er size. On the other hand, Verma et al. [32] propose
a model based on Control Zone systems to manage multi-AGV tra�c. The core idea is to divide
the layout into zones, where the number of vehicles that have access to it is limited. The analysis,
made using FlexSim as simulation software, speci�cally focuses on the performance of two represen-
tative tra�c management strategies: the Dynamic Resource Reservation (DRR) approach, which
relies purely on con�ict prevention by restricting shared route access, and the Improved Dynamic
Resource Reservation (IDRR) algorithm, which further includes logic for con�ict resolution. The
study demonstrates that the layout discretization has a great impact on the e�ciency of the entire
�eet, speci�cally, they depend on the size and number of the control zone. When there is low dis-
cretization, the system TH and overall performance drastically decrease due to high delays, while
in the case of high discretization, the system achieves higher performance in terms of costs, but, at
the same time, it requires a higher computational burden to manage the increased number of zones
in real-time.

Clarion et al. [33] address the problem of determining the optimal physical layout for a Recon-
�gurable Manufacturing System (RMS), which are inherently �exible system designed to rapidly
adapt production capacity and functionality in response to changing market demands. Therefore,
this type of system requires a layout that is easy and cost-e�ective to recon�gure. An interesting
aspect touched in their study is the impact of the properties of the workstations, like their dimen-
sions and operational constraints, on material �ow e�ciency and the overall cost of con�guration.
To address the challenge of RMS, the authors propose to use the Simulated Annealing (SA) meta-
heuristic, which allows exploring a vast solution space and avoiding being trapped in a sub-optimal
local solution.

4. Analysis of dynamic obstacles' impact on the system's performances
The previous categories addressed static scenarios where the obstacles were �xed and known.

On the other hand, this section presents the papers that examine the behavior of AGVs and AMRs
in dynamic environments. The presence of moving obstacles, like human workers, is one of the most
critical challenges in automated material handling. In this context, the two types of vehicles react
in di�erent ways. For traditional AGVs, which are characterized by �xed and predetermined paths,
the sudden appearance of a dynamic obstacle on the path constitutes a signi�cant problem, since
they are unable to calculate an alternative route to avoid the obstacle. AGVs can only stop and
resume traveling once the path is clear. While AMRs are equipped with software that ensure them
to detect obstacles and calculate alternative trajectories in real-time.

48



Most of the papers in the literature regarding this topic address the issue of moving obstacles
by proposing new models to improve the existing path and moving planning algorithms. It can be
observed that in the context of AGV systems, researchers often analyze modern or hybrid types of
AGV, which exhibit certain degrees of movement freedom, rather than traditional �xed-path ones.
These systems bridge the gap between rigid AGVs and �exible AMRs, featuring local obstacle
avoidance capabilities while adhering to global path constraints.

In this context, Li et al. [34] propose a two-stage hybrid strategy that uses a three-dimensional A*
algorithm search to generate a collision-free path, and applies the QCQP (Quadratically Constrained
Quadratic Program) optimization to re�ne and smooth this trajectory for dynamic moving obstacle
avoidance in AGV systems that have a degree of free movement. Similarly, Teso-Fz-Betoño et al. [35]
suggest a free navigation system for AGVs that allows tracking a non-static target while avoiding
obstacles. It consists of adapting the proportional control logic of the �Moving to a Point� technique
by integrating a real-time obstacle avoidance function, preventing the AGV from simply stopping.
Meanwhile, Yao et al. [36] present a map-based Deep Reinforcement Learning approach to address
the issue of AGVs moving in the presence of crowds.

Many of the reviewed papers concerning dynamic AGV systems have developed methods to
improve the A* algorithm since it is the most used for path planning, but it is not powerful
enough in a dynamic environemt. Therefore, many authors propose coupling it with dynamic
obstacle avoidance algorithms, such as the Dynamic Window Algorithm (DWA). Wang et al. [37]
demonstrates that, by fusing the two algorithms, it was possible to achieve global path planning
and dynamic obstacle avoidance in a dynamic AGV system. The travel time is improved by 26.3%,
the path length is 7.2% shorter, and the number of turning points is 71.4% less. Similarly, Li et al.
[13] have developed a model that couple A* algorithm with DWA.

On the other hand, in the context of AMRs, Liu et al. [38] propose an obstacle-avoiding controller
that combines Fuzzy Logic to make real-time decisions based on sensor data (such as proximity)
and Genetic Algorithms (GA) to optimize the Fuzzy Logic control parameters. This generates more
robust, safe, and e�cient trajectories in multi-obstacle environments by maximizing performance
in terms of speed, security, and path �uidity.

However, the objective of the thesis is neither to evaluate the suitability of speci�c algorithms nor
to propose a new mathematical model to address dynamic obstacle avoidance. Instead, the goal is
to use simulation to support industrial decision-making in the selection of the mobile robot system
best suited to a given facility layout. Among the reviewed papers, there is a noticeable lack of
research addressing dynamic obstacles from this perspective. In addition, this thesis concentrates
on the performance and limitations of traditional AGVs rather than modern AGVs. However,
there is a lack of studies addressing the impact of dynamic obstacles on traditional systems. In
fact, it can be observed that the papers that analyze this issue from a managerial perspective
are predominantly restricted to the context of AMRs. For example, Cadete et al. [39] addresses
the challenge of ensuring safe AMR navigation in environments populated by moving obstacles,
such as humans and other vehicles. To solve this, the authors propose a hybrid strategy fusing
an enhanced A* algorithm, which was modi�ed to incorporate obstacle trajectory prediction for
global planning, with the Arti�cial Potential Field (APF) method for local collision avoidance. The
system was validated within a Gazebo-ROS2 simulation environment through various scenarios
involving tra�c rules and pedestrian interactions. The performance was measured using speci�c
KPIs: average time to goal, average velocity, number of stops, and the minimum distance to moving
obstacles. The authors demonstrate that integrating trajectory prediction signi�cantly improves
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both safety and navigational e�ciency.
Similarly, Hall et al. [40] propose a coordinated method based on independent optimization

to address navigation in a dynamic environment, like a high-capacity warehouse. It consists of
separating the decision-making process into two layers: global planning and local avoidance. The
global avoidance focuses on global path planning, and it uses a variant of the A* algorithm to
�nd an initial and global shortest path based on the static map of the environment. On the other
hand, local avoidance is a function that is executed in real-time, and it focuses on dynamic obstacle
avoidance. It allows the mobile robots to not recalculate the global path, but instead it uses a Model
Predictive Control (MPC) to modify the immediate trajectory and optimize velocity commands,
ensuring local safety. To validate the proposed method, the authors have constructed a virtual
environment within Gazebo and RViz simulations to test the system's performance. The results
con�rm that separating the two optimization decisions leads to safer obstacle avoidance, faster
computation time, and more responsive behavior compared to existing coupled methods, which
tend to recalculate the path repeatedly when detecting a new obstacle.

5. Model to compute the complexity layout index
Another important aspect addressed in this thesis is the de�nition of layout complexity. It

is crucial because the comparative analysis between AGV and AMR technologies is conducted
across various scenarios, each characterized by a di�erent level of spatial di�culty. Therefore, it is
necessary to de�ne layout complexity quantitatively through a speci�c index to ensure an objective
comparison between the various scenarios and to determine more e�ectively the existence of a
correlation between the performance of an automated material handling system and the structural
complexity of the layout in which it operates.

However, the literature research revealed a lack of relevant studies that address this challenge.
Only one paper [41] explicitly proposes a model to calculate the structural complexity of a physical
layout, while the vast majority of existing research focuses on process complexity, such as production
scheduling, product variety, or assembly sequence di�culty, rather than the physical constraints of
the facility itself.

Given the importance of the structural complexity of the layout in the e�ciency of a material
handling system, ElMaraghy et al. [41] propose the Layout Complexity Assessment (LCA)
model. It evaluates the layout complexity by measuring the e�ort required to manage the material
�ow of a system. The model is structured into three steps:

1. System layout analysis. The physical layout is mapped into a diagram composed of nodes
and arrows.

2. Adjacency Matrix Creation. To mathematically de�ne the relationships between these deci-
sion points, a square n× n adjacency matrix is generated (where n is the number of nodes).
If a direct material �ow exists between two workstations, the corresponding matrix value is
"1" (or the speci�c number of parallel connections); otherwise, it is "0".

3. Complexity Indices Generation. Based on the adjacency matrix, the model calculates six
distinct complexity indices: density, path, cycle, decision points, redundancy distribution,
and redundancy magnitude. These indices measure the information content of the system,
which directly correlates to the di�culty of making �ow-related decisions. All indices are
normalized on a scale from 0 to 1.
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Finally, the six indices are uniformly distributed and plotted in a radar plot to calculate the
Layout Complexity Index (LCI).
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Chapter 4

Proposed method

The increasing adoption of automated transportation systems for material handling within man-
ufacturing companies is a highly relevant issue due to its signi�cant economic implications. The
analysis of the State of the Art highlights that the selection of such a system often depends on
a series of qualitative considerations, as well as cost-bene�t analyses. However, a signi�cant gap
has been identi�ed in the literature regarding the study of the correlation between the topological
complexity of a facility layout and the performance of AGV and AMR systems.

Given this context, the objective of this thesis is to bridge the gap by proposing a simulation
based method, designed to support companies in selecting the optimal automated transportation
system, between AGV and AMR �eets, based on a comparative performance evaluation as the
layout complexity increases. Speci�cally, the proposed method analysed two speci�c scenarios:
static and dynamic environments. In the static scenario, the two systems are analysed under
ideal conditions, where it is assumed the absence of unforeseen obstacles. This scenario represents
the baseline to analyse the real impact of the layout complexity on the performance of the �eets.
While in the case of a dynamic environment, the systems are subject to the presence of obstacles
that can block the path of the vehicles. The objective here is to test the �exibility of both systems
under unpredictable conditions, and to identify which technology's performance is more impacted
as the layout complexity increases.

The proposed method is composed of the following four sequential phases, as illustrated in
the Fig 4.1.
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Figure 4.1: Sequential steps of the proposed method

The �rst phase, layout con�gurations, involves the design of three distinct layout con�gura-
tions of the same manufacturing environment characterized by increasing levels of complexity: low,
medium, and high. The lowest level is characterized by simple �ows of material with minimal in-
teractions. The medium, instead, features mixed �ows with moderate alternative routing options.
Lastly, in the highest level of complexity, the layout presents a highly connected network with
redundant paths and intersections.

The second phase, layout complexity assessment, aims at providing a quantitative measure-
ment of the topological complexity characterizing the three con�gurations designed in the previous
step. This phase ensures that the complexity classi�cation assigned to the layouts is validated
through objective, quantitative, and mathematical metrics. An adaptation of the Layout Com-
plexity Assessment (LCA) model proposed by ElMaraghy et al. [41] is applied. In this model,
the physical layouts are converted into graph-based representations to calculate the Layout Com-
plexity Index (LCI), which results from the combinations of 6 other indices (density, path, cycle,
decision point, redundancy distribution, and redundancy magnitude).

The next phase is simulation modeling implementation, which consists of converting the
conceptual layout con�gurations within the FlexSim simulation environment. The main objective
is to model the operational behavior of both AGV and AMR �eets, ensuring that it represents a real
manufacturing environment. This step involves designing the respective navigation control logic for
each system under both static and dynamic conditions. Simulating before the real implementation
makes this model a key tool for decision-making, allowing companies to test the system's behavior
in a safe, virtual environment.
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Following the simulation implementation is the performance evaluation and comparative
analysis between the two systems. Since several parameters are assumed to be non-deterministic,
this phase involves processing data through the FlexSim Experimenter tool, which allows the
execution of multiple simulation runs to take in considerationthe system variability. The goal is
to collect and compare a set of Key Performance Indicators (KPIs) to identify a correlation
between the variation in the system performance and the increase in layout complexity, in both
static and dynamic scenarios, while also considering the stochastic nature of the system.

4.1 Layout complexity assessment

For the computation of the layout complexity index, a modi�ed version of the LCAmodel proposed
by ElMaraghy et al. [41] is adopted. While the original model was designed for manufacturing �ows,
the proposed model of this thesis introduces speci�c adaptations to address the case of automated
material handling systems.

The objective of the LCA model is to introduce metrics for assessing the structural complexity
of manufacturing systems' layout by de�ning the characteristics and �ow patterns that contribute
to the complexity of decision-making during system operations [41].

The LCA model develops a graphical representation of the physical manufacturing system layout
and generates measurable complexity indices based on the number, locations, and connectivity of
decision points within the system layout, and they are used to evaluate and compare the structural
complexity of various layout alternatives [41].

The proposed methodology is composed of three steps, as shown in the following Fig. 4.2.

Figure 4.2: IDEF0 representation of the LCA model by ElMaraghy et al. [41]

In the �rst step, system layout analysis, the physical layout is analyzed and converted into
an oriented, unweighted graph diagram with nodes and arcs. The objective is to identify where the
decisions are made based on the connections between di�erent manufacturing system components,
areas, and departments. In this graph representation, for ElMaraghy et al. [41], the nodes represent
the points where decisions regarding material �ow direction and destinations are made [41], while
arcs represent the connection and direction of material �ow existing between nodes. The de�nitions
of these elements have been adapted speci�cally for the context of this thesis. The nodes represent
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any point where a vehicle stops to load or unload an item, or intersections where the path splits,
requiring the vehicle to select a speci�c route among the alternatives. On the other hand, arcs
represent the vehicle navigation network, de�ning the speci�c paths where AGVs and AMRs can
travel within the layout to reach their destinations.

In addition to standard nodes, the LCA model adds two speci�c types of extra nodes to the
graph [41]: system input and output nodes. These nodes allow identifying all the distinct paths
that connect an input node to an output node. In the proposed model, they represent the parking
spot, where the vehicles return to charge their batteries, or once they have completed all their
orders. Within one system layout, it is possible to have several input and output nodes [41].

The second stage, adjacency matrix creation, consists of creating an n x n adjacency matrix,
where n is the number of nodes, based on the graph representation created in the previous step.
The purpose of this matrix is to mathematically generate the various complexity indices in the
LCA model. The values within the adjacency matrix cells correspond to the actual number of
connections between two nodes of the graph. For example, a value of �1� indicates that a single
arc is connecting two nodes, while a value of �0� means the absence of connections. In cases where
multiple parallel connections exist between two nodes, the exact number of arcs is recorded in the
respective matrix cell [41].

The �nal step is the generation of the layout complexity indices. During this phase, six
distinct complexity indices are calculated and then integrated into an overall Layout Complexity
Index (LCI). This index allows the comparison between various layout design alternatives. These
six indices are calculated based on graph theory, and they quantify the information content that
impacts the di�culty of decision-making within the system layout. In addition, they are normalized,
meaning that their values range from 0 to 1 [41].

The aggregation into a single metric is obtained by plotting the six normalized indices on a
radar plot, assuming equal weights for each index [41].

The LCI formulation is given in the following way (Eq. (4.1)):

LCI =

(
n∑

i=1

Ci

)2

−
n∑

i=1

C2
i (4.1)

where Ci represents the individual complexity index value, and n is the number of indices
considered. This formulation overcomes the sequence dependence drawback, ensuring that the
value of LCI is not in�uenced by the order in which the indicators are distributed in the radar plot
[41].

4.1.1 Calculation of complexity indices

The six complexity indices computed in the LCA model [41] are the following: density index, path
index, cycle index, decision points index, redundancy distribution index, and redundancy magnitude
index. Among these, only the computation of the cycle index has been modi�ed.

Since the manual computation of all the indices' parameters is not feasible due to the scale and
interconnectivity of the layout con�gurations, they were computed using a custom MATLAB script.

55



1. Density index
The density of a layout graph is de�ned as the ratio of the actual number of unique connections

to the theoretical maximum number of unique connections given n nodes (Eq. (4.2)), obtained by
assuming a fully connected graph where all pairs of nodes are linked [41]. This index considers
unique connections, meaning that multiple arcs between the same pair of nodes are counted as
a single connection, since redundancy is speci�cally measured by other two indices, redundancy
distribution and magnitude indices.

D =
k

n(n− 1)
(4.2)

The parameter k represents the actual existing number of unique connections, and n is the actual
number of nodes present in the graph representation. A high value of density index indicates a more
complex system because of the relative increase in the number of unique connections compared to
the number of nodes in the system layout [41].

