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Abstract

Abstract

This thesis deals with an ensemble strategy for optimizing the overall

performance of multi-robot systems. Specifically, methodologies are pre-

sented for the coordination, optimization and traffic management of a

fleet of automated guided vehicles (AGV) operating in industrial envi-

ronments.

This dissertation presents first an algorithm for the automatic cre-

ation of a roadmap for AGV systems which maximizes the connectivity,

the redundancy and the coverage. The roadmap is built in such a way

that the environment is filled by as roads as possible whose directions

are assigned by maximizing the connectivity of the associated graph.

A traffic coordinator is then developed in such a way that the optimal

performance is guaranteed when it is used with a roadmap generated with

the previous method. The coordination is performed by means of both

decentralized and centralized control policies. The former is based on

a priority scheme for the resource allocation, the latter is performed by

modeling the coordination problem as a quadratic programming problem

(QP) by aiming at minimizing the total time required for the fleet in

order to accomplish its tasks.

Along with the traffic coordinator, a hierarchical 2-layers control ar-

chitecture is developed. The architecture exploits two layers to manage

the problem. A layer is a topological graph representing the roadmap

where each node is an area of the roadmap called sector. Then the other

layer represents the actual roadmap within each sector. In this way,

the overall scenario is modeled as a lumped parameter model where the

traffic congestions and then the complexity are bounded in specific areas.

Furthermore a probabilistic dynamic model of the traffic is intro-

duced. The model is used to predict the evolution of the traffic in a

future horizon. This information is then exploited by a traffic-based

planner which coordinated the vehicles in order to minimize the total
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arrival time.

The methodologies are supported by simulations and experiments in

real world scenario, specifically in real automatic warehouses.
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Sommario

Sommario

Il tema della tesi consiste nello sviluppo di strategie globali per l’ottimizzazione

delle performance in sistemi multi-robot. In particolare, si sono analiz-

zati e sviluppati metodi per la coordinazione, l’ottimizzazione e la ges-

tione del traffico di una flotta di automated guided vehicles (AGV) op-

eranti in ambienti industriali.

Il lavoro di tesi ha visto per primo lo sviluppo di un algoritmo per la

creazione automatica delle roadmap per sistemi AGV, massimizzandone

la connettività, la ridondanza e l’indice di copertura. La roadmap gener-

ata è tale che l’ambiente risulti riempito dal massimo numero possibile di

strade, mentre le direzioni sono assegnate ottimizzando la connettività

del grado associato.

In seguito, è stato sviluppato un coordinatore del traffico che garan-

tisce ottime prestazioni qualora usato per coordinare la flotta su roadmap

generate con il metodo automatico. Si sono analizzati due metodi di co-

ordinazione tra veicoli: decentralizzato e centralizzato. Il primo si basa

su uno schema di priorità con lo scopo di allocare risorse, nel secondo

il problema è affrontato tramite una modellazione di programmazione

quadratica (QP) dove si minimizza il tempo totale per completare le

missioni della flotta.

A fianco del coordinatore, si è sviluppata una architettura di controllo

basata su due livelli. La natura gerarchica permette cos̀ı di ridurre la

complessità totale del problema. Il primo livello (più astratto) è un grafo

topologico rappresentate la roadmap e l’ambiente. Ogni nodo è una area

specifica della mappa chiamata settore. Il secondo livello rappresenta

la roadmap vera e propria all’interno dei singoli settori. Tale metodo

permette di modellare il sistema a parametri concertati e il traffico è

cos̀ı racchiuso solo in alcune aree.

In fine, si è sviluppato un modello probabilistico del traffico tra i

vari settori, che permette di predirne l’evoluzione all’interno di un certo
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orizzonte temporale. Ciò è inglobato in un pianificatore di percorsi che

tiene in conto lo stato del traffico e coordina la flotta minimizzandone il

tempo totale necessario per il completamento delle missioni.

A supporto della tesi, è stata condotta una intensa campagna di

validazione sia tramite simulazioni che esperimenti relativi a scenari re-

alistici, nello specifico, a magazzini automatici.
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CHAPTER 1. INTRODUCTION

Chapter 1

Introduction

In the recent years the necessity of increasing the goods production flow in man-

ufacturing plants while decreasing the costs is becoming more and more crucial.

In the last decades, manufacturing plants have been largely automated in order to

mainly reduce costs and avoid unsafe work condition and robotics has contributed

and is contributing to this purpose. Factory logistics is crucial for the overall pro-

duction flow and its weaknesses affect the production efficiency and the quality of

goods delivery, in particular in terms of product traceability. Futhermore bottle-

necks and problems in warehouse logistics impact heavily on factory competitiveness

in the market. For this purpose, Automated Guided Vehicles (AGVs) have been in-

troduced since the 1950s for automatic material handling systems because of their

flexibility and efficiency. This Thesis deals with the development of a global strat-

egy for optimizing an AGV system. Very often, in the common industrial practice,

the roadmap (namely the paths on which the AGVs move) and the coordination

strategies are separately developed, without considering their existing relationship.

The way the AGVs move is intrinsically dependent on how the roadmap is built,

and vice-versa. Moreover, manual rules are also commonly used for avoiding local

issues, i.e. deadlocks at intersections, etc.

This chapter gives an overview of the AGVs system and motivations and objec-

tives of this dissertation are treated in more detail. Sec. 1.1 describes briefly current

AGV systems, Sec. 1.3 reports references and notions about multi-robot system and

the objective and motivations of the presented work are reported in Sec 1.4.

1.1 Automated Guided Vehicles

An automated guided vehicle (AGV) is a driverless transport system used for move-

ment of materials. Generally speaking, it is a mobile robot which can transport
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CHAPTER 1. INTRODUCTION

goods from a location to another in a warehouse. Clearly, the specifications of

AGVs differ per environment. To transport a container, the capacity of an AGV

should at least be equal to 40 tonnes. Less capacity is required for the transport of

pallets at warehouses. Typically the main components in an AGV are:

• localization system: typically laser-based systems or magnetic systems

• navigation system: a navigation laser as well as encoders provide the position

of the vehicle which can then navigate in the environment

• safety system: proximity lasers or bumpers to avoid collisions

• communication system: all the AGVs have to communicate with a control unit

A typical AGV forks is shown in fig. 1.1.

Figure 1.1: Automated Guided Vehicles (AGVs)

1.2 AGV System

Modern logistics facilities such as warehouses, distribution centers and production

plants are the typical scenarios for implementing AGV systems. A portion of a

warehouse where AGVs are exploited is shown in Fig. 1.2. AGV systems have been

extensively studied in the literature: a comprehensive survey is presented in [1],

where authors describe the main technologies adopted for localization and guidance

of AGVs in industrial environments. Thus, AGVs are generally exploited for goods

transportation, that is for moving batches of goods (pallets or boxes) from one

location to another one, according to the requests from the logistics system [2].

In the following paragraphs the AGV system scenario is described.

2



CHAPTER 1. INTRODUCTION

Figure 1.2: AGV system exploited in industrial logistics

1.2.1 Scenario

In automatic warehouses, AGVs usually pick up pallets of goods from an automated

production line. The pallets have to be brought to the shipment area, usually

composed by empty trucks. Sometimes the pallets cannot be shipped directly, but

need to be stored in a warehouse. The storage areas are replenished with incoming

loads, which are outputted by the production lines or delivered by trucks during the

day.