The values of the parameters k and n were calculated using the following MATLAB code:

Listing 4.1: Calculation of k and n

1 % Adjacency matrix
2 % De f i n i t i o n o f source ( s ) and ta r g e t ( t ) v e c t o r s
3 s = [ node_source_1 , node_source_2 , . . . , node_source_m ] ;
4 t = [ node_destination_1 , node_destination_2 , . . . , node_destination_m ] ;
5 %vector with name o f the nodes
6 name_nodes = { `name_1 ` , `name_2 ` , . . . , `name_m` , }
7 % number o f nodes
8 n = length ( nomi_nodi ) ; % Number o f nodes
9 %Creat ion o f the weighted adjacency matrix A
10 A = accumarray ( [ s ( : ) , t ( : ) ] , 1 , [ n , n ] ) ;
11 %Creat ion o f the binary ve r s i on o f the adjacency matrix A
12 A_bin = double (A > 0) ;
13 %Number o f unique a r c s
14 k = nnz (A) ;

As shown in the code, the number of arcs and nodes is extracted starting from the adjacency
matrix, which is created in three steps. First, the connection between the nodes is manually de�ned
using two vectors: the source vector (s) and the target vector (t). Each pair (si, ti) represents a
directed arc in the graph. To generate an n × n square matrix, the accumarray function is used.
This command is relevant to manage system redundancies automatically. Whenever a speci�c pair
of nodes appears multiple times, which indicates the presence of parallel physical connections, the
function sums these occurrences. It assigns a weight greater than 1 to the corresponding matrix
cell. In parallel, a binary version of this matrix, called A_bin, is created to calculate unique paths
without the in�uence of redundant connections. In this matrix, the cells take the values 0 or 1
depending on whether a connection exists between the nodes.

Once the adjacency matrix is de�ned, the number of arcs is calculated using the nnz(A) func-
tion, which provides the number of non-zero elements within the matrix A, which corresponds
to the total number of unique connections. While the number of nodes is calculated using the
length(name_nodes) function, which measures the size of the name_nodes vector.
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2. Path index
A path is de�ned as the sequence of nodes that connects the input nodes to the output nodes,

without crossing the same node twice. As the number of alternative paths increases, the number
of decisions required to control the �ow within the system increases, thereby in�uencing layout
complexity [41].

The path index compares the minimum theoretical number of unique paths to connect the input
and output nodes to the actual number of unique paths present in the graph, as illustrated in Eq.
(4.3).

P = 1− p

N
(4.3)

In this equation, p is the minimum theoretical number of unique paths, which is calculated as
the product of the number of input nodes and the number of output nodes (input nodes x output
nodes), and N represents the actual number of existing unique paths [41].

The parameter N has been calculated starting from the binary matrix A_bin, as illustrated
in in the code snippet 4.2. The total number of unique paths is obtained thorugh a recursive
search function (find_all_paths(A_bin, input_node, output_node)), based on the Depth-First
Search (DFS) algorithm, which explores the graph starting from the input_node and follows every
possible branch until it reaches the output_node. Since, by de�nition, a path is a sequence of
nodes where a node is not repeated, the function find_all_path keeps track of the nodes that
have already been visited within each branch. The �nal output of this function is a cell array of
vectors (unique_paths), where each of them represents a unique sequence of nodes. From this list,
the total number of unique paths is calculated using the function length(unique_path).

Listing 4.2: Calculation of the number of N

1 input_node= node_n ;
2 output_node= node_n ;
3 %Binary matrix
4 A_bin = double (A > 0) ;
5 % re cu r s i v e search func t i on
6 unique_path = f ind_al l_paths (A_bin , input_node , output_node ) ;
7 % Total number o f unique paths (N)
8 num_unique_path= length ( unique_path ) ;

3. Cycle index
A cycle is de�ned as a loop of nodes that starts and ends at the same nodes. It contributes to

the structural complexity of a facility layout since the �ow does not follow a linear sequence, and
it increases the di�culty of following the vehicle navigation network across the system layout [41].

In the LCA model proposed by ElMaraghy et al. [41], the cycle index is calculated as shown in
Eq. (4.4).

CL =
C

MC
(4.4)

where C is the actual number of cycles and MC is the theoretical maximum number of cycles,
calculated as illustrated in Eq. (4.5) [41].
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MC =

n∑
i=2

Cn
i (4.5)

Cn
i is the combination of n nodes starting with two nodes, since at least a pair of nodes is needed

to have a cycle.

However, this formulation has been considered not suitable for calculating the cycle complexity
of a physical facility layout for two main reasons. First, the denominator MC takes into consid-
eration all possible combinations of nodes that can exist within a graph, but, in a real industrial
environment, certain �ow combinations cannot exist due to physical constraints of a system, or they
are practically super�uous. Therefore, MC leads to a signi�cant overstimation of the theoretical
number of cycles.

The second reason is that MC grows exponentially as the number of nodes n increases, causing
the cycle index value to assume a value close to zero. In this way, the information regarding the
impact of cycles on the �nal layout complexity index would be lost.

To overcome these critical issues, a di�erent formulation was adopted, and it is called the Alpha
index (α) [42], which is speci�cally designed for planar graphs, which are networks drawn on a
2D plane where edges do not cross each other. With this formulation, the maximum theoretical
number of cycles is no longer given by a combination, but it is limited by the physical geometry of
the graph. It measures the network connectivity independently of the number of nodes, re�ecting
the true complexity of the system and solving the issue of the other formulation.

The Alpha index is de�ned as the ratio between the actual number of independent cycles and
the maximum possible number of independent cycles in a planar graph, as shown in Eq. (4.6).

α =
u

2v − 5
(4.6)

The numerator u represents the actual number of independent cycles. An independent cycle is
a fundamental topological loop that can describe all possible circular routes in the system without
geometric redundancy. It is calculated in the following way (Eq. (4.7)):

u = e− v + p (4.7)

In this formulation, the parameters follow the original nomenclature of the Alpha index, but they
correspond to the parameters previously de�ned and calculated in the density analysis. Speci�cally,
v is the number of nodes, previously called n, and e is the number of unique arcs, also known as k.
The parameter p represents the number of isolated parts of the network, known as sub-graphs. In
case the network is fully connected, p is equal to 1.

On the other hand, the denominator, 2v − 5, represents the theoretical maximum number of
independent cycles that would be formed if the highest possible number of arcs were inserted among
the v nodes while avoiding any arc intersections.

4. Decision points index
The decision point index represents the cumulative complexity of decision-making, which in-

creases with the number of nodes in a path [41]. The index is calculated using Eq. (4.8).
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DS = 1− SP

LP
(4.8)

In this equation SP is the number of nodes on the shortest path, representing the theoretical
minimum number of decision points in the layout graph, while LP is the number of nodes on the
longest path, representing the actual number of decisions made per path.

These two parameters can also be obtained using a MATLAB implementation shown in the code
snippet 4.3. Once all the unique paths have been found using the function find_all_paths(), the
algorithm processes each path to determine its length by counting the number of unique nodes it
contains. To identify the shortest and longest path, these lengths are iteratively compared, and
each time a new minimum or maximum value is found, it is stored in the variables min_len (SP)
and max_len (LP), respectively.

Listing 4.3: Calculation of SP and LP

1 % I n i t i a l i z e l ength v a r i a b l e s
2 min_len = i n f ;
3 max_len = 0 ;
4

5 f o r i = 1 : l ength ( unique_path )
6 p = unique_path{ i } ;
7 current_length = length (p) ;
8

9 % Adjust l ength in case o f c y c l e
10 i f p (1 ) == p( end ) , current_length = current_length = 1 ; end
11

12 % Update minimum and maximum length
13 i f current_length < min_len , min_len = current_length ; end
14 i f current_length > max_len , max_len = current_length ; end
15 end

5. Redundancy distribution index
Redundancy implies the existence of alternative paths between two locations, which increases

the complexity of decision-making. Speci�cally, the redundancy distribution index compares the
number of adjacent node pairs connected by more than one arc to the total number of connected
pairs in the graph, as shown in Eq. (4.9).

RD = 1− r

a
(4.9)

where r is the actual number of adjacent node pairs that are connected with more than one arc.
This parameter is calculated using the following MATLAB code snippet 4.4. The function find(A)

extracts all existing connections from the weighted adjacency matrix. r corresponds to the length
of the vector containing all connections with a weight greater than 1.

Listing 4.4: Calculation of r and a

1 a = nnz (A) ; %c a l c u l a t i o n o f a
2 %ca l c u l a t i o n o f r
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3 [ r_idx , c_idx , v ] = f i nd (A) ;
4 idx_mult ip le = f i nd (v > 1) ; %connect ion with weight g r e a t e r thatn 1
5 r = length ( idx_mult ip le ) ;

On the other hand, a is the existing total number of adjacent nodes connected. It is calculated
using the MATLAB function nnz(A), which counts all elements in the adjacency matrix A with a
value di�erent from zero. These elements correspond to the pairs that are connected by at least
one arc.

6. Redundancy magnitude index
The redundancy magnitude measures the number of redundant parallel forward arrows in the

system layout, and it is calculated using Eq. (4.10).

RM =
pr

w
=

w − a

w
(4.10)

where pr is the total number of redundant forward parallel arrows, w represents the total number
of forward arrows, and a is the number of adjacent nodes connected.

The parameter w is obtained using the MATLAB function sum(A(:)), which sums all the
weights within the adjacency matrix. This is done because the weights correspond to the actual
number of arcs connecting each pair of adjacent nodes.

4.2 Simulation modeling strategy

Once the three layout con�gurations have been designed and their complexity evaluated, the next
step of the proposed method is to model the AGV and AMR systems within these layouts. This
phase is implemented using FlexSim, a simulation software equipped with speci�c features to man-
age the dynamics of automated material handling vehicles. Therefore, this section illustrates how
FlexSim can be used to simulate the behavior of AGVs and AMRs within the layouts designed in
the previous step.

4.2.1 AGV system modeling strategy

FlexSim provides several pre-built process �ow templates to simulate the behavior of AGV �eets.
Speci�cally, there are �ve progressive types of process �ow templates: Basic AGV, AGV with Work
Forwarding, AGV with Basic Parking, AGV with Heuristic Parking, and Advanced AGV [43]. For
the purpose of this study, the Advanced template was selected because it is the most complete
version, since it includes all the features of the other four. It can be easily added to the model by
selecting it from the "Process Flow" toolbar. Once implemented, this pre-built template allows the
user to manage the AGV logic across four fundamental levels, as summarized in the Table 6.

These pre-built process �ows operate exclusively on top of a prede�ned AGV network built
within the 3D model. The physical paths are created using the following objects from the library
[43]:

� Straight and curved paths are used to de�ne the directions and the lengths of the paths.

� Control points are considered as the operational nodes of the network. They represent the
speci�c locations where an AGV can stop, make routing decisions, and physically interact
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Level Key Question

Transportation or travel How do task executers move around?

Task sequence generation How are task sequences de�ned?

Job dispatching Who or what will perform what jobs?

Item �ows and routing Where do the items need to go?

Tab. 6 - AGV - four level of logic of the advanced process �ow [43].

with the surrounding 3D environment to load or unload items. There four main types of
control points: next work point, pick up point, drop o� point, and park points.

� Control area are used to manage complex layouts and prevent collisions at intersections by
limiting the number of vehicles that can occupy a speci�c area of the layout.

To make the process �ow work, the control points are connected using Next Look For Work

connections to form a continuous loop. If there are no items waiting in a control point, the AGV
simply moves to the next one in the loop. This is how the vehicle searches for work: it continuously
travels around the network until it �nds an available task. In other words, jobs are assigned to the
vehicles based on their current location in the layout [43].

Regarding the job dispatching, it is handled by a combination of control points, the AGV
process �ow template, and a global list named AGVWork. In FlexSim, a global list acts as a centralized
database accessible from anywhere in the model, used to queue and manage tasks. When a �xed
resource, such as a queue, needs to request an AGV transport for a �ow item, it pushes the item
to the AGVWork global list. Here, the item pushed onto the list represents the "job." The process
�ow template immediately pulls this job, identi�es the item's location, and pushes it back onto the
AGVWork list, but this time partitioned by the speci�c work point associated with that item. When
AGVs arrive at these work points, they pull from that speci�c partition to check for available work.
This logic can be easily customized by modifying the pull query activities within the process �ow
[43].

An advantage of the job selection implemented in this process �ow is that when a new job
arrives, it is not instantly assigned to a speci�c vehicle. Instead, it waits for an AGV to arrive at
its designated work point. In this way resource selection is determined by the �rst AGV to reach
that location, generally ensuring the job is picked up by the closest vehicle. This delay allows the
system to assign jobs to the vehicles more e�ciently [43].

The �nal level, item �ows and routing, is not handled directly by the process �ow template and
can be personalized based on system requirements. In this proposed method, the routing of the
items corresponds to the speci�c material �ow being studied. To e�ectively manage this routing,
a label named Input_type was created in the queues to di�erentiate the various items. This label
tells the AGV which processor that requires that speci�c input to begin its operations.

4.2.1.1 AGV advanced process �ow

The Advanced process �ow template is structured into six main functional sections, as illustred in
the Fig. 4.3 [43]:
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Figure 4.3: AGV advanced provess �ow template

1. Simulation Startup. It initializes the variables and the lists required for the logic to func-
tion.

2. Main Control Loop. It represents the core body of the entire process �ow, where the
logic evaluates a series of conditions depending on the AGV's position in the network, such as
battery levels, remaining vehicle capacity, and the presence of items to load or unload. If any of
these conditions are met, the process enters the corresponding section to complete the activity.
To improve standard routing, this template introduces a smart parking logic and an automated
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battery management system compared to the other templates. The system continuously
compares the number of transport requests with the total capacity of the currently active
AGVs. When a vehicle �nishes its job, it evaluates whether the remaining active �eet is
su�cient to handle the remaining tasks; if so, the idle AGV will park. On the other hand, if
the demand exceeds the active capacity, the system automatically reactivates a parked vehicle.
Furthermore, the process �ow monitors energy levels: if an AGV's battery drops below a
prede�ned recharge threshold, it is immediately sent to a parking location to recharge until
it reaches the resume threshold [43].

3. Loading. The process enters this section when there is an item to load at the current point,
allowing the AGV to load items up to its maximum capacity.

4. Unloading. The process enters this section once the AGV has arrived at its �nal destination
to drop o� the items.

5. Parking. The process enters this section when the AGV is empty and cannot �nd any new
tasks. Therefore, the system directs the vehicle to an available parking spot to wait for future
jobs.

6. Work Generation. This section provides a sophisticated method for AGVs to �nd jobs.
The logic uses the WorkForwarding control point connection to "forward" work from an
item's location to one or more distant work points. This allows the AGV to see whether there
is available work at a location without having to physically travel there �rst [43].

4.2.1.2 Dynamic scenario: Agent system implementation

In this study, the AGV system is analyzed under both static and dynamic conditions. In dynamic
environments, the AGV is not capable of avoiding unforeseen obstacles. Instead, it is forced to stop
if its path is blocked, and it resumes its activity only once the obstacle is removed. This behavior
is modeled in FlexSim using the agent system tool.

The agent system gives the vehicles, de�ned as agents, the ability to sense their surroundings and
interact with objects that are not connected to the regular AGV network. It allows the user to set
speci�c behavior rules based on distance, which are re�ered in FlexSim as proximity behavior.
In the proposed method, two detection phases were implemented: a broad phase and a narrow
phase. These phases de�ne two di�erent safety zones around the vehicle, each triggering a speci�c
reaction. The main di�erence between them is the activation radius. In fact, the broad phase uses
a larger radius. When an obstacle enters this zone, the vehicle decreases its speed, but it does not
completely stop yet. This recreates real industrial scenarios, where AGVs decrease their speed and
emits acoustic warnings when approaching an obstacle, which is often a human operator, to signal
their presence. On the other hand, the narrow phase uses a smaller radius. In this context if an
obstacle enters this delimited safety zone the vehicle stops completely, since at this distance the
probability of a collision is much higher.