Figure 1.3: Example of end-line in automatic warehouses

The warehouse management system (WMS) then allocates the orders to locations

within the storage areas, and order picking routes are determined. AGVs have to

travel through the aisles between the racks in the storage area to visit the locations

to collect the orders. These routes are determined with objective criteria such as:

• minimize the travel time

3
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• minimize the waiting time caused by traffic congestion.

The sequence of the executed orders depends on their priorities, whether the orders

involves single or multiple pallet, etc. It is worth noting that the the pick times and

travel times of AGVs are stochastic due to the following reasons:

• acceleration/deceleration effects

• failure of equipment

• unexpected obstacles along the paths

• traffic congestion due to unforeseen events

The drop off instants of the loads are also stochastic. A real AGV system in indus-

trial environment is then a non-deterministic scenario. The main characteristics of

an AGV system will now be analyzed in details.

Plant Installation The installation phase for an AGV system is a complex set of

operations, that need to be carried out for the system to be able to work in an au-

tonomous manner. Roughly speaking, given the geometric layout of the plant, and

given the expected flows of material during the plant operation, the infrastructure

for the localization system has to be set up, and the roadmap has to be defined.

Specifically, we consider laser guided vehicles. Namely, each AGV is able to localize

itself measuring its relative distance from some previously mapped artificial land-

marks. These landmarks are made of reflective material, and distances are measured

by means of a laser scanner, placed on the top of each AGV. A precise knowledge

of the map of landmarks is mandatory for obtaining a highly precise localization.

Moreover, the position of the landmarks themselves has a great influence on the

localization accuracy.

The roadmap is the set of paths along which the AGVs can travel and it can be

divided in small portions called segments. The roadmap has to be defined such that

a path that connects each pair of operation positions exists. Moreover, each path is

defined in order to avoid collisions with the infrastructure, and among the AGVs.

For each segment of the roadmap, the maximum allowed speed is defined, in such a

way that the safety devices (typically laser scanners) are able to effectively detect

unforeseen obstacles, and appropriately stop the AGV. An example of roadmap

defined in a portion of a plant is represented in Fig 1.4.

The design of the roadmap is generally performed manually with a CAD software

and requires a highly specialized operator. In fact the roadmap design impacts on

AGV traffic and then defines the system efficiency.

4
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Figure 1.4: Complete and detailed portion of an AGV roadmap

Mission Assignment Each AGV has to accomplish a task that consist in moving

goods among different locations of the environment, for instance from the production

area to the storage area. The process of selecting and assigning transport tasks to

vehicles is called dispatching. Each transportation task is defined as a mission. The

AGVs are in general dispatched on-line, i.e. based on real-time information, since

the uncertainty of the load release and delivery times makes vehicle dispatching

beforehand (scheduling) very hard. The locations where loading and unloading

operations are performed are generally referred to as operation points. The position

and the characteristics of each operation point need then to be mapped with high

precision, in order to ensure that loading and unloading operations can be performed

in an effective manner.

In order to optimize the overall performance of the system, it is necessary per-

form the assignment in an optimized manner, that means minimizing the overall

completion time. Mainly utilized assignment methods consider the mission assign-

ment problem in a static manner: roughly speaking, each mission is assigned to the

closest AGV. Common algorithms are used for such a scenario, for instance the Hun-

garian algorithm, presented in [3, 4], provides an optimal solution to the assignment
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problem in polynomial time.

AGV coordination The motion of the AGVs is coordinated inside the warehouse

in order to ensure completion of all missions in an efficient manner. If the traffic is

not properly treated, congestion, deadlocks or even collisions can take place. These

situations can block part of the system and they can require to stop the AGVs to

allow the intervention of qualified personnel for a manual restart drastically reducing

the performance of the system. The traffic control problem is further complicated by

the presence of unpredictable events that can take place in automatic warehouses.

For example, a pallet may fall during the transportation or an AGV can suddenly

stop because of a fault. These events produce some unplanned static obstacles along

the routes tracked by the vehicles. Furthermore, the AGVs are working in a dynamic

environment populated by other moving obstacles (i.e. manual forklifts) whose

trajectories cannot be predicted while the safety has to be always guaranteed. The

path planning and traffic coordination is a very complex problem, whose complexity

grows exponentially with the number of vehicles. The complexity is reduced by using

the roadmap where the AGVs can move. It is worth noting that, in general, the

design of the roadmap and the design of the coordination algorithm both contribute

to the overall efficiency of the system. Typically, specific features of the roadmap are

handled by adding exceptions to the coordination algorithm, in the form of traffic

rules [5]. Moreover, while roadmaps are a very effective manner of reducing the

computational resources needed for traffic management, constraining the motion of

the AGVs on a finite set of roads severely reduces the flexibility of the system. For

instance, if an obstacle appears on an AGV’s road, it is necessary to re-plan the

path to circumvent the obstacle. When an alternative path is not available, traffic

jams might appear, that can be solved only with the intervention of an operator, to

manually remove the obstacle.

Nowadays these autonomous systems have a market share of about few thousands

vehicles sold every year and they are not yet ready to be widespread in manufacturing

plants. In fact, some open problems still remain, such as safety, efficiency and

plant installation costs. Therefore, innovations to address weaknesses of AGVs

and automated warehouse systems will boost capabilities of these logistic solutions

bringing them toward a pervasive diffusion in modern factories.
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1.3 Multi-Robot Systems

In the last years, multi-robot systems have received more and more attention by

the robotics community. AGV systems represent a typical industrial application of

multi-robot scenarios. Multi-robot systems can be classified in several ways, in this

section a collection of the approaches presented in literature is given following the

classifications given by [6] and [7].

1.3.1 Centralized versus Decentralized

This characterization is based on the three aspects: the architecture of the sys-

tem, the temporal scope of the planning and the decomposition of the coordination

problem. The architecture can be centralized or decentralized (or distributed). In

the first case, a central unit gathers the data of all the robots and then it decides

the motion of each vehicle. The main advantage of these approaches is that they

allow to obtain a very efficient coordination and, in principle, even the optimal one

(with respect to a chosen functional). For this reason, fleets of AGVs in industrial

applications are generally coordinated by a centralized supervisor (the control cen-

ter) which manages all the information coming form the Warehouse Management

System (WMS) and from the environment. The control center handles the coordi-

nation of the fleet, solving a multi-robot path planning problem (see e.g [8, 9]). The

main drawback of these algorithms is the computational burden since, in general,

the dimension of the multi-robot space may be very high and then it may require

a considerable computational resources. Furthermore, centralized approaches rep-

resent single point of failure systems and then the robustness of the system can be

limited.

Traffic problems have been also treated using decentralized architectures. In de-

centralized architectures, each vehicle decides its motion based on local information.

In these methods, each robot autonomously determines its routes, dissolving the con-

flicts and collecting information from other robots [10, 11]. Decentralized techniques

are generally faster than centralized ones, but they present several drawbacks. While

existing work such as [12, 13], provides deadlock-free strategies, decentralized ap-

proaches can fail to find valid paths for all robots and feasible solutions may be

far from optimal. As such, decentralized strategies may not be suitable for many

industrial applications where efficiency is paramount.

7
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1.3.2 Coupled versus Decoupled

The coordination strategies can be classified in: coupled approaches and decoupled

approaches. Coupled approaches search the solution of the motion planning problem

in a composite coordination space, which is formed by the Cartesian product of the

configuration spaces of the individual vehicles. Namely these approaches aggregate

all the individual robots into one large composite system and apply single-robot

motion planning algorithms for solving the coordination problem. Much of classical

motion planning techniques for exact motion planning, randomized motion planning

and their variants would apply directly [14, 15, 16, 7]. Except from their very

high complexity, this kind of approaches are non-robust to any contingencies arising

during the system operation. They require to discard the plans every time the

coordination problem must be updated (e.g., a new mission is assigned to a vehicle).

These approaches are generally characterized by a significant computational burden

so that their application is often limited to simple problem settings involving two or

three vehicles. For example, if we have m robots with k degrees of freedom each, a

coupled planner will have a time complexity exponential in m×k. This means that,

assuming we do not consider the dimension of the composite configuration space as

a constant, the multi-robot path planning problem is PSPACE-complete (see, e.g.,

[17]).

Decoupled approaches face the complexity of the coordination, by breaking the

problem into two distinct phases: path planning and motion coordination. During

the first phase a path for each vehicle is planned without considering the presence

of other vehicles. In the second phase the velocity profile of each vehicle along its

path is computed. These approaches are more suitable than centralized ones for

dealing with coordination problems involving a big number of vehicles. Decoupled

approaches are typically divided into two broad categories: prioritized planning and

path coordination. Prioritize planning considers the motions of the robots one at

a time, in a priority order. In particular, the path of the robot i is computed by

considering the i−1 paths of the other robots as moving obstacles. Path coordination,

on the other hand, first plans independent paths for the robots separately, then seeks

to plan their velocities so as to avoid collisions along those paths.

1.3.3 Roadmap-based Approach

In general the dimension of the multi-robot space may be very high or even in-

tractable. One way to reduce the search space is to weakly constrain the allowable

paths that robots can follow by limiting the motion of the robots to lie on roadmaps
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in the environment. Intuitively, roadmaps are akin to automotive highways, where

robots move from their starting position to a roadmap, move along the roadmap

to the proximity of the goal, and then move off the roadmap to the specific goal

location.

Several strategies can be found in the literature for the definition of a roadmap.

Generally speaking most roadmap based algorithms have been designed for motion

planning for a single robot in a static environment and are generated based on

random sampling techniques [15]. Several algorithms, known collectively as proba-

bilistic roadmap methods (PRMs), have been shown to perform well in a number of

practical situations [14, 18]. These methods run quickly and are easy to implement,

but they can perform poorly in some situations [19]. Furthermore there are sev-

eral extensions based on the PRM algorithm. Visibility-PRMs [20, 15] try to build

small roadmaps avoiding redundant elements, instead Reachability Roadmap Meth-

ods (RRM) emphasize the coverage and the maximal connectivity of the free space

Cfree [21] by creating small, resolution complete roadmaps. The approach described

in [22] aims at providing high-clearance paths by retracting the roadmap to the me-

dial axis [23]. Some algorithms have been proposed to extend the roadmap based

algorithms to dynamic environments [24] and multiple agents [25]. However none of

these algorithms keeps into account how the robots will be actually coordinated.

As illustrated in [26], in the vast majority of modern automatic warehouses,

AGVs are constrained to move on a roadmap (see for instance fig. 1.2). Up to sixty

AGVs can travel in an automatic warehouse and the way the roadmap is designed

tremendously affects the way traffic can be managed and, consequently, the efficiency

of the overall system. In the current industrial practice, given the layout of a plant,

the roadmap is manually designed. This process is very time consuming and the

achieved set of paths can be quite far from the best one.

1.4 Contribution and thesis outline

This Thesis focuses on the coordination of AGVs in an industrial environment. The

management of a fleet of vehicles is faced by considering all the aspects concerning

the overall system. In other words, the problem is addressed in terms of performance

of the system, coordination strategy, control architecture and optimization method.

The motivation of the dissertation can be found in the more and more increasing

demands of automatized industrial warehouses. The typical example in this context

is the Kiva System solution (now Amazon Robotics), where hundreds of robot move

in the same warehouse [27]. Generally speaking, most of solutions presented in the

9
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robotics community can focus on specific aspects of the problem (e.g. path planning,

coordination, communication, etc.) without considering the interconnections among

them. For this reason, this thesis faces the problem in a different manner: all the

aspects of an AGV system are put together for considering an ensemble model of

the problem. A solution of the traffic coordination problem is then provided.

Each chapter faces a specific aspect of the ensemble traffic coordination approach.

Each of them starts with an introduction section, that includes a detailed analysis

of the state of the art, based on the literature review. The organization of the thesis

is described in the follow.

Chapter 2 describes an algorithm for the automatic generation of a roadmap

for AGV systems. Such a roadmap is build in order to be maximal connected,

redundant and to cover all the free space. Simulation on real plant form automated

warehouses are also dealt.

Chapter 3 proposes a hierarchical architecture to face the coordination problem.

In particular, a 2-layers approach is proposed in order to reduce the complexity of

large-scale multi-robot coordination problem. A basic coordination algorithm is also

reported.

An optimized coordination algorithm is shown in Chapter 4. The coordination

is faced by modeling the problem as a quadratic optimization problem (QP) whose

optimization variables are the AGVs’ velocities. Experiments and simulations are

also discussed.

Chapter 6 deals with traffic models for AGV systems. In particular, first a

simple static model is proposed and the task assignment problem is formulated on

this. Subsequently a probabilistic dynamic traffic model is detailed described. The

latter model is able to predict the evolution of the traffic which can be used to plan

better paths for the AGVs. Finally, in the last chapter some conclusions are fulfilled.

10
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Chapter 2

Roadmap Generation Algorithm

In this chapter an algorithm for the automatic creation of a roadmap for AGV

systems is described. The algorithm computes a roadmap in such a way that the

coverage, the connectivity and the redundancy of the paths are maximized. In this

way the flexibility and the efficiency of the AGV system can be increased. The

proposed approach is validated by means of a comparison with standard industrial

approach for roadmap generation in real plants.

2.1 Introduction

As illustrated in [26, 28], and summarized in the Chapter 1, in the vast majority of

modern automatic warehouses, AGVs are constrained to move along a set of (virtual)

paths and this set is usually called roadmap. Hundreds of robots can travel in an

automatic warehouse and the way the roadmap is designed tremendously affects the

way traffic can be managed and, consequently, the efficiency of the overall system.

For instance, Kiva Systems proposes a solution where hundred of robots can move

in the warehouse in grid-based approach [27]. However, in the current industrial

practice for AGV solutions, given the layout of a plant, the roadmap is manually

designed. Expert personnel is then required to design the roadmap by means of

CAD software. This process is very time consuming and the achieved set of paths

can be quite far from the best one. Thus, an automatic procedure for designing a

roadmap which dramatically decreases the installation time and the cost of an AGV

system is proposed.

A roadmap can be represented by a topological graph spanning the free space

[29]. Most roadmap based algorithms have been designed for motion planning for a

single robot in a static environment and are generated based on random sampling

techniques [15].