Both behavior rules rely on the concept of preemption. This means that when an obstacle is
detected, the vehicle interrupts its current activity to give priority to the safety behavior (slowing
down or stopping). Once the obstacle moves away, the preemption ends, and the vehicle auto-
matically resumes its path to complete the original task. Technically, this proximity detection
mechanism calculates the distance by measuring the space from the center of the AGV agent to the
closest point on the bounding box of a neighboring obstacle agent [44].
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To implement these proximity behavior within the FlexSim environment, speci�c scripts were
created for both the broad and narrow phases. These scripts de�ne exactly how an AGV should
behave when an obstacle enters its safety zone, and how it should resume its activities when the
path is clear again.

For the implementation of the broad phase, two set of rules were de�ned: Active narrow

phase and Deactivate narrow phase. The Activate narrow phase rule, shown in the Fig. 4.4
corresponds to the trigger On enter proximity, which means it is activated when an obstacles
enter the larger safety radius. When this happens, the exact position relative to the AGV of the
obstacles, referred to as neighbor agent, is calculated. This calculation is important to prevent the
vehicle from stopping for obstacles that are behind or beside it. Therefore, the rule checks if the
obstacle is inside a speci�c frontal vision cone, whose angle can be adjusted based on the operational
circumstances.

An important detail of the script is the condition Type == 1, which allows the AGV to react
only if it detects neighbur agent with this speci�c label. If it is equal to 1, it means that they are
valid obstacles; therefore the vehicle slows down and changes its color to yellow for visual feedback,
and the narrow phase detection is activated. In other cases, for example, if another AGV enters the
radius, the proximity rule ignore it, since its label is equal to zero. In fact, the collisions avoidance
between vehicles is directly managed by the AGV network.

Figure 4.4: Agent system - Activate narrow phase rule

On the other hand, the Deactivate narrow phase rule (Fig. 4.5)corresponds to the On exit

proximity trigger, which is activated when the obstacles leaves the delimited zone. In this situation,
the vehicle restores its original speed, turns green, and resumes its transportation activity and the
rule deactivates the narrow phase.
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Figure 4.5: Agent system - Deactivate narrow phase rule

The implementation of the narrow phase applies a similar logic but it enforces stricter rules to
prevent imminent collisions. For the On enter proximity trigger, the active rule is called Preempt

AGV. In this case, the frontal vision cone is reduced, and, if an obstacle is detected within this
tighter radius and angle, the rule forces the vehicle to stop completely. This is achieved by creating
a preempting task sequence with a high priority (PREEMPT_ONLY), using the TASKTYPE_UTILIZE

command to block all AGV movements until the obstacle is removed from its path. In this state,
the vehicle color is also changed to red, as showns in the Fig. 4.6.

Figure 4.6: Agent system - Agent preempt AGV rule

When the obstacle is removed, the On exit proximity trigger is activated. In this case, the rule,
called Free AGV (Fig. 4.7), executes a freeoperators command, which releases the AGV from
the preempted state and allows the vehicle to safely resume its original transportation task. But
the AGV does not resume immediately its activity, but wait for 5 seconds in case a new obstacle
appears again.
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Figure 4.7: Agent system - Agent free AGV rule

4.2.1.3 AGV modeling assumptions

After establishing how the vehicles navigate and interact with the environment through the FlexSim
logic, it is necessary to de�ne the physical and operational constraints of the models. Therefore,
this section illustrates the fundamental modeling assumptions applied in this study to ensure a
realistic and standardized simulation of an AGV system.

To accurately build the simulation model, a speci�c type of AGV was selected as the reference
vehicle. Speci�cally, the model is based on lightweight AGV with �oor-guidance navigation.
This type of vehicle loads and unloads the transported goods in just a few seconds. This high
e�ciency is possible because the transfer can be performed using motorized coupling systems.
Based on this reference technology, several operational hypotheses were established.

First, the carrying capacity of the vehicles is assumed to be unitary. Regarding the routing
logic, the physical network was designed to be strictly unidirectional, with a constant distance
between control points. The kinematic behavior of the �eet, instead, is characterized by constant
acceleration and deceleration rates. The travel speed is also assumed to be constant, but it
can be dynamically reduced when the agent system detects an obstacle along the path. When this
happens, the speed reduction is immediate, rather than dropping gradually over time.

However, the FlexSim AGV network requires a detailed categorization of the speeds based on
the vehicle's direction and the geometry of the path. Speci�cally, the model distinguishes between
forward speed and reverse speed. For both directions, speci�c limits are de�ned depending on the
track type:

� Straight speed is applied on main linear paths.

� Curved speed is used on curved segments, typically used for deviations or reaching work-
stations.

� Spur speed limits the vehicle when traveling on secondary tracks or branch lines.

In addition to linear movements, there are speci�c rotation thresholds that de�ne how the
vehicle should move at intersections. The model de�nes a rotation speed for when the vehicle turns
on its own vertical axis. It also includes a stop and rotate threshold, representing the minimum
path angle that forces the vehicle to stop completely and rotate in place, rather than curving while
moving. All of these parameters are assumed to be constant through the entire simulations.
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Regarding the physical interactions with the layout stations, the loading and unloading times
were modeled as probabilistic functions to introduce a natural variability into the system. This
choice aims to recreate a more realistic industrial scenario, where these values are usually not
deterministic and can change due to minor inconveniences, thereby introducing a natural variability
into the system.

Finally, the simulation runs for a standard 8-hour working shift. During this time, FlexSim allows
monitoring the battery levels by calculating two di�erent types of energy consumption: active use
(when the vehicle is moving) and idle use (when the vehicle is parked and waiting). To keep the
simulation simple, it is assumed that the complete battery recharge happens only at the end of the
day. This is a realistic assumption, as industrial AGVs are typically equipped with large-capacity
batteries capable of lasting the entire shift without the need for intermediate charging.

4.2.2 AMR system modeling strategy

Unlike for AGV systems, FlexSim does not provide a pre-built process �ow to model AMR systems.
However, the capability of an AMR to move freely in the environment without relying on any �xed
paths can be recreated using the A* navigation systems.

This tool allows any connected task executer to dynamically calculate the shortest path between
two locations while avoiding obstacles. To achieve this, the algorithm divides the model into a
customizable grid of nodes, where each node speci�es the allowed direction. The algorithm evaluates
the nodes in the direction of the destination to determine the fastest route, which can also include
diagonal movements [45].

The following Fig. 4.8 shows an example of a grid that has several barriers in place [45].

Figure 4.8: Example of path in A* navigation system

In this study, the AMRs cannot move completely freely within the entire layout. Therefore, to
adapt the A* algorithm to the speci�c facility, the default node grid was modi�ed by introducing
custom barriers. The vehicles can travel only in designated corridors and do not have access to
restricted areas where the machineries are located.

In addition, to manage the physical interactions with the layout stations, the A* system uses
speci�c travel thresholds. These thresholds de�ne the exact entry points a vehicle must reach to
interact with a �xed resource. As shown in the Fig. 4.9 below, an object's travel threshold consists
of two main zones [45]:
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� Calculated path zone (red zone). It represents the physical boundary of the object within
the grid. The algorithm uses this area to calculate the �nal steps of the route toward the
destination.

� Travel arrival zone (blue zone). It de�nes the exact area where the vehicle is considered
to have successfully reached the object. Once the AMR enters this zone, the travel task is
complete.

Figure 4.9: FlexSim A* navigation - object's travel threshold

This travel threshold, therefore, allows the AMR to avoid obstacles easily, without the need to
implement an agent system, like in the AGV implementation. The most important thing to do is
connecting correctly all the objects and task executer that are part of model to ensure that the
AMR is capable of sensing their presence within the A* navigation system. This is done by simply
going in the Member panel of the A* navigator section and click on the Sampler button which
allows the user to select all the 3D objects to connect to the navigator.

The A* navigation systems allows also avoiding collisions between other vehicles. This is possible
by checking the option collision avoidance. When checked, travelers will allocate nodes in their
path and deallocate them once passed, preventing two travelers from traveling through the same
nodes at the same time.

While the A* module e�ciently handles spatial navigation, it is not su�cient on its own to fully
manage an AMR �eet. To control advanced traveling patterns and the job assignment logic, it is
required a custom process �ow.

4.2.2.1 AMR control logic and custom process �ow

The modeling logic applied to the AMR system is conceptually similar to the AGV system. There-
fore it is structured across four control levels: item �ow, task sequence, job dispatching, and
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transportation. However, unlike the AGV system which relied mainly on a single global list, the
AMR logic is more articulated and relies on multiple global lists to track the exact state of the
orders:

� Component_list contains all the items ready to be transported to the next machine or to the
shipping area.

� AMRWork_Request contains the transport requests generated by the departments.

� AMRWork_Transported tracks the orders that are currently being transported by an AMR.

� AMR_Released tracks the orders that have been successfully delivered.

To e�ciently manage these lists, the control architecture is divided into three separate process
�ows: Input Generation, Task assignment, and Fleet management.

The Input Generation �ow (Fig. 4.10 is responsible for creating the 3D items entering the
facility, and de�ne which are the items ready to be delivered. To each of them, it assigns speci�c
labels, such as its current location (Load), the ID of the queue (Load_Queue), and speci�c category
of the item (Input_type), and then pushes them into the Component_list.

Figure 4.10: AMR process �ow - Generation of input

The Task Assignment (Fig. 4.11) process �ow distributes these items among the departments.
Each department have a pick-up queue, which contains the output ready for transport, and a drop-
o� queue, which, instead, receives the necessary inputs. The drop-o� queues actively manage
the material requests. Using a pull from list activity, they run an SQL query to search the
Component_list for items whose Input_type matches their speci�c needs. If a match is found, the
queue pushes a transport request to the AMRWork_Request list.

69



While the AMR moves the item, the order is moved to the AMRWork_Transported list. Finally,
the AMR arrived to the designated unload queue, the item is pushed to the AMR_Released list to
inform the vehicle that the task is complete and it can proceed to the next one.

Figure 4.11: AMR process �ow - Task assignment

Regarding the transportation level, as mentioned in the previous section, the physical move-
ments of the vehicles are calculated by the A* Navigation System. However, their destinations and
tasks are controlled by the �eet management process �ow, which is illustrated in teh Fig. 4.12.
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Figure 4.12: AMR process �ow - Fleet management

Vehicles leave the parking area only when there is a mission available in the AMRWork_Request
list. The job dispatching logic replicates the AGV system: the AMR always selects the nearest
available task. This is achieved using a label called Load_Queue, which numbers the layout queues
based on their logical position along the path. When pulling a new task, an SQL query extracts
the pickup and drop-o� information and sorts the list in ascending order based on the Load_Queue
label, ensuring the closest task is assigned �rst. This is the SQL query used: SELECT component,

Input_type, Queue_Department, Load, ID_Load_Queue, ID_Unload_Queue ORDER BY ((ID_Load_Queue

- puller.current_Unload_Queue+ 100)%100) ASC.

A major di�erence compared to the AGV system is the battery management, which has a
strong in�uence on the job dispatching. While AGVs recharge only at the end of the shift, AMRs
are forced to recharge their batteries during working hours in the charging station that are located
inside the parking area.

The recharging process occurs in three speci�c situations:

1. When the battery level is below the minimum threshold. The Process Flow constantly checks
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the battery level before assigning a new task. If it is too low, the vehicle have to recharge the
battery (Fig. 4.13).

2. After a full loop. Before moving to a new pickup point, the logic checks if the AMR has
completed a full round of the facility layout. If a loop is completed, the AMR is forced to
return to the parking area to recharge. Once fully charged, it resumes its interrupted task. It
is important to note that, while parked, the AMR does not update its assigned job, even if a
new task closer to the parking spot appears (Fig. 4.14).

3. During idle state. If the AMRWork_Request list is empty, the vehicle returns to the parking
area to wait for new orders and recharges its battery in the meantime.

To determine if the AMR has completed a full loop, the following query is evaluated within
a Decide activity: token.next_department >= token.current_Unload_Queue ? 2 : 1. This
process checks the current position of the AMR (which corresponds to its current drop-o� point) and
compares it with the location of the next available task. This comparison uses the token.next_department
label, which is an integer representing the speci�c step of the job within the material �ow. If the
next job is logically positioned behind the AMR's current location, meaning the vehicle must com-
plete a full loop to reach it, the process �ow enters the section on the left to cahrge the battery of
the vehicle. Otherwise, the AMR proceeds directly to complete the task (Fig. 4.15).

Figure 4.13: AMR process �ow - Fleet management - Battery level check
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Figure 4.14: AMR process �ow - Fleet management - Check of full loop

Figure 4.15: AMR process �ow - Fleet management - Loading and unloading section

To track the energy levels, the battery status is manually updated using the Assign Label

activity within the �eet management process �ow. The battery consumption is modeled as a linear
function of the active travel time. Speci�cally, every time the vehicle reaches a pickup or drop-o�
point, its battery level decreases proportionally to the time it spent moving. It is assumed that
the battery decreases only during active travel, while the battery consumption during loading and
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unloading operations is minimal and considered negligible. The query used to update the battery
level are the following:

� Update of the battery after reaching the loading and unloading point: token.instance.battery
- ((token.t_fine_work - token.t_inizio_work)*rate of consumption)

� Update of the abttery after reaching the parking spot: token.instance.battery - ((token.t_at_parcheggio

- token.time_start)*rate of consumption)

Similarly, the recharging process follows a linear logic. When the AMR enters the charging
station, it does not stay for a �xed prede�ned amount of time. Instead, it remains parked for
the exact time required to fully restore the battery to its maximum capacity, based on a con-
stant charging rate. Once the maximum level is reached, the AMR is immediately released and
ready to accept new tasks. The query to update the battery level is (max level of battery -

token.instance.battery)/rate of charging.

4.2.2.2 Modeling assumptions

Similar to the AGV systems, after de�ning the control logic, it is necessary to establish the physical
and operational constraints of the AMR �eet.

The reference vehicle selected for this analysis is an AMR capable of towing carts. While
this system con�guration o�ers higher �exibility, this advantage is balanced by a longer positioning
phase in the loading and unloading areas, with estimated times ranging between 15 and 30 seconds.

This increased duration is due to the complex recognition and alignment checks the AMR must
perform to accurately identify the speci�c area (cell) where it needs to position itself. Similar to the
AGV case, the actual picking operations of bins or products from the cart shelves are performed
directly by the human operator. Finally, in the simulation model, the vehicle's carrying capacity is
assumed to be unitary.

Regarding the kinematic behavior, an AMR is characterized by constant acceleration and decel-
eration rates. However, unlike the AGV network, it operates with a single, constant forward speed,
which does not decreases to avoid the A* navigation system dynamically recalculates the path to
steer around obstacles.

On the other hand, the physical interactions with the departments is similar to the AGV systems.
Therefore, the loading and unloading time were modeled as probabilistic functions to introduce
natural variability and recreate a realistic industrial scenario. However, compared to the AGV
system, the AMR loading and unloading times are longer. This is because, in a real-world industrial
environment, these operations are not instantaneous since the vehicle requires additional time to
perfectly align and center itself under the cart before performing the loading or unloading operation.

As for the routing logic, in this model the AMR's movements within the facility has been limited.
The vehicle cannot freely choose any desired path across the layout since the default A* grid nodes
is modi�ed and physical dividers were introduced to prevent AMR from entering restricted zones.
This modeling choice was made because the simulation assumes the use of AMRs equipped with
QR code navigation, which forces the vehicles to not travel diagonally across open spaces to
reach their destination, but, instead, they are have to follow a precise path de�ned by QR codes.
These QR codes are strategically positioned on the facility �oor, and they de�ne the allowed routes
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and exactly where the vehicle is permitted to turn. Therefore, in this context, the AMR must
navigate in a strictly orthogonal, rectangular manner.

To accurately recreate this QR code system within the 3D model, the FlexSim barrier object
was utilized. Barriers are typically used to de�ne solid areas where vehicles cannot enter, but
they also possess an advanced feature: they can modify the allowed travel directions of the A* grid
nodes. As shown in the �gure below, the barrier tool provides interactive directional arrows that
allow the user to manually select which speci�c movements are possible to the vehicle. By using
these modi�ed barriers, a custom grid was created. In this study, the grid was designed with a
constant distance between the nodes to accurately re�ect real-world industrial standards. It is also
assumed that the allowed paths are strictly unidirectional, and turns are granted only at speci�c
prede�ned intersections. In this way,whenever the A algorithm is triggered to �nd a route, it is
forced to calculate the shortest path strictly within the boundaries of this customized grid and all
the imposed directional constraints.