11
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Lots of works are concerned with methods to build a roadmap. Several algo-

rithms, known collectively as probabilistic roadmap methods (PRMs), have been

shown to perform well in a number of practical situations [14, 18]. The idea behind

these methods is to create a graph of randomly generated collision-free configura-

tions [15]. Connections between these configurations are made by a simple and fast

local planning method. Global planning is then carried out on the roadmap. These

methods run quickly and are easy to implement, but they can perform poorly in

some situation [19]. e.g., when paths are required to pass through narrow passages

in configuration space [30]. Furthermore there are several extensions based on the

PRM algorithm. Visibility-PRMs [20, 15] try to build small roadmap avoiding re-

dundant elements by connecting only the new nodes to useful ones as shown in [31].

Thus Visibility-PRMs capture the free space connectivity with a roadmap much

smaller than Basic-PRM while maintaining the same coverage of the free space [32].

Although this approach prunes the roadmap a lot, it is slower than other variants

of PRM. Reachability Roadmap Methods (RRM) have merged the advantages of

Basic-PRMs and Visibility-PRMs [33, 34]. RRMs emphasize the coverage and the

maximal connectivity of the free space Cfree [21]. This technique creates small, reso-

lution complete roadmaps. Nonetheless many techniques generate low quality paths.

The approach described in [22] aims at providing high-clearance paths by retracting

the roadmap to the medial axis [23]. Some algorithms have been proposed to extend

the roadmap based algorithms to dynamic environments [24] and multiple agents

[25]. However none of these algorithms keeps into account how the robots will be

actually coordinated.

Approaches [35, 36] show a combined planning methods based on network flow

and medial axis. In particular the former provides an interesting parallelism among

network flow problem on a graph and multi-agent path planning problem, but it

fails in providing an applicable solution. The other work focuses on providing an

integer linear programming (ILP) planning method which minimizes the average of

the arrival times of all the agents over the maximum number of agents contained in

the same edge at a given time stamp (capacitated graph). Furthermore the graph is

built on the medial axis of the free space. This approach is designed for large groups

and considers some restricted constraints and assumptions which are not allowed in

the AGV system scenario.

In the following sections the details of the proposed algorithm will be discussed.

The algorithm, given the layout of the plant, provides a roadmap such that the cov-

erage, the connectivity and the redundancy are maximized. The generated roadmap

12
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is suitable to be used with the traffic coordination strategy reported in [37] where the

coordination and the roadmap generation problems are treated as a whole. An evi-

dence of this claim is that the performance of the coordination algorithm is strongly

related to the structure of the roadmap where the coordination takes place.

2.1.1 Outline

The outline of the Chapter is as follow. Section 2.2 describes the problem and pro-

vides some definitions. Section 2.3 shows in detail the algorithm for the generation

of the roadmap. Finally Section 2.4 explains the experiments and simulations.

2.1.2 Preliminaries on Medial Axis Transform(MAT)

Since the Medial Axis Transformation will be largely used in the rest of the chapter,

a brief introduction is now given.

Figure 2.1: Definition of Medial Axis Transformation: red line is the medial axis

The medial axis of an object is the set of all points having more than one closest

point to the object’s boundary. In the 2D case, the following facts hold [23].

• Given a planar region B bounded by a curve L, the medial axis of B is the set

of the centers of the circles that are contained in B and that are tangent to L

in at least two points.

• The medial axis of a simple polygon is a tree whose leaves are the vertices of

the polygon, and whose edges are either straight segments or arcs of parabolas.

13
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• The medial axis together with the associated radius function of the maximally

inscribed discs is called the medial axis transform (MAT)

Let Q be the set of segments of line that compose the medial axis. MAT is a

complete shape descriptor and it can be used for reconstructing the shape of the

original domain.

An algorithm for computing the medial axis of polygonal regions is proposed in

[38]. It runs in O(N log N) time, where N is the number of segments of the polygon.

Another approach for computing the medial axis for non polygonal regions can be

found in [39]. The planar region is discretized into a set of µ cells and the MAT is

found using a two-step dynamic program that runs in O(µ).

2.2 Problem Statement

The approach aims at filling an industrial warehouse with feasible paths. Given

the layout of the plant, the configuration space C is formally defined as the set of

all the possible positions of every point in the system. It is discretized by building

a grid map and Cfree indicates the portion of C that is not occupied by obstacles.

Therefore, hereafter the free space Cfree to be constituted of a finite number of cells,

that represent the discretization of all the configurations in the free space. The cells

of Cfree define then a grid map. A euclidean Distance Transformation (DT) [40] is

then applied on the grid map in order to discretize the distance from the obstacles.

In this way a value indicating the euclidean distance form the obstacles is applied

at each cell of the grid map.

A roadmap is a set of routes, composed of distinguished elements called segments

(see Fig. 2.2). The AGVs are constrained to follow the roadmap and its segments.

More formally, a roadmap is defined as follows:

Let me introduce the following definition of feasible path.

Definition 2.1. Feasible Path A path P ∈ C between two configurations i, j ∈ C
is feasible, when P ∈ Cfree.

A roadmap can be represented as a graph G = (V,E), where the vertices V

represent the cells Cfree, and the edges E represent the roads that connect the cells.

The following definitions can be introduced:

Definition 2.2. Coverage [22] Given any two configurations c1,c2 ∈ Cfree, G covers

Cfree if a feasible path between c1 and c2 exists in G.
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PATH

SEGMENT

Figure 2.2: Definitions of Path and Segment

Definition 2.3. Strong Connectivity [41] G is strongly connected when for all

nodes vi, vj ∈ V , there exists a path in G between vi, vj.

Definition 2.4. Redundancy There exist multiple paths that connect each pair of

nodes.

It is worth noting that increasing the redundancy between each pair of nodes

implies increasing the possibility of multiple choices of the paths. Thus, redundancy

is an important index of quality to evaluate the roadmap for automatic warehouses.

A roadmap with high redundancy globally entails a smaller number of stops of the

AGVs due to traffic reasons, and a subsequent benefit for the efficiency of the system.

The objective of the algorithm is then to define a roadmap that fills the environ-

ment with feasible paths. Generally speaking, the free space Cfree of an industrial en-

vironment is characterized by two main entities: corridors and intersections. Given

a polygonal environment and its medial axis Q, a corridor is formally expressed as

follows.

Definition 2.5. Corridor A corridor is the set of points in Cfree bounded by at

least two obstacles and such that Q is a segment of line parallel to the boundary of

the obstacles.

An intersection is a bounded portion of Cfree in which more corridors flow. For-

mally:

Definition 2.6. Intersection An intersection is the set of points in Cfree bounded

by corridors and whose medial axis Q is not parallel to the boundary of any of the

obstacles.
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Fig. 2.3 shows a real warehouse and some intersections and corridors are under-

lined. Thus intersections and corridors provide a topological representation of the

warehouse.

Figure 2.3: Intersections and corridors in an industrial environment

Furthermore some Assumptions are required:

A1 The free space in an intersection is large enough to contain at least one AGV.

A2 A corridor is longer than the dimension of one AGV.

The proposed method provides a roadmap which is feasible, optimal (according with

an objective function), redundant and that covers all the free space.

2.3 The Algorithm

In this section, the algorithm for the generation of the roadmap will be detailed

described. The roadmap generation algorithm is also reported in the author’ papers

[42, 43].