Finally, the simulation operates over a standard 8-hour working shift. As previously detailed in
the control logic section, the battery management is strictly monitored throughout the day. The
battery consumption is modeled as a linear function of the active travel time. The battery is
recharged during the shift based on three speci�c triggers: when the energy level drops below the
minimum threshold, when the AMR completes a full layout loop, or when the vehicle is in an idle
state.

In addition, it is assumed that the AMR does not attach to the charging station instantaneously.
The docking time required to physically connect to the charger is not a �xed value; instead, it is
modeled using a probabilistic function. Once successfully connected, the recharging process is also
linear, keeping the vehicle at the station only for the exact time required to fully restore its capacity.

4.2.3 Generation of obstacles

In this study, obstacles represent human operators generated at speci�c times and locations within
the layout. They appear at key operational zones, like pick-up and drop-o� points, because the
loading and unloading operations are performed by human workers rather than the vehicles them-
selves. Therefore, it can happen that an operator may occasionally block a vehicle's path while
performing their tasks. In the FlexSim model, the exact position of an obstacle is designated by
a plane object, with the operator generated directly above it. It is assumed that only one human
operator is present in each area at any given time.

To recreate a realistic industrial situation, the frequency of obstacle appearance is proportional
to the activity level of the zone: higher in busy areas and lower in less active ones. This appearance
time is not constant but follows a lognormal distribution, allowing for a detailed analysis of how
varying obstacle frequencies impact overall system performance.

The generation of these obstacles is managed in FlexSim through a dedicated process �ow,
which is applied to both the AGV and AMR systems. The physical creation of the obstacle is
handled by the create object activity. Immediately after the object is created, a custom code is
executed. This script di�ers depending on the navigation system in use:
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� for the AGV system, the code adds the obstacle into the agent System. This allows the
AGV to sense the operator's presence and react based on prede�ned proximity logic (Fig.
4.16).

� For the AMR system, the code adds the obstacle to the A* navigation system, enabling
the AMR to dynamically calculate a new path and avoid the operator upon appearance (Fig.
4.17). The speci�c script for this action is detailed in Code Snippet 4.18.

The second section of this process �ow de�nes the movement of the operator. To simplify
the simulation, the operator is programmed to remain stationary for a designated amount of time
before moving away. This logic was implemented to prevent the system from being permanently
blocked, ensuring that vehicles can eventually resume their transportation activities. The process
�ow proposed in this study is highly adaptable and it can be easily modi�ed to introduce more
sophisticated behaviors, uch as dynamic movement around the facility, and study more complex
situations.

Figure 4.16: AGV - Generation of obstacles
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Figure 4.17: AMR - Generation of obstacles

Figure 4.18: AMR process �ow - Fleet management - Loading and unloading section

4.3 Experimental design and key performance indicators

The core of this study is the �nal phase: the comparative analysis between the AGV and AMR
systems. The main objective is to evaluate and compare their performances, speci�cally observing
how they react and adapt as the layout complexity increases under various conditions: static vs
dynamics and deterministic vs variable parameters.

In fact, this study is structured in three main levels.

1. The systems are tested in both static and dynamic environments. The goal is to see
which navigation system is more �exible when obstacles are introduced, and how this impacts
the performance as the layout complexity increases.

2. The scenarios are then tested by increasing the number of vehicles. This allows observing
how the �eet size a�ects the overall performance and the di�erences between AGVs and AMRs.
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3. The systems are evaluated in deterministic versus variable scenarios. The aim is not
only to study the deterministic case with �xed parameters, but to recreate more realistic
conditions by introducing variability. The types of variability analyzed di�er between the
static and dynamic studies. The objective is to observe how each navigation system adapts
to increasing levels of variability across the three layout complexities, while also comparing
the performance between AGVs and AMRs.

Regarding the last level, the variability was introduced in a limited number of parameters. For
the static case, these parameters are:

� Inter-arrival time of the items entering the system.

� Loading and unloading times.

� Docking time at the charging station only for the AMR system.

All these parameters follow a log-normal distribution. Speci�cally, the mean value is kept
�xed, while the standard deviation is modi�ed to create three levels of variability(low, medium,
and high) based on the value of the coe�cient of variation which is a statistical measure de�ned as
the ratio of the standard deviation (σ) to the mean (µ), as shown in the (4.11).

c =
σ

µ
(4.11)

To study the impact of these parameters in the static case, a speci�c set of scenarios was
designed. Each scenario represents a di�erent combination of the variability levels for the parameters
mentioned above. Rather than simulating every possible combination, the study was intentionally
limited to a carefully selected set of scenarios. This approach ensures a comprehensive analysis
while maintaining a reasonable simulation time and avoiding an excessive computational load.

The methodology follows a progressive approach to systematically analyze how each factor
a�ects the overall performance. The scenarios were grouped in the following way:

� Deterministic scenario, where all standard deviations were set to zero. This represents the
fundamental baseline to compare all the variable scenarios.

� Isolated variability. It consists on focusing on the impact of single parameters on the
performance. Variability was introduced to only one parameter at a time, for example only
the inter-arrival time of a speci�c department, or only the loading time. This isolates the
sensitivity of the system to a single source of variation.

� Partial combinations. In this case, the variability was applied simultaneously to pairs or
groups of related parameters. This step helps to observe the interaction e�ects when multiple
localized variations occur together.

� Total system variability:. Finally, the study examines a combination of all the variables.
These represent the most realistic scenarios, applying variability to all selected parameters
simultaneously across the di�erent prede�ned levels.
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On the other hand, the dynamic case introduces a new parameter, which is used to modify the
behavior and the variability of the temporary obstacles. This paramter is the time of appearence
of the obstacles in the system. It follows a lognormal distribution where the mean value is �xed
while the standard deviation changes based in the level of variability being studied. The goal is to
observe how the previously de�ned scenarios change when the systems are forced to operate under
these new and unpredictable circumstances.

Also in this case, only a limited number of scenarios was analyzed. Since the main objective
of the dynamic analysis is to evaluate the impact of unexpected obstacles and compare the results
with the static situation, the obstacles were introduced only in the most signi�cant static scenarios.
These selected scenarios are the deterministic baseline and the total system variability scenario. For
each of these, temporary obstacles were introduced and tested across all three levels of variability
for their time of appearance. In addition, to understand if the average frequency also has an impact,
the study was not limited to a single mean time of appearance. Instead, a second con�guration was
tested where this mean time is halved (meaning obstacles appear twice as often).

Finally, to compare the two systems (AGV and AMR), the sameKey Performance Indicators
(KPIs) are measured in all the analysis levels:

� System output, which calculates the total number of items exiting the system in 8 hours.

� Vehicle utilization. It measures the average utilization of the �eet, and it is calculated as
the sum of the active travel time and the loading/unloading time.

� State of the �eet. The overall utilization was broken down to observe the single states:
travel loaded, travel empty, loading, and unloading, blocked and idle.

The blocked time is important to compare the systems in the dynamic case, while the idle
time is very useful for the AMRs to see how much time they spend in the parking area and
if this has a strong negative impact compared to the AGVs.

To manage the simulation e�ciently, all these variables were created using the Parameters tool
in FlexSim. This tool allows de�ning the minimum and maximum values that each parameter can
assume, without having to select and modify the individual 3D objects in the model every time.
To con�gure and run the scenarios, the Experimenter tool was used. This tool allows the user
to de�ne easily the speci�c parameter values directly in its interface, and it automatically runs all
the scenarios in a single execution, performing he desired number of replications. It also calculates
the KPIs using speci�c Performance Measures, and provides several charts, like boxplots and
frequency histograms, which are used for the �nal comparative analysis.
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Chapter 5

Case study application and results:

Electric bicycle assembly implant

The case application selected for this study is an electric bicycle assembly plant. This facility
is an example of a manufacturing environment that presents the typical characteristics found in
real industrial systems. The choice to model an electric bicycle plant was made because this type of
production is highly widespread today, making this study more coherent with the current industrial
trends. The overall dimensions of the facility are 160x130 meters.

It is also assumes that the production is completely in-house, meaning that all the main pro-
cesses, such as welding, painting, assembly, quality control, and packaging, are performed internally
without relying on ready-made frame from external suppliers. It is assumed that each department
have only one machine.

Another assumption is that the facility operates based on a Just-In-Time (JIT) production
strategy. Therefore, the storage areas for the �nished and packaged products are reduced to a
minimum, and, instead of having a warehouse equipped with traditional racks, the facility uses
a simple �oor area for the pallet storage. Additionally, it is assumed that the plant operates in
batches, meaning that each machine is con�gured to process a batch of ten components at a time.

Regarding the layout design,the facility adopts a classic U-shaped layout where the main input
point and output point are on the same side of the building. It is assumed that there is only one
of each. To e�ectively organize the internal logistics, the various departments are separated by
secondary corridors that are 4 meters wide. While, the main corridor, which corresponds to the
most heavily tra�cked area where the vehicles travel, has a width of 6 meters.

For the purpose of this study, three di�erent versions of this facility were created, each charac-
terized with a di�erent levels of layout complexity. The dimensions of the various departments di�er
in each layout to adapt to their speci�c features. However, despite these structural di�erences, the
core material �ow remains identical across all three con�gurations. It starts at the supermarket
area (SA), where the incoming raw materials are stored. Speci�cally, three types of items enter the
system:

� Raw tubes for the welding department to build the frames.
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� Various component parts for the assembly department.

� The materials necessary for the packaging.

The raw tubes processed in the welding department are transformed into frames, which are
then transported to the painting department. In the medium and high-complexity layouts, this
department is divided into standard and customized lines. It is assumed that, in addition to
painting, this phase also involves the preparation of accessory components, such as wheels, tires,
gears, and batteries.

After the painting process, the painted frames are moved to the assembly department, where
they are assembled with the remaining components. Once this operation is completed, the resulting
electric bicycle undergoes a quality control check to detect any potential issues. For the purpose
of this simulation model, it is assumed that the quality check is always successful. Finally, the last
step of the material �ow is the packaging of the �nished batch before it reaches the output point.

The Fig. 5.1 represents the material �ow for the low level con�gurations, while the Fig. 5.2 is
for the medium and high level, where there is also the customized painting department.

Figure 5.1: Material �ow for low level layout
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Figure 5.2: Material �ow for medium and high level layout

5.1 Layout con�gurations and complexity assessment

5.1.1 Low level of complexity

The Fig. 5.3 shows the layout con�gurations with the lowest level of complexity. The areas present
in this facility are the follwoing:

� Supermarket Area (SA).

� Welding department (R1).

� Standard painting department (R2).

� Assembly department (R4).

� Quality check department (QC).

� Packaging department (BC).

Since this scenario represents the lowest level of complexity, only the standard painting line is
included. The departments are positioned in two main sections of the plant (top and bottom) and
are separated by the main and secondary corridors. The speci�c dimensions of each department are
summarized in Table 7. For each department, the pickup and drop-o� points coincide in a single
location, represented in the �gure by pink rectangles.
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Figure 5.3: Layout con�gurations: low level of complexity

It is assumed that there is only one parking spot for the vehicles, located on the same side of the
layout as the receiving and shipping zones. In addition, the purple dots indicate the intersection
points, where the path bifurcates and the vehicle must choose between two possible directions. In
this speci�c layout, there is only one intersection point, located near the parking area. Here, a
vehicle can either decide to return to the parking spot or, if there are new tasks, to go back in the
main loop.

The material �ow corresponds to the one shown in the Fig. 5.1. To respect this material �ow,
the vehicles must follow the speci�c path indicated by the blue arrows in the Fig. 5.3, which is a
a simple unidirectional loop. However, a major drawback of this con�guration is that vehicles are
forced to travel along the entire loop to reach farther destinations, leading a reduction in overall
system e�ciency and a considerable loss of time during material transport operations.

To calculate the Layout Complexity Index (LCI), this layout con�gurations is converted into a
graph diagram, as shown in Fig. 5.4. In this graph, the arcs represent the navigation system, while
the nodes represent the departments and the intersection points. Finally, the input and output
nodes coincide at the parking area.

83



Figure 5.4: Layout con�gurations: low level of complexity

The parameter values for each sub-index and their �nal values, expressed as percentages to
provide a clear understanding of their speci�c contribution to the total complexity, are shown in
the Fig. 5.5. It can be observed that the only indices involved in this scenario are the density
and the cycle indices. The other indicators have a null value due to the extreme simplicity of the
layout, which lacks alternative paths and multiple decision points. The LCI of this layout is equal
to 0.2857.

Figure 5.5: Low layout indices

The implementation of this layout in FlexSim is illustrated in the Fig. 5.6. The speci�c
dimensions of each department have been accurately reproduced. Speci�cally, each department is
equipped with the following elements:

� One machine. Speci�cally, the object Processor was used in all the department, except in
R4 and BC, where the machine are represented with the object Combiner, a �xed resource
used to group multiple items together.
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� Queues to store the incoming items, called Load_Queue. SA has three of these queues, while
R4 and BC two, since the input comes from di�erent sources.

� One queue which collects the ouput of the process, called Unload_Queue.

Figure 5.6: Implementation in FlexSim of the low level layout

5.1.2 Medium level of complexity

The Fig.5.7 shows the layout con�gurations with a medium level of complexity. The operational
areas are the same as in the previous con�guration, with the addition of the customized painting
department (R3). Their location within the layout is identical to the lowest complexity level, while
their dimensions have been modi�ed, as illustrated in Table 7. The main di�erence involves the
Supermarket Area (SA), which has become larger due to the addition of R3. It is assumed that
this expansion is necessary to store the additional and speci�c components required to feed the
customized painting process. As in the previous con�guration, the pickup and drop-o� points for
each department coincide in a single location.

Compared to the low-complexity layout, this con�guration introduces alternative paths to reach
departments R3, R4, and BC faster. This structural upgrade allows the system to satisfy the
production demand more quickly and achieve a higher total output within a working shift. This
improves the overall e�ciency of the navigation system, since the vehicles are no longer forced to
travel along the entire loop to reach their destinations. Particularly for the AMR system, taking
these shorter routes results in signi�cantly lower battery consumption. In fact, as shown in the Fig
5.7, this layout features four intersection points.
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Figure 5.7: Layout con�gurations: medium level of complexity

To calculate the LCI, the corresponding diagram graph is shown in the Fig. 5.8, while the
paramters values for each each sub-index are illustrated in the Fig. 5.9. In this con�guration,
because of the presence of the shortcuts, the indices involved are density, cycle, decision points,
and path. As expected, the overall LCI value of the medium level is higher compared to the lowest
level, due to the introduction of new indices and the increase in the existing ones. Speci�cally, the
density increases because there are more nodes in the graph, and the cycle index increases due to
the new arcs that create additional independent cycles. Therefore, the path index also increases,
as there are now di�erent ways to connect the input and output nodes, which also in�uences the
decision point index. The shortest path corresponds to the path for the BC department, while the
longest path remains the one moving along the entire external loop, similar to the low-complexity
level. Finally, the redundancy indices are still equal to zero. The �nal value of LCI is equal to 1.97.
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Figure 5.8: Layout con�gurations: low level of complexity

Figure 5.9: Medium layout indices

The implementation of this layout in FlexSim is illustrated in the Fig. 5.10. Similarly to the
low level, in this representation each department is equipped with one machine, one Load_Queue,
and Unload_Queue. The main di�erence is R1, which has two Unload_Queue, one to store the
customized frames and the other the standard frames.

87



Figure 5.10: Implementation in FlexSim of the medium level layout

5.1.3 High level of complexity

The Fig. 5.11 shows the layout with a high level of complexity. The position and dimensions of
the department are identical to those in the medium level con�guration. The �rst main di�erence
between the two layouts is that pick-up and drop-o� point are now separated. Speci�cally, the
pick-up point is situated in the upper part of each department, while the drop-o� point is located
at the bottom. This separation makes the navigation system much more complicated. The paths
remain unidirectional, and the allowed directions are illustrated by the blue arrows in the Fig. 5.11.
Due to the introduction of these new paths, there is now a of total seven intersection points.
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Figure 5.11: Layout con�gurations: high level of complexity

The last di�erence is in the packaging department (BC), which now presents two machine instead
of one. This addition was implemented to create redundancy in the path that connects the QC and
BC department, as shown in the graph 5.12 created to calculate the LCI. Therefore, the diagram
graph as become signi�cantly complicated due to the separation of the pick-up and drop-o� points.
In this speci�c graph, the nodes indicate both the pickup and drop-o� locations, in addition to the
intersections.

Figure 5.12: Layout con�gurations: low level of complexity
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The value of each parameters to calculate LCI are shown in the Fig. 5.13. It can be observed
that the LCI has increased up to 2.47, since all the indices are now involved, and their respective
values have grown accordingly.

Figure 5.13: High layout indices

The implementation of this layout in FlexSim is illustrated in the Fig. 5.14. The implementation
is similar to the medium level. The only di�erence is the number of processing machines in BC.

Figure 5.14: Implementation in FlexSim of the high level layout
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5.2 Simulation model implementation in FlexSim

After the creation of the layout con�gurations and the layout complexity assessment, these layout
were implemented into FlexSim to evaluate the performance of the automated material handling
systems (AGVs and AMRs).

The common characteristics between the two systems are the logic behind input generation in
SA, the material �ow management, and the implementation of dynamic obstacles.

Regarding the �rst feature, the raw materials stored in SA are generated with an inter-arrival
time that follows a lognormal distribution with a mean (µ) of 600 seconds. The standard deviation
(σ) is not a �xed value but it changes depending on the scenarios being analyzed. This approach
allows for the analysis of the system under di�erent levels of variability. Its value ranges from 0 to
900 seconds, as it is shown in the Tab. 8.

Inter-arrival time

Level of variation Coe�cient of
variation (c)

Standard deviation
σ (s)

Mean value µ (s)

Low 0.5 300 600
Medium 1.0 600 600
High 1.5 900 600

Tab. 8 - Value of standard deviation of inter-arrival time in SA.

As mentioned in the previous chapter, the material �ow in FlexSim is managed using labels
created directly within the Load_Queue of each department. When an item enters the system,
a speci�c destination label is assigned to it, telling the vehicle the next step in the production
process. For most departments, the �ow is linear. However, the assembly (R4) and packaging
(BC) areas represent critical nodes because they receive inputs from multiple sources. Speci�cally,
R4 receives raw materials from the SA and processed components from the painting department
(R2/R3), while BC receives materials from both SA and QC. To manage these multiple �ows, two
separate Unload_Queue objects were created for these departments, each associated with a speci�c
label to ensure the transport system (AGV/AMR) correctly identi�es drop-o� points. The speci�c
label assignment strategy is detailed in Table 9.

Department Input_type label

R1 1
R2 2
R3 3
R4 4 and 4.2
QC 5
BC 6 and 6.5

Tab. 9 - Label assignment for each department.
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5.2.1 AGV system implementation

The layout con�gurations described in the previous chapter were adapted to implement an AGV
system by adding the physical travel paths. The path were positioned in the layout following the
scheme shown in the Fig. 5.3, 5.7, 5.11. In the low level con�guration, the control point were placed
at a constant distance of 9 meters, while for the other two con�gurations the distance was reduced
to 6 meters, since the total lenght to cover is signi�cantly higher. Additionally, bending radius for
the curved sections of the paths was set to 1 meter.

Regarding the agent system, the coverage radius for the proximity behavior during the broad
phase is equal to 4 meters, while the radius for the narrow phase is 1.5 meters. Furthermore, the
Field of View (FOV) in the broad phase is set to 50 degrees on each side, creating a total frontal
vision cone of 100°. Instead, the narrow phase has an angle of 30 degrees, resulting in a 60° total
cone. The Tab. 10 summarizes all the Agent system values used for the obstacle detection.

Tab. 10 - AGV: Agent system parameters for obstacle detection phases.

Detection Phase Coverage Radius (m) Total Frontal FOV

Broad Phase 4.0 100° (± 50°)
Narrow Phase 1.5 60° (± 30°)

Finally, the system parameters and assumptions described in the chapter 4.2.1.3, such as
vehicle dimensions, capacities, and speeds, are summarized with their corresponding values in Table
11. It can be observed that some kinematic characteristics present two distinct values: one for the
standard speed and one for the reduced speed. This di�erence is due to the proximity behavior
rules set by the agent system, which forces the AGV to slow down as it approaches an obstacle.
Speci�cally, the speeds are reduced by half.

Another aspect to noticed is that the loading and unloading time follows a lognornmal distri-
bution with mean value µ equals to 5 seconds and standard deviation σ that changes depending on
the level of variability, as it is shown in the Tab. 12

Loading and unloading time

Level of variation Coe�cient of
variation (c)

Standard deviation
σ (s)

Mean value µ (s)

Low 0.5 2.5 5
Medium 1.0 5 5
High 1.5 7.5 5

Tab. 12 - Standard deviation of loading and unloading time of an AGV.

5.2.2 AMR system implementation

Similarly to the previous system, the navigation system for the AMR was designed following the
schemes illustrated in the Fig. 5.3, 5.7, 5.11. As it has been mentioned in the section 4.2.2, the
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AMR's movements are restricted rather than allowing it to move freely around the facility, in order
to simulate the behavior of an AMR equipped with QR code navigation. To recreate this system,
a custom grid was created using the barrier object. It was assumed that the distance between
the QR codes was around 1.5 meters. The grid was designed as a checkerboard pattern: at every
node, the vehicle can move forward (never backward, since the paths are unidirectional), but lateral
movements (left or right) are only allowed at speci�c nodes. These points, where lane changes or
turns are permitted, are positioned every two nodes.

Another main di�erence between AGV and AMR system is the battery management. As it
has been described in details in the previous chapter 4.2.2, three di�erent scenarios trigger the
charging process. The �rst occurs when the battery level falls below the minimum threshold,
which was set at 25% for this speci�c application. Typically, the minimum usage limit is 20%,
however, the threshold was raised to 25% as a safety margin to further minimize the risk of battery
degradation. The second instance where the vehicle must return to the parking spot to charge is
after completing a full loop. The battery consumption is calculated based on the time spent in
active travel, excluding the time spent during loading and unloading operations. The consumption
percentage was determined as follows: it is assumed that during an 8-hour shift, the AMR consumes
an average of 80% of its battery (dropping from 80% to 20% if not recharged throughout the 8-hour
working shift). Therefore, knowing the hourly consumption rate, along with the total active travel
time, the total consumed battery can be easily calculated. In this case the hourly consumption rate
is equal to 7.5% per hour (0.002083% per second).

Regarding the charging time, it is calculated based on the amount of battery required to reach an
80% charge level. In fact, it is assumed that the battery is never charged to its maximum capacity,
to preserve its health over time. The charging rate follows this logic: it usually takes 90 minutes to
charge from 20% to 80%, the hourly charging percentage is 40% per hour (0.011% per second).

Another assumption made during the charging process at the station involves the docking time.
This time is not a �xed value butit is represented by a lognormal distribution with a mean (µ) of
25 seconds, while the standard deviation (σ) varies depending on the variability level, as shown in
Tab. 13.

Level of variation Coe�cient of
variation (cv)

Standard deviation
(σ) [s]

Mean value (µ) [s]

Low 0.5 12.5 25

Medium 1.0 25.0 25

High 1.5 37.5 25

Tab. 13 - AMR: Docking time at the charging station

The remaining system parameters are summarized in the Tab. 14. Similarly to the AGV system,
the loading and unloading times are not �xed values but follow a lognormal distribution. However,
the mean value (µ) is higher in this case, up to 15 seconds. The standard deviation (σ) values are
reported in the Tab. 15.
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Level of variation Coe�cient of
variation (cv)

Standard deviation
(σ) [s]

Mean value (µ) [s]

Low 0.5 7.5 15

Medium 1.0 15.0 15

High 1.5 22.5 15

Tab. 15 - AMR: Loading and unloading time

5.2.3 Generation of obstacles

Following the methodology described in the previous section 4.2.3, the obstacles were positioned near
the loading and unloading points of each department across all three complexity levels. Speci�cally,
they were placed at a distance of three meters from these points. To accurately model the industrial
environment, these locations were divided into three main groups based on the probability of an
operator blocking the path, which strongly correlates with the volume of items handled:

� Group 1 - high probability. This group includes only SA, since there are three di�erent
types of items to be loaded on the vehicles, meaning that the activity level is extremely high.
Therefore, this area is assumed to have the highest frequency of obstacle appearance.

� Group 2 - medium probability. This group includes departments R1, R4, and BC, because
they directly connected to the SA and receive items more frequently and quickly compared
to other areas. In addition, R4 and BC receive inputs from multiple di�erent sources.

� Group 3 - low probability. This group includes the remaining departments (R2, R3,
and QC), which it is assumed that are characterized by the lowest frequency of obstacle
appearance.

In the high-complexity layout, these three groups are not su�cient because the pick-up and
drop-o� points are physically separated. Therefore, in this speci�c con�guration, the three groups
mentioned above represent only the unloading points. Therefore, two additional groups were in-
troduced: group 4 - loading points with medium probability (R1, R4, BC) and group 5 -
loading points with low probability (R2, R3, QC).

For these new loading groups, the appearance frequency is lower compared to their corresponding
unloading points. Speci�cally, it was assumed that the appearance time is doubled, since, given the
characteristics of layout, the vehicles frequent these separated zones less often.

The appearance times (µ) and standard deviations (σ) assigned to each group are detailed in
Tab. 16 and Tab. 17. Finally, the last assumption is that the human operator remains stationary
as an obstacle for a �xed duration of 20 seconds before moving away toward the department's
machinery.
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Group Appearance Time (µ) Standard Deviation (low/med/high)

1 - SA 600 300 / 600 / 900

2 - R1/R4/BC 1200 600 / 1200 / 1800

3 - R2/R3/QC 2100 1050 / 2100 / 3150

Tab. 16 - Obstacle appearance times and standard deviations for low and medium level con�gura-
tions.

Group Appearance Time (µ) Standard Deviation (low/med/high)

1 - SA 600 300 / 600 / 900

2 - Unload R1/R4/BC 1200 600 / 1200 / 1800

3 - Unload R2/R3/QC 2100 1050 / 2100 / 3150

4 - Load R1/R4/BC 1200 600 / 1200 / 1800

5 - Load R2/R3/QC 4200 2100 / 4200 / 6300

Tab. 17 - Obstacle appearance times and standard deviations for high level con�guration.

5.3 Evaluation of the performance and comparative analysis

5.3.1 Scenario con�gurations

Following the methodology described in chapter 4.3, the following tables summarize the standard
deviation (σ) values assigned to the parameters inter-arrival time, loading time, unloading time,
and docking time (only for AMR). First, the Tab. 18 presents the scenarios for the static AGV
system, while Tab. 19 shows the scenarios for the static AMR system. The only di�erence
between the two tables is the addition of the docking time parameter in the AMR case. Therefore,
there are in total 40 scenarios for the AGV and 49 for the AMR. For each scenario, 30 simulations
were performed. This number was chosen to ensure reliable results while maintaining a reasonable
computational time.

The logic used to de�ne these scenarios includes scenarios with:

� Deterministic values, where all the σ are equal to zero.

� Variability in a single parameter.

� Pairs of inter-arrival times.

� The combination of loading and unloading times.

� Combinations of all inter-arrival times with a single operation (load, unload, or docking).

� Full variability, where all parameters vary simultaneously.

On the other hand, for the dynamic case, a total of 32 scenarios were analyzed for both
systems, as shown in Tab. 20 and 21. As mentioned in the previous chapter, the introduction of
the obstacles was studied only on the deterministic and the full variability scenarios.
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5.3.2 Static environment results

This section analyzes the static scenarios, where both systems are tested under ideal conditions
without the presence of unforeseen human obstacles. The analysis focus on evaluating how the
KPI, specifcally output, average utilization, and average vehicle states, respond to the progressive
introduction of variability across the three levels of layout complexity, while increasing the size of
the �eet. The maximum size of the �eet is set at three, since higher number does not provide
signi�cant results in terms of output. Rather than presenting the results of every single scenario,
this section highlights the most signi�cant trends, and outlier values for the comparison betwee
AGV and AMR systems.

Output
First of all, it can be observed that both systems output level tends to decreases as the

variability of the inter-arrival time increases across all the level of layout complexity, as shown in
the Fig. 5.15. The �gures show the boxplot graphs for the AGV (top) and AMR (bottom) systems
working in the medium level con�gurations in the presence of two vehicles. AS it can be seen, both
systems output levels have have a decreasing trend as the variability increases.

Figure 5.15: Boxplot: Comparison between AGV (top) and AMR (bottom) level of output with 2
vehicles in medium level con�guration.
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This trend happens because high level of variability implies that the batches arrive at irregular
moments, resulting in fewer completed jobs within the 8-hours working shift. This downward trend
remains valid even when increasing the number of vehicles. In fact addind a new vehicle to the
�eet results in the increase of the mean value, but the negative impact of the variability remains
consistent. The only exception can be found in the AGV layout with a high level of complexity
when there is only one vehicle. Looking at the boxplot (Fig. 5.16), the mean value of each scenario
appears to trend upward as the level of variability increases, but this is a statistical artifact. In
this layout con�guration, a single AGV cannot satisfy the demand and the AGV, in an 8-hour
shift, can completes only 2 batches on average. The graph does not show the lower tail of the
distribution since negative output levels are impossible. Because the data is bounded at zero, the
higher variance arti�cially pulls the mean upward, masking what would otherwise be a continued
�at or downward trend.

Figure 5.16: Boxplot: AGV level of ouput - High complexity layout with one vehicles

On the other hand, the impact of the loading and unloading operations (scenarios S23-S28),
instead, is relevant only in the case of the AMR system, while the AGV �eet remains una�ected, as
illustrated in Fig. 5.15. The reason for this behavior is that the AMR is characterized by loading
and operating times higher than those of the AGVs, making it more sensitive to varaibility. The
e�ect of the loading and unloading time can both increases or decreases the level of output, as
illustrated in the Fig. 5.17. It manly depends on the number of vehicles present in the system:
with two vehicle having longer loading and unloading time creates collision situations among the
vehicles.

Overall, the inter-arrival times have a more signi�cant impact on the performance compared to
the loading and unloading times, as it can be seen in the three scenario (S47- S49) of the boxplot,
where all the parameters are not deterministic.

Overall, the output values between the two systems are distinctly di�erent and strictly dependent
on layout complexity. The AGV system performs better in the low and medium con�gurations, while
the AMR is superior in the more complex layout. In the low-complexity layout, characterized
by a simple linear loop, the AGV �eet has a signi�cant advantage since it is not required having
a complex routing logic and the vehicles simply travel along their designated path. Given the
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Figure 5.17: Boxplot: Impact of loading and unloading time on the output in AMR system in
medium con�guration. Top - one vehicle, bottom - two vehicles
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simplicity of the navigation system, a single AGV is capable of completing a very high number
of batches (40 in the deterministic scenario S1, ranging from 18 to 41 with variability, as shown
in Fig. 5.18). On the other hand, the AMR is limited by its battery recharging constraints and
the restrictive grid, and therefore it can completes on average only half that amount. It can also
be observed that the AGV is more a�ected by variability, showing wider 95% con�dence intervals
compared to the AMR.

Figure 5.18: Boxplot: Comparison between AGV (top) and AMR (bottom) output in low con�gu-
ration with one vehicle.

In themedium-complexity layout, the introduction of short-cuts improves the output of both
systems. These short-cuts allow the AMR to travel shorter distances and save battery, making
vehicles available faster. However, the AGV system still remains superior, with a value of output
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equal to 44 in the determinitic scenario S1, while the AMR complete only 28, as shown in the Fig.
5.19.

Figure 5.19: Boxplot: Comparison between AGV (top) and AMR (bottom) output in medium
con�guration with one vehicle.

Finally, in the high-complexity layout, the AMR system outperforms the AGV, especially
with a single-vehicle �eet. The AGV's rigid job-search logic is tied to its immediate position on the
track, making it highly ine�cient over large distances since it must physically circulate the entire
layout to �nd a job. The AMR, knowing the exact position of the request, calculates the most
direct route immediately (Fig. 5.20). In the deterministic scenario (S1), AGV completes 2 batches,
while the AMR 11.
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Figure 5.20: Boxplot: Comparison between AGV (top) and AMR (bottom) output in high con�g-
uration with one vehicle.