The layout of the industrial plant is provided as an input and it contains geo-

metric information such as the position of the static obstacles in the environment.

The proposed algorithm is composed of the following steps which will explained in

the corresponding subsections:

A. First, the free space has to be covered.

B. Then the number of roads is maximized to fill this space.

16



CHAPTER 2. ROADMAP GENERATION ALGORITHM

C. A direction is subsequently assigned to each road in such a way that a specific

parameter of the graph associated to the roadmap is maximized.

D. The roadmap is then smoothed considering the geometry of the AGV.

2.3.1 Find Corridors and Intersections

First of all, the free space has to be detected. Without loss of generality, assume

that the obstacles are 2D polygons (e.g. bounding box). The free space can be

captured by means of the medial axis transform (MAT), an example is shown in

Fig. 2.4. In this way, the free space is modeled as a topological graph where each

node represents an intersection and each edge a corridor, this is a high clearance

roadmap which covers the space. The MAT process generates a set of segments of

line. By analyzing the MAT it is possible to identify corridors and intersections,

exploiting Definition 2.5 and Definition 2.6. Fig. 2.5 shows the intersections and

corridors found in a portion of a real warehouse.
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Figure 2.4: MAT

2.3.2 Fill the Corridors

The redundancy requirement is satisfied maximizing the number of roads. The roads

have to be collision free as much as possible (collisions can take place in proximity

of the intersections). Let δ be the maximum width of an AGV. Each road has to

guarantee a minimal distance δ form the other roads in order to avoid collisions.
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Figure 2.5: Find Corridors and Intersections: the circles identify the intersections
and the straight lines identify the corridors.

This information is used to determine the maximum number of roads that guar-

antee at least the minimal distance δ from each other. Thus a set of roads is

generated in each corridor, Fig. 2.6 shows an example. Practically, the width of

each corridor is compared to the distance δ in order to obtain the maximum number

of roads which can lay in the corridor. Subsequently the new roads are added to the

roadmap. The filling procedure is described in details in Algorithm 1.

Algorithm 1: Fill the corridors

Data: Roadmap G , corridors, AGV’s dimension
Result: Roadmap with filled corridors

1 forall the corridor of Cfree do
2 calculate distance transform DT ;
3 compute maximum number of roads based on AGV’s dimension;
4 for i=1 to number of roads do
5 generate road l ;
6 put l in G ;

7 end

8 end

2.3.3 Build the Intersections

In this section how to connect the roads of different corridors in an intersection is

shown. At this stage, roads are straight lines. An intersection can be modeled as a
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Figure 2.6: Fill the corridors: several roads are built in the corridors. The process is
based on the dimension of the free space according with the dimension of the AGV.

polygonal area bounded by obstacles and corridors, as shown in Fig. 2.7a. First, the

generation of a grid that extends all the roads is proposed, see Fig. 2.7b. In general,

the extended roads can overlap each other and the grid is pruned considering the

following constraints:

• the distance from obstacles has to be more than δ

• the distance form other roads has to be more than δ

In case that one of the constraints is not respected, the road is merged with another

one or deleted, see Fig. 2.7c.

The result of this process applied on a portion of a real environment is shown in

Fig. 2.8 and the details of the algorithm are described in Algorithm 2.

2.3.4 Assign Directions

This step aims at assigning the direction to each road maximizing a general objective

function. Two objective functions have been used:

• the algebraic connectivity

• the maximum flow

The environment is topologically described as a weighted directed graph T (V ,E)

with weight function Ω : E → R. The vertices V model the intersections and the
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(a) Intersection (b) Extend the roads (c) Final Intersection

Figure 2.7: The intersections are created merging or deleting roads form different
corridors. The intersection region is outlined with a green polygon and the corridors
with a red one. The roads in the corridors are shown as black lines. This process is
outlined in Algorithm 2
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Figure 2.8: Build the Intersections: the intersections are created among roads from
different corridors.
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Algorithm 2: Build the Intersections

Data: Roadmap G , intersection
Result: Roadmap

1 forall the intersection do
2 find the coming corridors Cin ;
3 initialize grid intersect grid ;
4 forall the Cin do
5 forall the roads in Cin do
6 extend the road until the next corridor ;
7 put new extended line in intersect grid ;

8 end

9 end
10 forall the i = 1 to lines in intersect grid do
11 forall the j > i to lines in intersect grid do
12 if lines i is directed to obstacles then
13 delete lines i ;
14 break ;

15 end
16 if lines j is directed to obstacles then
17 delete lines j ;
18 continue ;

19 end
20 if distancei,j < distance min then
21 merge lines i and lines j ;
22 end

23 end

24 end

25 end

edges E model the corridors among the intersections. Each corridor can be repre-

sented by one or two edges, based on the number of roads obtained after applying

Algorithm 1. The weight of each edge in a corridor is a function of the number of

roads and of the length of the corridor itself. In particular, the traffic flow of the

AGVs among the intersections is modeled as the communication among nodes in-

terconnected with the graph T . The communication efficiency on a graph increases

as the edge weights increase. Therefore, for each corridor, the corresponding edge

weight are defined as quantity that is:

• directly proportional to the number of roads (more roads allow more AGVs to

simultaneously travel on the corridor)

• inversely proportional to the length of the corridor (long corridors require more
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time to be traversed)

Formally the weight of the edge between the i-th and j-th intersection can be ex-

pressed as follows.

wi,j =
nroads,i→j

Li,j
∈ Ω (2.1)

Where Li,j is the Euclidean distance between the intersection i and j and nroads,i→j

is the number of roads directed from i to j. The direction of each road is obtained

as a solution of the Direction Assignment Process, formalized as follows.

Definition 2.7. Direction Assignment Process A direction has to be assigned

to each road in the roadmap G in such a way that the topological graph T is strongly

connected and a defined objective function is optimized.

The corridors can be divided into two classes: bi-directional corridors and mono-

directional corridors. Corridors with more than one road are defined as bi-directional

corridors and are represented by two edges. A corridor with an even number of

roads from i to j is characterized by nroads,i→j = nroads,j→i which implies wi,j = wj,i.

Vice-versa a corridor with an odd number of roads from i to j is characterized by

nroads,i→j = nroads,j→i ± 1 which implies wi,j 6= wj,i. The exact values of nroads,i→j

and nroads,j→i are computed solving the Direction Assignment Process.

Corridors with only one road are defined as mono-directional corridors and

are represented by one edge, whose direction is computed solving the Direction

Assignment Process. If the edge is directed form i to j, its weight is computed as

wi,j = 1/Li,j.

The Direction Assignment Process is an optimization problem that will be solved

in the following steps:

1. Randomized direction assignment

2. Strong connectivity verification

3. Optimization and connectivity evaluation

Randomized direction assignment

Define nk as the number of roads obtained in the k-th corridor after applying Al-

gorithm 1. Assume, without loss of generality, that the k-th corridor connects the

i-th and j-th intersections. The directions of the roads are assigned consistently

with the previously introduced definitions of bi-directional and mono-directional

corridors. This can be obtained as follows:
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•
⌊nk

2

⌋
roads with direction i→ j

•
⌊nk

2

⌋
roads with direction j → i

• nk − 2 ·
⌊nk

2

⌋
∈ {0, 1} roads with random direction

Summarizing, only the road of each mono-directional corridor and one road of each

odd bi-directional corridor have to be defined. In this way the problem of assigning

the directions is drastically reduced.

Strong connectivity verification

In this step, we introduce a procedure to verify that a particular solution of the

randomized direction assignment described in Section 2.3.4 generates a strongly

connected roadmap.

As described in Section A, the algebraic connectivity is an indicator of strong

connectivity for balanced graphs. It is worth noting that, in general, T is not

balanced. However a balanced version of the graph T can always be obtained by

means of opportunely computed weights of the edges p = [p1, · · · ,pM ] where M is

the number of the edges [44]. The weight vector that balances a directed graph is

the solution of I · p = 0, where I is Incidence matrix of T and 0 is the null vector.

The graph T is the balanced version of the graph T , and according to Eq. (A.3),

its Laplacian matrix is defined as follows:

Lp = I · diag(p) · IT (2.2)

In other words, T is a balanced graph with the edges directed as those of T .

Therefore, T is strongly connected if and only if T is strongly connected as well.

The algebraic connectivity can then be used to verify the strong connectivity of

T . In particular if <
{
λT2

}
> 0 then the previously assigned directions of the roads

generate a strongly connected roadmap, that represents an admissible solution.

Optimization and connectivity evaluation

In general, different solutions for the randomized direction assignment may exist that

lead to a strongly connected graph. In order to compare these solutions, different

parameters can be selected. In this work, we focused on the algebraic connectivity

of T and on the maximum flow of T as indexes to be maximized. As described in
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Section A, increasing the algebraic connectivity improves the overall efficiency of the

graph. Instead, preferred directions can be maximized by maximizing the maximum

flow between two locations.

The overall Direction Assignment Process can now be modeled as a binary non-

linear optimization problem. The optimization parameters assume only two scalar

values (0,1) and they represent the directions defined in the randomized direction

assignment described in Section 2.3.4. The optimization variables can then be col-

lected in the vector x, defined as

x = [d1 · · · dn ]T ∈ {0 1}n

where n is the number of roads to which a direction has to be assigned. The

optimization problem is formalized as:

maximize g(T , x) (2.3a)

subject to x ∈ {0 1}n (2.3b)

and <{λT2 (x)} > 0 (2.3c)

The constraint defined by the Eq. (2.3c) represents the strong connectivity ver-

ification described in Section 2.3.4. The objective function shown in Eq. (2.3b)

represents the parameter of the graph T to be maximized. In general, the algebraic

connectivity is preferred as a heuristic to maximize the traffic flow since it is a global

parameter of the roadmap. The maximization of the algebraic connectivity consists

of maximizing the real part of the second smallest eigenvalue of the Laplacian ma-

trix associated with the strongly connected graph T . The objective function for the

algebraic connectivity maximization is then given by:

maximize <{λT2 (x)} (2.4)

The maximum flow optimization is the other considered heuristic. It is formally

described by the pair origin-destination (o, d), whose elements are nodes of the

roadmap. The road directions are assigned by maximizing the maximum flow among

the pair (o, d). Let F (o, d) be the maximum flow between the given pair (o, d), the

new objective function is formalized as:

maximize F (o, d) (2.5)

As noted the optimization problem in Eq. (2.3) is generally NP-hard. However

there are several algorithms that can generate a good approximate solution to this
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Figure 2.9: Assign Directions: the triangles represent the directions of the roads.

class of problems for an effort that increases only slowly as a function of n. In our

approach a local search method is used. In particular, a Tabu Search approach is

combined with a Monte Carlo method [45].

An example of solution for the Direction Assignment Process is shown in Fig. 2.9.

2.3.5 Smooth the Roadmap

The roadmap has to be smoothed in order to generate feasible trajectories with

respect to the AGV’s kinematics and geometry. The previous steps of the algorithm

build a roadmap composed by straight lines. Naturally these lines intersect each

other forming sharp corners. This method consists of substituting the sharp corners

with Bezier curves [46] which are built with respect to the minimal radius of curva-

ture of the AGVs. In this way the roadmap is composed by a sequence of segments

of line and Bezier curves. In particular, the curves are used to connect the roads

which are intersecting. The result of the smoothed and final roadmap is visible in

Fig. 2.10

2.4 Experimental Validation

The proposed methodology was evaluated on real industrial plants comparing the

obtained results with currently utilized roadmaps. It is worth noting that current
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Figure 2.10: Smoothed and final roadmap

industrial state of the art techniques are based on manually built roadmaps. Here-

after it is possible to refer to the roadmaps generated by the proposed method as

automatic roadmaps, and to the roadmaps currently used in industrial warehouses

as manual roadmaps. The comparison is performed by analyzing the connectivity

of the roadmaps and the redundancy. The algebraic connectivity is then used as

a heuristic for evaluating the quality of a roadmap and the maximum flow [41] is

used as index of redundancy. The higher the algebraic connectivity, the better is

the connectivity of the roadmap, and the higher the maximum flow the better is the

capability of the roadmap to guide all the AGVs towards their destination with no

congestions due to waiting. The comparison was performed on plants with different

dimensions. Due to confidentiality reasons, the manual roadmaps cannot be shown

or discussed in detail. In general the plants can be divided into three classes based

on the dimension. Namely:

• small : less than 10 AGVs

• medium: from 10 to 30 AGVs

• big : more than 30 AGVs

Table 2.1 shows the results obtained on three typical plants representing the

above mentioned classes.

It is worth noting that the proposed roadmaps are comparable with the manual

ones in terms of connectivity and redundancy of the graph. Observing the algebraic
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Class
Dimension Manual Roadmap Automatic Roadmap Max.Flow
(AGVs) <

{
λT2
}

max flow <
{
λT2
}

max flow increase
small 5 0.0031 35.1 0.0043 40.4 15%
medium 25 0.0002 59.2 0.0027 181.2 306%
big 50 0.00075 29.6 0.0019 212.5 718%

Table 2.1: Values of connectivity and maximum flow

connectivity term (real part of the second smallest eigenvalue of the Laplacian ma-

trix), it is possible to state that the connectivity of the automatic roadmaps is higher

than the connectivity achieved by the manual ones. The automatic roadmaps are

also more redundant (more paths) than the manual ones. Figs. 2.12, 2.13, 2.14,

2.15 show the automatic roadmaps generated with the proposed approach.

The roadmap has been also evaluated in terms of different algebraic connectivity

values. In this case, simulations are performed by considering a fleet of AGVs

moving along the roadmap. The term of comparison is the total crossing time

and the variables are the algebraic connectivity of the roadmaps and the number

of AGVs. This allows us to evaluate the choice of the algebraic connectivity as a

heuristic. The following Table 2.2 shows the values of algebraic connectivity for

different roadmaps. Hereafter we will refer to the layouts with their identification

number.

Layout Maximized λ2 Not-maximized λ2

1 0.0063 0.0037
2 0.0043 0.0024
3 0.0027 0.00098
4 0.0019 0.00083

Table 2.2: Values of algebraic connectivity (λ2) used in simulations

The results (see Fig. 2.11) show that the algebraic connectivity actually affects

the performance of the system, estimated by means of the total crossing time: as

expected, in each scenario, an optimized value of the algebraic connectivity generates

better results. Namely, the higher is the algebraic connectivity, the lower is the

crossing time.