Utilization and �eet states
The limitation imposed by battery charging on the performance of the AMR vehicles is sig-

ni�cantly re�ected in the utilization values. The AMR system generally shows lower levels of
utilization, moving around 0.7 and never exceeding 0.85. This is unlike the AGV system, which is
capable of reaching 100% utilization, as seen in Fig. 5.21 for the medium layout complexity.
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Figure 5.21: Boxplot: AGV utilization - Medium complexity layout with one vehicles

The trend of utilization in response to variability follows a speci�c behavior: the variability
actually causes utilization to increase when the �eet is under capacity (typically with only one
vehicle), as irregular arrivals force the vehicle to work continuously during rush periods. However, as
the �eet size increases, utilization depends heavily on how evenly the work is distributed. Typically,
utilization decreases as the �eet grows because vehicles spend more time blocked in tra�c or idling.

This work distribution is highly dependent on the layout con�guration. In the low-complexity
layout, the single unidirectional loop prevents the system from e�ciently splitting tasks. Since
vehicles travel sequentially and cannot pass each other, the vehicle in fron of the line performs most
of the work. As it can be seen in the Fig. 5.22, the AGV utilization mean value drops signi�cantly
from 0.98 to 0.68 (in S1) when moving from one vehicle to two.
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Figure 5.22: Boxplot: Comparison of utilization between AGV with one (top) and two (bottom)
vehicles in low con�guration

In themedium layout, adding a second vehicle increases overall utilization in the AGV system.
The short-cuts allow the vehicles to distribute more evenly across the facility, reducing bottlenecks.
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This is an example where adding a second vehicles lead to an improvement of the level of utilization,
as shown in the Fig. 5.23. In all other con�gurations, introducing a second vehicle decreases the
�eet's average utilization, because of an overestimation of the required �eet size. This same logic
applies to the AMR system. However, the drop in utilization is mitigated by the vehicle's constant
need to return to the parking station to recharge.

Figure 5.23: Boxplot: Comparison of utilization between AGV with one (top) and two (bottom)
vehicles in low con�guration

Utilization values are strictly correlated with the �eet state. In fact, utilization is the sum of the
travel loaded, travel empty, and loading/unloading states, making its value complementary to the
blocked and idle states.

The time spent traveling loaded or empty depends heavily on the layout con�guration. In
the high-complexity layout, since pick-up and drop-o� points are separated and positioned far
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apart, the vehicles must travel greater distances to reach their destinations, leading to a higher
percentage of empty travel compared to loaded travel.

Similarly, the blocked state depends on the number of intersections and the distance between
them. In the high-complexity layout, given the large dimensions of the navigation area, vehicles
are sent to di�erent zones and encounter each other less frequently, resulting in much lower blocked
times for both systems compared to the con�gurations with lower complexity lever. In this context,
for the AMR system, the blocked state remains higher than the AGV because the parking area
becomes a highly congested zone due to frequent returns for charging. As �eet size increases across
any layout, the probability of collisions rises, generally decreasing the active travel states.

The idle state highlights the fundamental operational di�erence between the two systemss. The
AMR's physical constraint of returning to the parking spot to recharge undermines its output but
keeps its idle time relatively steady across all three layout complexities. It generally stays within
the 22% to 26% range, trending slightly upward with increased variability (with a few outliers in
the medium layout caused by the short-cuts). On the other hand, the AGV typically presents very
low idle times (in the 0% to 2% range). However, due to variability and clustered job arrivals, this
idle time can spike to nearly 30% when the �eet size is maximized under high-variability conditions.

5.3.3 Dynamic environment results

The addition of unforeseen obstacles causes di�erent behaviors in the AGV and AMR systems. It
is known that AGV vehicles cannot avoid obstacles. If an obstacle blocks their path, they must
wait until it moves away. This limitation has several negative impacts on the system's performance.
Across the three layout levels, the negative changes in the KPIs are quite constant. Speci�cally, a
high level of variability in the obstacle appearance time drastically reduces performance, while low
and medium variability cause almost negligible variation. For example, the output can drop to zero
in the worst-case scenario across all three levels. The same thing happens when the frequency of
appearance is doubled (AT2). In these scenarios with AT2, the ranges of the con�dence intervals
are narrower because the block level is extremely high and the vehicles are constantly stopped.
Therefore, the AGV system can tolerate low-variability, however, highly unpredictable and frequent
obstacle appearances inevitably leads the �eet into a state of total deadlock. Fig. 5.24 illustrates
the AGV system in a low con�guration in the presence of obstacles. The top boxplot shows the
level of output, while bottom graph shows the blocked state.

On the other hand, the AMR system is not a�ected this strongly by the presence of obstacles.
By looking at the output, it can be seen that the results in the three levels of variability do
not change much compared to the static scenarios. More importantly, there are no signi�cant
di�erences between the two times of appearance, as can be seen in the graphs below ( 5.26). In this
con�guration, the blocked state is null, unlike the AGV system (Fig. 5.24)

Actually, in some cases like the medium layout, the AMRs tend to collide less than in the static
scenario, as illustrated in the Fig. 5.26. This happens because the obstacles force the vehicles to
take di�erent paths. In normal conditions, the AMRs are free to calculate their paths, but, given
the simplicity of the layout, they often calculate the same routes and therefore collide. With the
presence of random obstacles, the AMRs are forced to change paths every time. However, with a
higher frequency (AT2), the obstacles act almost like �xed barriers because they are always present.
In that situation, the block levels return to be similar to the static scenario, as the vehicles are
forced to travel the same few free paths.
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Figure 5.24: Boxplot: AGV low con�guration in dynamic setting. Output (top) and blocked state
(bottom).
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Figure 5.25: Boxplot: AMR low con�guration in static (top) and dynamic (bottom) settings.
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Overall, the AMRs maintain high performance levels, with some exceptions, but they never
reach the signi�cantly low values of the AGVs. In addition, changing the appearance times does
not strongly impact the AMRs, which show similar average results even when changing the layout
level. The real di�erences start to appear when the number of vehicles increases. Since the vehicles
do not control or communicate with each other, the presence of obstacles makes their behavior
much more unpredictable. This lack of coordination can lead to negative results when the �eet is
larger.

108



Figure 5.26: Boxplot: AMR blocked state in medium con�guration in static (top) and dynamic
(bottom) settings with 2 vehicles
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Chapter 6

Conclusions

The simulation results highlight that the optimal choice between AGVs and AMRs depends on the
layout complexity, the presence of obastacles, and the required �eet size.

In simple layouts that do not require complex navigation logic, and under static conditions or
low obstacle variability, the AGV system proves to be the superior option. A single AGV can
complete a signi�cantly higher number of jobs (up to 40 batches in the deterministic scenario),
which is exactly twice the output of a single AMR. While the AMR is heavily limited by its battery
recharging constraints, it can eventually match the AGV's output in simple layouts, but only at
the cost of increasing the �eet size.

On the other hand, in more complex layouts characterized by separated and distant pick-up
and drop-o� points, the AMR becomes the better solution, particularly for single-vehicle �eets. In
this con�guration, a single AMR completes an average of 11 batches per shift, compared to only 2
for the AGV in the deterministic scenario. For larger �eets, the two systems present comparable
output levels, even though the AMR must constantly return to the parking station at the end of
each loop.

However, the most signi�cant advantage of the AMR over the AGV becomes evident in the pres-
ence of unpredictable obstacles. As demonstrated in the dynamic scenarios, the AMR's performance
remains stable and similat to the static environment. For example the output does not get worse
even when high variability is introduced across all parameters (from inter-arrival times to obstacle
appearances). This is possible because of the AMR's dynamic routing capability, which allows it to
actively avoid obstacles that appear in its path. On the other hand, AGVs are forced to stop and
wait for their prede�ned paths to clear, leading to severe bottlenecks and blocked times.

In coclusion, the selection between these two material handling systems requires a comprehensive
trade-o� analysis. Companies must balance their layout complexity and the frequency of obstacles
against their budget, since AMRs are much more expensive to buy than AGVs.

To improve this comparative analysis, there are several aspect that can be further developed .
First, the layout complexity index could be improved by incorporating spatial metrics, speci�cally
the physical distances between nodes. While the total number of intersections is a valid metric, the
distance between them and the concentration of high-tra�c zones shows the true performance of
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the system, especially for larger �eets. Two layouts with the same complexity indices can perform
very di�erently if their high-tra�c areas are grouped together in one spot instead of being spread
out.

Second, the analysis of external obstacles can be developed into a more sophisticated model. The
current study focuses primarily on the frequency of obstacle appearance but the true severity of an
obstacle also depends on its location within the system. Future research could evaluate scenarios
where the location of the obstacles is changed. Lastly, introducing moving obstacles could also
provide a more realistic representation of an industrial environment.

111



Table

Table 1: Labor and Control Providers for Material Handling Methods from [7]

Capability
Labor Control

Type
Manual Human Human
Mechanized Machine Human
Automated Machine Machine

Table 2: Material Handling Methods Characteristics from [7]

Characteristic Type
Manual Mechanized Automated

Weight Low High High
Volume Low High High
Speed Low Medium High
Frequency Low Medium High
Capacity Low Medium High
Flexibility High Medium Low
Acquisition cost Low Medium High
Operating cost High Medium Low
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Table 3: Classi�cation of AGV types and their characteristics [8].

Name Description Bene�ts Image

Automated Guided
Carts (AGC)

The oldest, simplest, and
lower-cost kind of AGVs and
they are used for light-duty,
frequent, and repetitive tasks.

Their simplicity results in a
lower initial investment and
easier implementation.

Forklift AGV Vehicles equipped with a fork
and are capable of lifting and
depositing loads at varying
vertical heights. They are
used to perform standard pal-
let handling tasks, including
placing and retrieving pal-
lets from racks or transporting
them between conveyor sys-
tems and storage areas.

They o�er maximum verti-
cal �exibility without requir-
ing major changes to the fa-
cility's existing storage infras-
tructure. They enhance safety
by automating di�cult stack-
ing tasks and improve inven-
tory accuracy by reducing hu-
man error in vertical replace-
ment.

Towing AGV Specialized tractors equipped
with a hitch or coupling mech-
anism designed to pull multi-
ple unpowered carts or trail-
ers, forming a �logistics train�.
They are used to move many
items at once along a long, set
route, like a train that makes
a stop.

High e�ciency in mass trans-
port, as they consolidate
multiple individual tripos
in one. This ability reduces
labor costs and ensures syn-
chronized, scheduled delivery,
which is excellent for kitting
and large-scale assembly line
feeding

Heavy burden carri-
ers

Robust and specialized AGV
platforms engineered for the
automated handling of excep-
tionally heavy loads, often ex-
ceeding capacities manageable
by standard industrial vehi-
cles. These units operate
by positioning themselves be-
neath the load, using inte-
grated lifting systems to en-
gage and transport the mate-
rial.

Enhance operational safety by
automating the handling of
high-mass items, and ensure
unparalleled positioning accu-
racy for materials that are
too large or heavy for con-
ventional manual or light-duty
automated systems
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Table 4: Comparison between AGV Networks and A* Navigation

AGV Networks A* Navigation

Advantages • Gives the user more control over
task executer travel paths.
• Models might run faster (fewer
calculations required).
• Can restrict travel direction
(one-way vs two-way).
• Can set speci�c speed limits on
paths.
• Allows creation of virtual
distances (manipulating node
distance vs actual distance).

• Fairly easy to set up; handles most
logic automatically.
• Easier to con�gure for models with
high numbers of destinations and
complex routing options.

Disadvantages • Takes a slightly longer time to set
up.
• Creating paths between every
possible destination can be
cumbersome.
• Troubleshooting connectivity
issues can be time-consuming.

• In large/complex models, the
search algorithm can slow down
simulation speed.
• Heavy calculation loads can
sometimes result in strange
movement visuals (lag).
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s

p
ro
v
e
d

m
o
re

ti
m
e
-e
�
c
ie
n
t
in

h
ig
h
ly

d
y
n
a
m
ic

a
n
d

v
a
ri
a
b
le

e
n
v
ir
o
n
m
e
n
ts
.

1
,
2

V
ir
tu
a
l
g
ri
d

la
y
o
u
t

w
it
h

d
ir
e
c
ti
o
n

c
o
n
st
ra
in
ts

fo
r
a
u
to
n
o
m
o
u
s
m
o
b
il
e

ro
b
o
t
ro
u
ti
n
g
p
e
rf
o
rm

a
n
c
e
im

p
ro
v
e
-

m
e
n
t.

[2
6
]

2
0
2
3

A
d
d
re
ss
in
g

th
e
is
su
e
o
f
c
o
n
g
e
st
io
n

in
li
m
it
e
d

w
o
rk
sp
a
c
e
s,

th
is

p
a
p
e
r

u
se
s
F
le
x
S
im

to
ev
a
lu
a
te

a
n
d
p
ro
p
o
se

"
V
ir
tu
a
l
G
ri
d
L
a
y
o
u
t
w
it
h
D
ir
e
c
ti
o
n

C
o
n
st
ra
in
ts
"
(V

G
L
-D

C
).

T
h
e
st
u
d
y

c
o
m
p
a
re
s

th
is

c
o
n
st
ra
in
e
d

m
o
d
e
l

a
g
a
in
st
c
o
n
v
e
n
ti
o
n
a
l
A
G
V
s
a
n
d
u
n
re
-

st
ri
c
te
d
A
M
R
s
to

a
ss
e
ss

it
s
e
�
e
c
ti
v
e
-

n
e
ss

in
m
it
ig
a
ti
n
g
c
o
ll
is
io
n
ri
sk
s
a
n
d

d
e
a
d
lo
ck
s.

T
h
e
V
G
L
-D

C
m
o
d
e
l
p
ro
v
e
d
to

b
e
th
e

m
o
st
e
�
e
c
ti
v
e
,
a
s
it
su
c
c
e
ss
fu
ll
y
e
li
m
-

in
a
te
d
a
ll
d
e
a
d
lo
ck
s
w
h
il
e
a
ch
ie
v
in
g

a
re
m
a
rk
a
b
le

3
9
.5
%

re
d
u
c
ti
o
n
in

a
v
-

e
ra
g
e
d
e
li
v
e
ry

ti
m
e
c
o
m
p
a
re
d
to

th
e

c
o
n
v
e
n
ti
o
n
a
l
A
G
V

sy
st
e
m
.

1
E
x
p
e
ri
m
e
n
ta
l

E
v
a
lu
a
ti
o
n

o
f

A
G
V

D
is
p
a
tc
h
in
g

M
e
th
o
d
s
in

a
n

A
g
e
n
t-

B
a
se
d
S
im

u
la
ti
o
n
E
n
v
ir
o
n
m
e
n
t
a
n
d
a

D
ig
it
a
l
T
w
in
.

[2
7
]

2
0
2
3

A
ta
sk

a
ll
o
c
a
ti
o
n

a
n
d

d
is
p
a
tc
h
in
g

m
e
th
o
d

(s
y
n
ch
ro
n
o
u
s,

ti
m
e
r-
b
a
se
d
)

is
p
ro
p
o
se
d
th
a
t
is
su
it
a
b
le
fo
r
A
M
R

sy
st
e
m
s

b
y

p
e
rf
o
rm

in
g

a
n

A
g
e
n
t-

B
a
se
d
si
m
u
la
ti
o
n
to

c
o
m
p
a
re

3
d
is
-

p
a
tc
h
in
g
m
e
th
o
d
s.

T
h
e

re
su
lt
s

w
e
re

th
a
t

S
M
P

a
n
d

L
S
A
P
si
g
n
i�
c
a
n
tl
y
re
d
u
c
e
th
e
m
o
v
e
-

m
e
n
t
a
n
d
c
o
st
.
H
o
w
e
v
e
r,
th
e
T
H
ra
te

d
id

n
o
t
in
c
re
a
se

a
s
w
e
ll
.

2
S
im

u
la
ti
o
n
b
a
se
d
a
p
p
ro
a
ch

fo
r
su
p
-

p
o
rt
in
g

a
u
to
m
a
te
d

g
u
id
e
d

v
e
h
ic
le
s

(A
G
V
s)

sy
st
e
m

d
e
si
g
n
.

[2
8
]

2
0
0
8

D
e
v
e
lo
p
m
e
n
t
o
f
a
c
o
n
c
e
p
tu
a
l
a
n
d
o
p
-

e
ra
ti
o
n
a
l
m
e
th
o
d
o
lo
g
y
u
ti
li
z
in
g
D
is
-

c
re
te

E
v
e
n
t
S
im

u
la
ti
o
n
(D

E
S
)
to

su
p
-

p
o
rt

d
e
si
g
n
a
n
d
in
v
e
st
m
e
n
t
d
e
c
is
io
n
s

fo
r
A
G
V

tr
a
n
sp
o
rt

sy
st
e
m
s
in

E
O
L

lo
g
is
ti
c
s.

T
h
e

D
E
S

m
e
th
o
d
o
lo
g
y

p
ro
p
p
se
d

p
ro
v
e
s
th
a
t
th
e
A
G
V

sy
st
e
m

is
th
e

o
p
ti
m
a
l
so
lu
ti
o
n
to

im
p
ro
v
e
a
n
d
e
n
-

su
re

a
c
c
u
ra
c
y
a
n
d
re
li
a
b
il
it
y
o
f
p
e
r-

fo
rm

a
n
c
e
a
ss
e
ss
m
e
n
t.

2
C
a
se

st
u
d
y
-
e
v
a
lu
a
ti
o
n

o
f
th
e
a
u
-

to
m
a
ti
o
n
o
f
m
a
te
ri
a
l
h
a
n
d
li
n
g
w
it
h

m
o
b
il
e
ro
b
o
ts
.

[2
9
]

2
0
2
0

In
tr
o
d
u
c
ti
o
n

o
f
a
u
to
n
o
m
o
u
s
m
o
b
il
e

ro
b
o
ts

in
a
n
a
u
to
m
o
ti
v
e
p
a
rt
s
su
p
-

p
li
e
r
p
la
n
t.

T
h
e
st
ra
te
g
ic

o
b
je
c
ti
v
e

is
to

a
n
a
ly
z
e
th
e
p
e
rf
o
rm

a
n
c
e
o
f
a
u
-

to
m
a
ti
n
g
it
s
�
n
is
h
e
d
g
o
o
d
s
m
a
te
ri
a
l

�
o
w

a
n
d
it
s
im

p
a
c
t
o
n
p
ro
d
u
c
ti
v
it
y,

sa
fe
ty
,
a
n
d
h
u
m
a
n
la
b
o
r.

Id
e
n
ti
�
e
d
th
e
T
a
n
d
e
m

L
a
y
o
u
t
a
n
d
a

m
in
im

u
m

�
e
e
t
o
f
th
re
e
ro
b
o
ts

a
s
th
e

o
p
ti
m
a
l
co
n
�
g
u
ra
ti
o
n
fo
r
th
e
sp
e
c
i�
c

p
la
n
t
to

m
a
x
im

iz
e
p
ro
d
u
c
ti
v
it
y
a
n
d

sa
fe
ty

m
e
tr
ic
s.

2
D
e
c
is
io
n
-M

a
k
in
g

F
ra
m
e
w
o
rk

F
o
r

A
M
R

F
le
e
t
S
iz
e
In

M
a
n
u
fa
c
tu
ri
n
g

E
n
v
ir
o
n
m
e
n
ts
.

[3
0
]

2
0
2
5

It
is
h
ig
h
li
g
h
te
d
th
e
k
e
y
ro
le

o
f
si
m
-

u
la
ti
o
n
in

su
p
p
o
rt
in
g
m
a
n
u
fa
ct
u
ri
n
g

a
n
d
lo
g
is
ti
c
s
m
a
n
a
g
e
rs

in
d
e
te
rm

in
-

in
g
th
e
o
p
ti
m
a
l
�
e
e
t
si
z
e
fo
r
A
M
R
.

T
h
e
p
ro
p
o
se
d
so
lu
ti
o
n
h
a
s
b
e
e
n
d
e
-

v
e
lo
p
e
d

in
5

sc
e
n
a
ri
o
s

w
it
h

v
a
ry
-

in
g
�
ee
t
si
z
e
b
y
c
o
m
b
in
in
g
th
e
re
a
l-

w
o
rl
d

�
e
et

m
a
n
a
g
e
m
e
n
t

so
ft
w
a
re
,

w
h
ic
h
c
o
n
tr
o
ls

th
e
a
c
tu
a
l
ro
b
o
ts

u
s-

in
g

T
E
A
*

a
lg
o
ri
th
m
,
d
ir
e
c
tl
y

w
it
h

F
le
x
S
im

so
ft
w
a
re

si
m
u
la
ti
o
n
.

T
h
e
re
su
lt
s
o
b
ta
in
e
d
sh
o
w
e
d
th
a
t
th
e

o
p
ti
m
a
l
�
e
e
t
si
z
e
is
e
q
u
a
l
to

3
A
M
R
s.

3
A
D
ig
it
a
l
T
w
in

A
p
p
ro
a
ch

fo
r
th
e
Im

-
p
ro
v
e
m
e
n
t
o
f
a
n
A
u
to
n
o
m
o
u
s
M
o
b
il
e

R
o
b
o
ts

(A
M
R
's
)
O
p
e
ra
ti
n
g
E
n
v
ir
o
n
-

m
e
n
t
-
A

C
a
se

S
tu
d
y
.

[3
1
]

2
0
2
1

It
h
ig
h
li
g
h
te
d
th
e
k
ey

ro
le

o
f
D
ig
it
a
l

T
w
in

(D
T
)
te
ch
n
o
lo
g
y
in

su
p
p
o
rt
in
g

c
o
m
p
a
n
ie
s
b
y
te
st
in
g
th
e
o
p
e
ra
ti
n
g

e
n
v
ir
o
n
m
e
n
t
a
n
d

v
a
li
d
a
ti
n
g

d
e
si
g
n

a
ss
u
m
p
ti
o
n
s
fo
r
th
e
im

p
le
m
e
n
ta
ti
o
n

o
f
a
n
A
M
R

sy
st
e
m

in
a
p
ro
d
u
c
ti
o
n

h
a
ll
.
T
h
e
m
e
th
o
d
o
lo
g
y
in
v
o
lv
e
s
m
o
d
-

e
li
n
g
th
e
sy
st
e
m

w
it
h
in

th
e
G
a
z
e
b
o

si
m
u
la
ti
o
n

so
ft
w
a
re
,
w
h
il
e

R
v
iz

is
u
se
d
fo
r
th
e
m
o
n
it
o
ri
n
g
a
n
d
v
is
u
a
l-

iz
a
ti
o
n
o
f
th
e
re
a
l
A
M
R
's
b
e
h
a
v
io
r.

It
is

d
e
m
o
n
st
ra
te
d
th
a
t
th
e
D
T

im
-

p
ro
v
e
d
th
e
o
v
e
ra
ll
p
e
rf
o
rm

a
n
c
e
,
li
k
e

re
d
u
c
in
g

th
e

tr
a
v
e
l
ti
m
e
,
id
e
n
ti
fy
-

in
g
b
o
tt
le
n
e
ck
s,

d
et
er
m
in
in
g
h
o
w

to
m
o
d
if
y
th
e
p
h
y
si
c
a
l
la
y
o
u
t,
a
n
d
o
p
ti
-

m
iz
in
g
th
e
si
z
e
o
f
th
e
st
o
ra
g
e
b
u
�
e
rs
.
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S
u
m
m
a
ry

o
f
a
n
a
ly
ze
d
p
a
p
er
s
b
y
ca
te
g
o
ry

-
2

C
a
t
e
g
o
r
y

T
it
le

p
a
p
e
r

R
e
f.
N
u
m
.

Y
e
a
r

T
o
p
ic

R
e
s
u
lt
s

3
E
�
e
c
t
o
f
L
a
y
o
u
t
D
is
c
re
ti
z
a
ti
o
n
o
n
th
e

P
e
rf
o
rm

a
n
c
e
o
f
Z
o
n
e
C
o
n
tr
o
l-
B
a
se
d

M
u
lt
i-
A
G
V
T
ra
�
c
M
a
n
a
g
e
m
e
n
t
S
y
s-

te
m
s.

[3
2
]

2
0
2
4

T
h
e

st
u
d
y

p
ro
p
o
se
d

a
m
o
d
e
l,

u
s-

in
g
F
le
x
S
im

,
b
a
se
d
o
n
C
o
n
tr
o
l
z
o
n
e

sy
st
e
m

to
m
a
n
a
g
e
m
u
lt
i-
A
G
V

tr
a
f-

�
c
.
T
h
e
a
n
a
ly
si
s
sp
e
c
i�
c
a
ll
y
fo
c
u
se
s

o
n

th
e

p
e
rf
o
rm

a
n
c
e

o
f
tw
o

re
p
re
-

se
n
ta
ti
v
e
tr
a
�
c
m
a
n
a
g
e
m
e
n
t
st
ra
te
-

g
ie
s:

D
y
n
a
m
ic

R
e
so
u
rc
e

R
e
se
rv
a
-

ti
o
n
(D

R
R
)
a
n
d
Im

p
ro
v
e
d
D
y
n
a
m
ic

R
e
so
u
rc
e
R
e
se
rv
a
ti
o
n

(I
D
R
R
)
a
lg
o
-

ri
th
m
.

It
d
e
m
o
n
st
ra
te
s

th
a
t

th
e

p
e
rf
o
r-

m
a
n
c
e
o
f
th
e
o
v
e
ra
ll
sy
st
e
m

is
in
�
u
-

e
n
c
e
d
b
y
th
e
d
e
n
si
ty

o
f
d
is
c
re
ti
z
a
ti
o
n

(
n
u
m
b
e
r
a
n
d
si
z
e
o
f
c
o
n
tr
o
l
z
o
n
e
s)
:

lo
w

d
is
c
re
ti
z
a
ti
o
n
d
e
c
re
a
se
s
th
e
T
H
,

w
h
il
e
h
ig
h
d
is
c
re
ti
z
a
ti
o
n
d
e
c
re
a
se

th
e

c
o
st

b
u
t
it
re
q
u
ir
e
s
h
ig
h
er

c
o
m
p
u
ta
-

ti
o
n
a
l
p
o
w
e
r.

3
A

si
m
u
la
te
d
a
n
n
e
a
li
n
g
a
p
p
ro
a
ch

fo
r

o
p
ti
m
iz
in
g
la
y
o
u
t
d
e
si
g
n
o
f
re
c
o
n
�
g
-

u
ra
b
le

m
a
n
u
fa
c
tu
ri
n
g
sy
st
em

b
a
se
d

o
n
th
e
w
o
rk
st
a
ti
o
n
s'
p
ro
p
e
rt
ie
s.

[3
3
]

2
0
2
2

T
h
e
st
u
d
y
a
d
d
re
ss
e
s
th
e
ch
a
ll
e
n
g
e
o
f

d
e
te
rm

in
in
g
th
e
o
p
ti
m
a
l
p
h
y
si
c
a
l
la
y
-

o
u
t
fo
r
a

R
e
c
o
n
�
g
u
ra
b
le

M
a
n
u
fa
c
-

tu
ri
n
g
S
y
st
e
m

(R
M
S
),

w
h
il
e
c
o
n
si
d
-

e
ri
n
g
th
e
p
ro
p
e
rt
ie
s
o
f
th
e
w
o
rk
st
a
-

ti
o
n
s.

T
h
e
a
u
th
o
rs

p
ro
p
o
se

u
ti
li
z
in
g

th
e
S
im

u
la
te
d
A
n
n
e
a
li
n
g
(S
A
)
m
e
ta
-

h
e
u
ri
st
ic
.

T
h
e
S
A

a
p
p
ro
a
ch

p
ro
p
o
se
d
su
c
c
e
ss
-

fu
ll
y

g
e
n
e
ra
te
s

n
e
a
r-
o
p
ti
m
a
l
R
M
S

la
y
o
u
ts

th
a
t
o
�
e
r
a
n
o
ta
b
le
re
d
u
c
ti
o
n

in
to
ta
l
c
o
st
s
c
o
m
p
a
re
d

to
c
o
n
v
e
n
-

ti
o
n
a
l
se
a
rc
h
m
e
th
o
d
s.

4
D
y
n
a
m
ic

A
M
R

N
a
v
ig
a
ti
o
n
:
S
im

u
la
-

ti
o
n

w
it
h

T
ra
je
c
to
ry

P
re
d
ic
ti
o
n

o
f

M
o
v
in
g
O
b
st
a
c
le
s

[3
9
]

2
0
2
4

It
is

p
ro
p
o
se
d
a
fu
si
o
n
b
e
tw
e
en

a
n

e
n
h
a
n
c
e
m
e
n
t
o
f
A
*

a
lg
o
ri
th
m

a
n
d

a
n

a
rt
i�
c
ia
l
p
o
te
n
ti
a
l
�
e
ld

(A
P
F
)

m
e
th
o
d
fo
r
lo
c
a
l
c
o
ll
is
io
n
a
v
o
id
a
n
c
e
,

w
it
h
th
e
su
p
p
o
rt

o
f
a
d
v
a
n
c
e
d
L
iD
A
R

a
n
d
st
e
re
o
c
a
m
e
ra

fo
r
re
a
l-
ti
m
e
e
n
v
i-

ro
n
m
e
n
ta
l
p
e
rc
e
p
ti
o
n
.

T
h
e
A
M
R

a
ch
ie
v
e
s
si
g
n
i�
c
a
n
tl
y
im

-
p
ro
v
e
d
sa
fe
ty

a
n
d
n
a
v
ig
a
ti
o
n
a
l
e
�
-

c
ie
n
c
y
c
o
m
p
a
re
d
to

o
th
e
r
sy
st
e
m
s

4
In
d
e
p
e
n
d
e
n
t
O
p
ti
m
iz
a
ti
o
n
fo
r
R
o
b
o
t

P
a
th

P
la
n
n
in
g
a
n
d
D
y
n
a
m
ic

O
b
st
a
-

c
le

A
v
o
id
a
n
c
e

[4
0
]

2
0
2
2

It
is
su
g
g
e
st
e
d
a
co
o
rd
in
a
te
d
m
e
th
o
d

th
a
t
se
p
a
ra
te
s
th
e
d
e
ic
is
io
n
o
n
w
h
e
re

to
g
o
fr
o
m

th
e
d
e
c
is
io
n
re
g
a
rd
in
g
h
o
w

to
a
v
o
id

o
b
st
a
c
le
s,
so

th
a
t
in

th
is
w
a
y

th
e
ro
b
o
t
d
o
e
s
n
o
t
h
a
v
e
to

re
c
a
lc
u
-

la
te

e
a
ch

ti
m
e
a
n
o
b
st
a
c
le
is
m
o
v
in
g
.

T
h
e
re
fo
re
,
th
e
a
p
p
ro
a
ch

c
a
n
b
e
d
i-

v
id
e
d
in

tw
o
la
y
e
rs
:
g
lo
b
a
l
p
la
n
n
in
g

a
n
d
lo
c
a
l
a
v
o
id
a
n
c
e
.

S
e
p
a
ra
ti
n
g
th
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Table 6: AGV - four level of logic of the advanced process �ow.

Level Key Question

Transportation or travel How do task executers move around?

Task sequence generation How are task sequences de�ned?

Job dispatching Who or what will perform what jobs?

Item �ows and routing Where do the items need to go?

Table 7: Department dimensions across the three levels of layout complexity

Department Width (m) Length Low (m) Length Medium (m) Length High (m)

Supermarket Area (SA) 33 30 42 42
Welding (R1) 33 40 40 40
Standard Painting (R2) 33 42 30 30
Custom Painting (R3) 33 � 20 20
Assembly (R4) 33 30 30 30
Quality Control (QC) 33 30 20 20
Packaging (BC) 33 20 24 24
Manufacturing (MA) 33 28 10 10

Table 8: Value of standard deviation of inter-arrival time in SA.

Inter-arrival time

Level of variation Coe�cient of
variation (c)

Standard deviation
σ (s)

Mean value µ (s)

Low 0.5 300 600
Medium 1.0 600 600
High 1.5 900 600

Table 9: Label assignment based on the input type for each department.

Department Input_type label

R1 1
R2 2
R3 3
R4 4 and 4.2
QC 5
BC 6 and 6.5
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Table 10: AGV: Agent system parameters for obstacle detection phases.

Detection Phase Coverage Radius (m) Total Frontal FOV

Broad Phase 4.0 100° (± 50°)
Narrow Phase 1.5 60° (± 30°)

Table 11: Assumptions and main parameters of the AGV system.