2.5 Conclusion

In this chapter an automatic roadmap generation process that autonomously defines

a set of near-optimal paths in order to cover and connect all the free space has been
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Figure 2.11: Algebraic Connectivity Validation

described.

An algorithm is proposed to build a roadmap in such a way that the coverage,

the redundancy and the connectivity are maximized. A roadmap has to cover all the

free space in order to reach all the positions of interest, that is the operation points.

The coverage is guaranteed by means of the medial axis transform (MAT) of the free

space. The redundancy is an important index of quality to evaluate the roadmap of

industrial environments. A roadmap with high redundancy entails a decrease of the

down time of the overall system due to traffic reasons. The redundancy is achieved

by maximizing the number of roads and paths. The connectivity of the roadmap

affects the efficiency of the associated graph. The algebraic connectivity is then

chosen as a heuristic to maximize the traffic flow. Naturally the roadmaps have to

be strongly connected. The simulations have shown that it is possible to generate

an automatic roadmap with higher connectivity than a manual roadmap built on

the same real plant of an industrial warehouse.
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Figure 2.12: Automatic Roadmap of a typical small industrial warehouse
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Figure 2.13: Automatic Roadmap of a typical medium industrial warehouse

Figure 2.14: Automatic Roadmap of a typical medial industrial warehouse
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Figure 2.15: Automatic Roadmap of a typical big industrial warehouse
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Chapter 3

Hierarchical Control Architecture

In this chapter, an architecture for the coordination of a fleet of Automated Guided

Vehicles (AGVs) is proposed. The architecture is based on a hierarchical structure

composed of two levels of abstraction, in this way the complexity of the coordination

problem can be reduced.

3.1 Introduction

Coordinating a fleet of AGVs (or robots) can be a complex task. Most of the solu-

tions presented in literature, the coordination focuses only on single aspects of the

multi-robot system. For instance, some solutions propose navigation algorithms,

others path planning techniques or roadmap-based solutions. However the system is

not considered as a whole in such approaches. In fact, optimizing a local cost func-

tion is not sufficient for maximizing the global performance. A significant example

of this claim can be found in the fact that often, in current industrial application,

manual traffic rules are used to overcome local issues due to the failed matching

between the design of the roadmap and the coordination algorithm [5]. It is worth

noting that the performance of the coordination algorithm is strongly related to the

characteristics of the roadmap where the coordination itself is performed. Hence,

even though the design of the roadmap and the subsequent coordination are strongly

related problems, in the literature they are generally treated in a separate manner,

to the best of the authors’ knowledge. In fact, while several strategies can be found

in the literature for the definition of the roadmap, none of them considers the sub-

sequent coordination that will be perform along the roadmap itself, during the daily

industrial operations. Thus, the main idea of this thesis is to consider the problem

as a whole, rather than independently finding optimal solutions for parts of it.

Our approach aims at solving the problem of coordination in a holistic way: in
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Figure 3.1: System Architecture Overview

this chapter an ensemble approach where a two layer control architecture is proposed.

In addition, the automatic algorithm for the definition of the roadmap described in

Chapter 2 is extended in order to be merged with the hierarchical architecture.

The dimension of the multi-robot space is reduced using of a multi-layer structure

to represent the world. As explained in [47], the approach is to construct a hierar-

chical map which can abstract the traversable areas using the adequate number of

nodes and edges of a graph. The path is searched using the graphs of the several

layers. In our solution, two layers (hierarchical planner) are used. In the low-level,

the structure of the generated roadmap is considered and a lumped parameter model

representing the traffic is built. The high-level abstracts the relationship among dif-

ferent macro-areas of the environment, defining a topological map. On both these

levels a coordination algorithm is performed. Furthermore, the coordination is ob-

tained as a combination of centralized and decentralized approaches. In particular,

a partially decentralized coordination is proposed which exploits shared resources

(i.e. centralized information) and local negotiation (i.e. decentralized coordination).

Practically, the coordination is faced by using a model predictive control approach

together with graph search methods and with local negotiations based on priorities.

Fig. 3.1 shows the overall system architecture.

3.1.1 Outline

The rest of the Chapter is organized as follows. Section 3.2 describes the problem,
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3.2 Problem Statement

In this Chapter we will present a strategy to solve the problem of coordinating

a fleet of AGVs in an industrial environment. The objective is to maximize the

performance of the overall system. A hierarchical path planning method is then

adopted on a roadmap. The roadmap can be generated by different methods, for

instance with the method presented in Chapter 2.

A hierarchical planner is then proposed in order to coordinate a fleet of AGVs

on a predefined roadmap. As explained in Chapter 2, a roadmap is a set of routes,

composed of distinguished elements called segments (see Fig. 2.2). The AGVs are

constrained to follow the roadmap and its segments. In particular, each segment can

be allocated only to one AGV at time and it is characterized by a unique direction

of movement. These properties are useful for coordination purposes, since it is not

possible to have pathological situations, such as two (or more) AGVs moving along

the same segment with opposite directions or conflicts on the same segment. A path

is a set of feasible segments from a source position to a target destination. A path

can be assigned to an AGV, that is then allowed to move along the segments in the

path.

We introduce the following definition of admissible set of paths.

Definition 3.1. Admissible set of paths Given a fleet of N AGVs, a set of N
paths is admissible if, assigning each path to a different AGV, a velocity profile can

be defined in such a way that collisions are avoided.

The problem can be formally stated as follows:

Problem 3.1. Multi AGV Coordination Consider:

• a fleet of N AGVs

• the initial and final positions for all the AGVs

• the map of the elements in the environment

Define a coordination strategy such that each AGV is able to move from its ini-

tial position to its assigned final position minimizing the total crossing time and by

avoiding conflicts.

Therefore, the problem consists of planning a path for a fleet of AGVs in a 2D

static environment, so that conflicts and deadlocks are avoided. Each AGV starts

its path in an initial position, and has to reach its own final position. Each AGV
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can communicate with the others in its neighborhood and has a prior knowledge of

the environment.

The following Assumptions are made on the system:

A1 No unforeseen events, such as the presence of dynamic obstacles (manual forklift,

people, etc.) are considered.

A2 Each AGV has prior knowledge of the roadmap.

In the next sections we will provide a solution to Problem 3.1: in particular, we

will first extend the automatic algorithm for the creation of a roadmap, along which

the motion of the AGVs will be subsequently coordinated.

The task assignment (that is the assignment of the initial and final position for

each AGV) is out of the scope of this chapter, and therefore it will be not considered.

3.3 Roadmap Model for Coordination

In this section an extension of the roadmap generation algorithm is provided. The

additional features are required in order to coordinate the fleet of AGVs with the

method which will be described in the rest of the chapter.

Given a roadmap that covers the free space, it is useful to cluster the segments

into topological entities, that will be hereafter referred to as sectors. Specifically,

a sector S is an area, or a region, which can be distinguished from the other ones

based on:

• topological aspects

• logistical aspects

• geometrical aspects

• particular constraints.

The division in sectors gives a topological representation of the roadmap, that pro-

vides information regarding the connection among the sectors. Furthermore, the

sector division is built in order to bound the areas of traffic congestion in specific

regions. In this way, a lumped parameter model of the traffic is built. In detail, a

sector is defined in such a way that a connection with neighboring sectors exists.