Parameter Fast AGV Slow AGV Unit

Physical Parameters
Vehicle dimensions 1 m3

Travel Parameters
Max speed 2 m/s
Acceleration 1 m/s2

Deceleration 1 m/s2

Rotation speed 30 ◦/s

Forward speed
Straight 2 1 m/s
Curved 1 0.5 m/s
Spur 1 0.5 m/s

Reverse speed
Straight 1 0.5 m/s
Curved 1 0.5 m/s
Spur 1 0.5 m/s

Rotation thresholds
Stop and rotate 180 ◦

Switch to reverse 91 ◦

Switch to forward 91 ◦

Battery
Capacity 100 Ah
Battery use 5 A
Idle use 1 A
Recharge rate 60 A

Loading / Unloading
Capacity 1 unit
Load time 5 s
Unload time 5 s
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Table 12: Standard deviation of loading and unloading time of an AGV.

Loading and unloading time

Level of variation Coe�cient of
variation (c)

Standard deviation
σ (s)

Mean value µ (s)

Low 0.5 2.5 5
Medium 1.0 5 5
High 1.5 7.5 5

Table 13: AMR: Docking time at the charging station

Level of variation Coe�cient of
variation (cv)

Standard deviation
(σ) [s]

Mean value (µ) [s]

Low 0.5 12.5 25

Medium 1.0 25.0 25

High 1.5 37.5 25

Table 14: AMR default parameters

Category Input Values Unit

Travel

Max speed 1 m/s

Turn speed 90 deg/s

Acceleration 1 m/s2

Deceleration 3 m/s2

Dimensions 1 m3

Loading - Unloading

Capacity 1 unit

Load time (mean µ) 15 s

Unload time (mean µ) 15 s

Table 15: AMR: Loading and unloading time

Level of variation Coe�cient of
variation (cv)

Standard deviation
(σ) [s]

Mean value (µ) [s]

Low 0.5 7.5 15

Medium 1.0 15.0 15

High 1.5 22.5 15
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Table 16: Obstacle appearance times and standard deviations for low and medium level con�gura-
tions.

Group Appearance Time (µ) Standard Deviation (low/med/high)

1 - SA 600 300 / 600 / 900

2 - R1/R4/BC 1200 600 / 1200 / 1800

3 - R2/R3/QC 2100 1050 / 2100 / 3150

Table 17: Obstacle appearance times and standard deviations for high level con�guration.

Group Appearance Time (µ) Standard Deviation (low/med/high)

1 - SA 600 300 / 600 / 900

2 - Unload R1/R4/BC 1200 600 / 1200 / 1800

3 - Unload R2/R3/QC 2100 1050 / 2100 / 3150

4 - Load R1/R4/BC 1200 600 / 1200 / 1800

5 - Load R2/R3/QC 4200 2100 / 4200 / 6300
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Table 18: AGV system - Static scenarios.

ID Scenario σR1 σR4 σBC σLd σUn

S1 Deterministic 0 0 0 0 0
S2 σR1 - Low variability 300 0 0 0 0
S3 σR1 - Medium variability 600 0 0 0 0
S4 σR1 - High variability 900 0 0 0 0
S5 σR4 - Low variability 0 300 0 0 0
S6 σR4 - Medium variability 0 600 0 0 0
S7 σR4 - High variability 0 900 0 0 0
S8 σBC - Low variability 0 0 300 0 0
S9 σBC - Medium variability 0 0 600 0 0
S10 σBC - High variability 0 0 900 0 0
S11 σR1+R4 - Low variability 300 300 0 0 0
S12 σR1+R4 - Medium variability 600 600 0 0 0
S13 σR1+R4 - High variability 900 900 0 0 0
S14 σR1+BC - Low variability 300 0 300 0 0
S15 σR1+BC - Medium variability 600 0 600 0 0
S16 σR1+BC - High variability 900 0 900 0 0
S17 σR4+BC - Low variability 0 300 300 0 0
S18 σR4+BC - Medium variability 0 600 600 0 0
S19 σR4+BC - High variability 0 900 900 0 0
S20 σAll_Ta - Low variability 300 300 300 0 0
S21 σAll_Ta - Medium variability 600 600 600 0 0
S22 σAll_Ta - High variability 900 900 900 0 0
S23 σLoad - Low variability 0 0 0 2.5 0
S24 σLoad - Medium variability 0 0 0 5 0
S25 σLoad - High variability 0 0 0 7.5 0
S26 σUnload - Low variability 0 0 0 0 2.5
S27 σUnload - Medium variability 0 0 0 0 5
S28 σUnload - High variability 0 0 0 0 7.5
S29 σLd+Un - Low variability 0 0 0 2.5 2.5
S30 σLd+Un - Medium variability 0 0 0 5 5
S31 σLd+Un - High variability 0 0 0 7.5 7.5
S32 σAll_Ta+Ld - Low variability 300 300 300 2.5 0
S33 σAll_Ta+Ld - Medium variability 600 600 600 5 0
S34 σAll_Ta+Ld - High variability 900 900 900 7.5 0
S35 σAll_Ta+Un - Low variability 300 300 300 0 2.5
S36 σAll_Ta+Un - Medium variability 600 600 600 0 5
S37 σAll_Ta+Un - High variability 900 900 900 0 7.5
S38 All - Low variability 300 300 300 2.5 2.5
S39 All - Medium variability 600 600 600 5 5
S40 All - High variability 900 900 900 7.5 7.5

Legend: σ: standard deviation; R1, R4, BC: inter-arrival locations; Ld: loading; Un: unloading; Ta: inter-arrival time.

121



Table 19: AMR system - Static scenarios

ID Scenario σR1 σR4 σBC σLd σUn σDk

S1 Deterministic 0 0 0 0 0 0
S2 σR1 - Low variability 300 0 0 0 0 0
S3 σR1 - Medium variability 600 0 0 0 0 0
S4 σR1 - High variability 900 0 0 0 0 0
S5 σR4 - Low variability 0 300 0 0 0 0
S6 σR4 - Medium variability 0 600 0 0 0 0
S7 σR4 - High variability 0 900 0 0 0 0
S8 σBC - Low variability 0 0 300 0 0 0
S9 σBC - Medium variability 0 0 600 0 0 0
S10 σBC - High variability 0 0 900 0 0 0
S11 σR1+R4 - Low variability 300 300 0 0 0 0
S12 σR1+R4 - Medium variability 600 600 0 0 0 0
S13 σR1+R4 - High variability 900 900 0 0 0 0
S14 σR1+BC - Low variability 300 0 300 0 0 0
S15 σR1+BC - Medium variability 600 0 600 0 0 0
S16 σR1+BC - High variability 900 0 900 0 0 0
S17 σR4+BC - Low variability 0 300 300 0 0 0
S18 σR4+BC - Medium variability 0 600 600 0 0 0
S19 σR4+BC - High variability 0 900 900 0 0 0
S20 σAll_Ta - Low variability 300 300 300 0 0 0
S21 σAll_Ta - Medium variability 600 600 600 0 0 0
S22 σAll_Ta - High variability 900 900 900 0 0 0
S23 σLoad - Low variability 0 0 0 7.5 0 0
S24 σLoad - Medium variability 0 0 0 15 0 0
S25 σLoad - High variability 0 0 0 22.5 0 0
S26 σUnload - Low variability 0 0 0 0 7.5 0
S27 σUnload - Medium variability 0 0 0 0 15 0
S28 σUnload - High variability 0 0 0 0 22.5 0
S29 σDocking - Low variability 0 0 0 0 0 12.5
S30 σDocking - Medium variability 0 0 0 0 0 25
S31 σDocking - High variability 0 0 0 0 0 37.5
S32 σLd+Un - Low variability 0 0 0 7.5 7.5 0
S33 σLd+Un - Medium variability 0 0 0 15 15 0
S34 σLd+Un - High variability 0 0 0 22.5 22.5 0
S35 σAll_Ta+Ld - Low variability 300 300 300 7.5 0 0
S36 σAll_Ta+Ld - Medium variability 600 600 600 15 0 0
S37 σAll_Ta+Ld - High variability 900 900 900 22.5 0 0
S38 σAll_Ta+Un - Low variability 300 300 300 0 7.5 0
S39 σAll_Ta+Un - Medium variability 600 600 600 0 15 0
S40 σAll_Ta+Un - High variability 900 900 900 0 22.5 0
S41 σAll_Ta+Dk - Low variability 300 300 300 0 0 12.5
S42 σAll_Ta+Dk - Medium variability 600 600 600 0 0 25
S43 σAll_Ta+Dk - High variability 900 900 900 0 0 37.5
S44 σAll_Ta+Ld+Un - Low variability 300 300 300 7.5 7.5 0
S45 σAll_Ta+Ld+Un - Medium variability 600 600 600 15 15 0
S46 σAll_Ta+Ld+Un - High variability 900 900 900 22.5 22.5 0
S47 All - Low variability 300 300 300 7.5 7.5 12.5
S48 All - Medium variability 600 600 600 15 15 25
S49 All - High variability 900 900 900 22.5 22.5 37.5

Legend: σ: standard deviation; Ld: loading; Un: unloading; Dk: docking; Ta: inter-arrival time.
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Table 20: AGV system - Dynamic scenarios.

ID Scenario σR1 σR4 σBC σLd σUn µ1 σ1 µ2 σ2 µ3 σ3

D1 Det - AT1 det 0 0 0 0 0 600 0 1200 0 2100 0
D2 Det - AT1 low 0 0 0 0 0 600 300 1200 600 2100 1050
D3 Det - AT1 med 0 0 0 0 0 600 600 1200 1200 2100 2100
D4 Det - AT1 high 0 0 0 0 0 600 900 1200 1800 2100 3150
D5 All Low - AT1 det 300 300 300 2.5 2.5 600 0 1200 0 2100 0
D6 All Low - AT1 low 300 300 300 2.5 2.5 600 300 1200 600 2100 1050
D7 All Low - AT1 med 300 300 300 2.5 2.5 600 600 1200 1200 2100 2100
D8 All Low - AT1 high 300 300 300 2.5 2.5 600 900 1200 1800 2100 3150
D9 All Med - AT1 det 600 600 600 5 5 600 0 1200 0 2100 0
D10 All Med - AT1 low 600 600 600 5 5 600 300 1200 600 2100 1050
D11 All Med - AT1 med 600 600 600 5 5 600 600 1200 1200 2100 2100
D12 All Med - AT1 high 600 600 600 5 5 600 900 1200 1800 2100 3150
D13 All High - AT1 det 900 900 900 7.5 7.5 600 0 1200 0 2100 0
D14 All High - AT1 low 900 900 900 7.5 7.5 600 300 1200 600 2100 1050
D15 All High - AT1 med 900 900 900 7.5 7.5 600 600 1200 1200 2100 2100
D16 All High - AT1 high 900 900 900 7.5 7.5 600 900 1200 1800 2100 3150
D17 Det - AT2 det 0 0 0 0 0 300 0 600 0 1050 0
D18 Det - AT2 low 0 0 0 0 0 300 150 600 300 1050 525
D19 Det - AT2 med 0 0 0 0 0 300 300 600 600 1050 1050
D20 Det - AT2 high 0 0 0 0 0 300 450 600 900 1050 1575
D21 All Low - AT2 det 300 300 300 2.5 2.5 300 0 600 0 1050 0
D22 All Low - AT2 low 300 300 300 2.5 2.5 300 150 600 300 1050 525
D23 All Low - AT2 med 300 300 300 2.5 2.5 300 300 600 600 1050 1050
D24 All Low - AT2 high 300 300 300 2.5 2.5 300 450 600 900 1050 1575
D25 All Med - AT2 det 600 600 600 5 5 300 0 600 0 1050 0
D26 All Med - AT2 low 600 600 600 5 5 300 150 600 300 1050 525
D27 All Med - AT2 med 600 600 600 5 5 300 300 600 600 1050 1050
D28 All Med - AT2 high 600 600 600 5 5 300 450 600 900 1050 1575
D29 All High - AT2 det 900 900 900 7.5 7.5 300 0 600 0 1050 0
D30 All High - AT2 low 900 900 900 7.5 7.5 300 150 600 300 1050 525
D31 All High - AT2 med 900 900 900 7.5 7.5 300 300 600 600 1050 1050
D32 All High - AT2 high 900 900 900 7.5 7.5 300 450 600 900 1050 1575

Legend: σ: standard deviation; µ: mean; Ld: loading; Un: unloading; 1: Appearance SA; 2: Appearance R1, R4, BC; 3: Appearance R2, R3,
QC; AT: appearance time (AT2 is half of AT1); Det: deterministic; All: all system parameters have variability.
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Table 21: AMR system - Dynamic scenarios.

ID Scenario σR1 σR4 σBC σLd σUn σDk µ1 σ1 µ2 σ2 µ3 σ3
D1 Det - AT1 det 0 0 0 0 0 0 600 0 1200 0 2100 0
D2 Det - AT1 low 0 0 0 0 0 0 600 300 1200 600 2100 1050
D3 Det - AT1 med 0 0 0 0 0 0 600 600 1200 1200 2100 2100
D4 Det - AT1 high 0 0 0 0 0 0 600 900 1200 1800 2100 3150
D5 All Low - AT1 det 300 300 300 2.5 2.5 12.5 600 0 1200 0 2100 0
D6 All Low - AT1 low 300 300 300 2.5 2.5 12.5 600 300 1200 600 2100 1050
D7 All Low - AT1 med 300 300 300 2.5 2.5 12.5 600 600 1200 1200 2100 2100
D8 All Low - AT1 high 300 300 300 2.5 2.5 12.5 600 900 1200 1800 2100 3150
D9 All Med - AT1 det 600 600 600 5 5 25 600 0 1200 0 2100 0
D10 All Med - AT1 low 600 600 600 5 5 25 600 300 1200 600 2100 1050
D11 All Med - AT1 med 600 600 600 5 5 25 600 600 1200 1200 2100 2100
D12 All Med - AT1 high 600 600 600 5 5 25 600 900 1200 1800 2100 3150
D13 All High - AT1 det 900 900 900 7.5 7.5 37.5 600 0 1200 0 2100 0
D14 All High - AT1 low 900 900 900 7.5 7.5 37.5 600 300 1200 600 2100 1050
D15 All High - AT1 med 900 900 900 7.5 7.5 37.5 600 600 1200 1200 2100 2100
D16 All High - AT1 high 900 900 900 7.5 7.5 37.5 600 900 1200 1800 2100 3150
D17 Det - AT2 det 0 0 0 0 0 0 300 0 600 0 1050 0
D18 Det - AT2 low 0 0 0 0 0 0 300 150 600 300 1050 525
D19 Det - AT2 med 0 0 0 0 0 0 300 300 600 600 1050 1050
D20 Det - AT2 high 0 0 0 0 0 0 300 450 600 900 1050 1575
D21 All Low - AT2 det 300 300 300 2.5 2.5 12.5 300 0 600 0 1050 0
D22 All Low - AT2 low 300 300 300 2.5 2.5 12.5 300 150 600 300 1050 525
D23 All Low - AT2 med 300 300 300 2.5 2.5 12.5 300 300 600 600 1050 1050
D24 All Low - AT2 high 300 300 300 2.5 2.5 12.5 300 450 600 900 1050 1575
D25 All Med - AT2 det 600 600 600 5 5 25 300 0 600 0 1050 0
D26 All Med - AT2 low 600 600 600 5 5 25 300 150 600 300 1050 525
D27 All Med - AT2 med 600 600 600 5 5 25 300 300 600 600 1050 1050
D28 All Med - AT2 high 600 600 600 5 5 25 300 450 600 900 1050 1575
D29 All High - AT2 det 900 900 900 7.5 7.5 37.5 300 0 600 0 1050 0
D30 All High - AT2 low 900 900 900 7.5 7.5 37.5 300 150 600 300 1050 525
D31 All High - AT2 med 900 900 900 7.5 7.5 37.5 300 300 600 600 1050 1050
D32 All High - AT2 high 900 900 900 7.5 7.5 37.5 300 450 600 900 1050 1575

Legend: σ: standard deviation; µ: mean; Ld/Un/Dk: loading, unloading, docking; 1: App. SA; 2: App. R1-R4-BC; 3: App. R2-R3-QC;
AT: appearance time; Det: deterministic; All: all system parameters have variability.
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