The constraints are defined based on the characteristics of the operational environ-

ment. For instance, constraints can be defined in terms of maximum number of

AGVs contained in a single sector, or in terms of maximum number of operations of
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loading/unloading. This kind of information is owned by the sectors and it is stored

in a centralized manner. In this way, the information is visible to all the AGVs and

is shared among them from the centralized storage. The sector division is performed

by using the Voronoi decomposition whose seeds are located in the barycentre of the

intersection areas. Fig. 3.2 shows an example of that decomposition in real indus-

trial environment. The roadmap can then be represented, from a topological point

Figure 3.2: Sector division exploiting Voronoi decomposition

of view, by means of a directed graph Z: each node of the graph is a sector, and each

edge is a connection between two sectors. In particular, two sectors are connected if

there exists a path on the roadmap which connects them and if the path is contained

only within those sectors. The weight of the edge directed from the sector i to the

sector j is given by:

ωi,j = K · Nj

Cj −Nj

+ Ei,j (3.1)

where i and j are two neighboring sectors, Nj is the current number of AGVs within

the sector j, Cj is the maximum number of AGVs that the sector j can contain

(that is the capacity), Ei,j is the Euclidean distance among the centers of the two

sectors and K is a static gain.

The automatic roadmap method concentrates all the crossroads in specific areas.

In this way the congestion of the traffic is limited and it can be enclosed only to

some specific areas. Let us define these areas as intersection areas. The intersection

area is then the bounded region of a sector where the coordination problem occurs.

Let us define the q-th sector as Sq which contains Zq paths, that is

Sq = {π1, . . . , πZq}.
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The i-th path within Sq is split into Mi entities called segments, namely:

πi = {πi1, · · · , πiMi
},

as pictorially depicted by Fig. 2.2.

Let V(πih) be the portion of space occupied by a vehicle moving along the segment

πih, that is the trace of the vehicle along that segment. A segment collides with

another segment when their traces are intersecting. An intersection area Aq of Sq is

then formally defined as:

Definition 3.2. Intersection Area Aq = {πlh | πl ∈ Sq, ∃j = 1, . . . ,Zq, j 6= l,

and ∃r = 1, . . . ,Mj such that V(πlh) ∩ V(πjr) 6= 0}

An intersection area is then the set of the colliding segments of different paths

in the sector and, in general, each sector contains at least one intersection area.

When more AGVs are moving on the same intersection area, they have to avoid

collisions among each other. For this reason crossroads, and thus the intersection

areas, are considered as shared resources, to be allocated to a single AGV when nec-

essary.An intersection area can be described also by using different types of segments

(see Fig. 3.3), namely:

• main segment : segment on which the AGV has to go

• intersecting segment : segments intersecting the main segment

• near segment : segments that do not guarantee the security distance δ

As shown in Fig. 3.4, each sector is characterized by the presence of several

intersection areas (the figure shows only one) and a certain number of attention

points. These points are defined as:

Definition 3.3. Attention point For each segment entering the intersection area,

an attention point is defined in such a way that, if an AGV stops on the attention

point itself, it does not collide with AGVs in the intersection area, in the sector, or

in other attention points.

It is worth noting that the definition of the attention points is based on the size

and shape of the AGVs used in the particular application.

The automatic roadmap method provides then a lumped parameter model of the

traffic: all the congestions are enclosed into the intersection areas. Based on this

idea, the following coordination strategy is proposed.
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Figure 3.3: Roadmap model: definition of intersection area

Figure 3.4: Roadmap model: example of intersection area

3.4 Two Layer Control Architecture

Since the roadmap is built in order to model the traffic as a lumped parameter model,

where all the congestion areas are locally bounded and concentrated in specific points

(Section 3.3), a multi-layer architecture for the coordination of the fleet of AGVs

can be used. The proposed planning method is then based on a discretization

of the environment and on concentrated traffic proprieties. In particular, in our

approach, two layers are used. The top-layer, or Topological Layer, is a topological

map representing the global map, composed of all the sectors. The layer below,

or second layer, is the geometric map of each sector of the first layer, and will be
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hereafter referred to as Roadmap Layer.

Therefore the path planning is done on two levels, thus defining a hierarchical

planner. Topology path planning searches for the best path to the final goal (actually

to the final sector where the real goal is) from the current sector. Roadmap planning

computes the path on the roadmap and handles the coordination inside the sector.

3.4.1 Topological layer

The first layer is the most abstract layer, and considers the topological representa-

tion of the roadmap as a set of sectors interconnected by a directed graph Z (see

Section 3.3). A node of Z represents a sector, and an edge models the way a sector

is connected to another defining its neighborhood.

The information owned by the sectors are used to plan the sub-optimal route

for an AGV. Each vehicle has to reach its destination by minimizing a functional,

such as such as the crossing time, average velocity, travel distance, etc. In this

application, the AGVs have to complete their tasks in the shortest possible time,

namely the total crossing time have to be minimized.

It is worth remarking that each AGV autonomously plans its path, as soon as

it is assigned a destination. Hence, each AGV is in charge of computing its path,

that is a sequence of sectors. In particular, this sequence connects the start sector

with the goal one, exploiting the D* algorithm [48], combined with a MPC (Model

Predictive Control [49]) mechanism. Namely, when entering a new sector, the AGV

checks if the previously assigned path is still the optimal one. According to the MPC

approach, at each step a prediction horizon is defined, along which the corresponding

portion of the path is computed.

The graph Z is updated based on the status of the traffic, and then the generic

weight ωi,j, defined as in Eq. (3.1), will change respectively. This combined approach

is needed in order to re-plan the path in a dynamic manner. In particular the re-

planning event is performed based on the traffic congestion (i.e. number of AGVs)

of the planned sectors in the prediction horizon. Thus this process tries to avoid the

congested sectors, and to minimize the effort for the local coordination requested

subsequently within the sectors. It is worth noting that a congested area implies

a higher number of negotiations and thus most of the time is spent waiting. This

procedure is sketched in Fig. 3.5

This approach provides an optimal local solution but a sub-optimal global one,

because only the part of the path inside the horizon is interested by the optimization.

The procedure is summarized in Algorithm 3: in this algorithm, the vector path
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(a) Global path planning (b) Checking inside the receding horizon

(c) Re-planing of the path

Figure 3.5: The path planning on the topological layer: in 3.5a the path is searched
by means the D* algorithm; in 3.5b the AGV moves along its path and checks the
next sectors; in 3.5c a re-planning of the path is needed due to the new condition of
the next sector; the graph Z is shown in blue.

contains the list of sectors in the planned path, the term H is the number of sectors

that constitute the prediction horizon, and the index i identifies the current step.

3.4.2 Roadmap layer

Inside each sector the coordination among AGVs is needed. The second layer man-

ages the real path following on the roadmap (created according to the procedure

described in Section 3.3) and the avoidance of deadlocks and conflicts among AGVs

or among AGVs and obstacles. The coordination is managed locally (in each sector)

in a decentralized manner. With this hierarchical architecture it is possible to sim-

plify the whole control in order to bound the coordination of the AGVs only inside

each sector in a local way.

Each AGV has to compute a path to reach the next planned sector on the
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Algorithm 3: Path planning on the topological layer

1 while path[i] 6= goal do
2 if Traffic Status is Changed then
3 Update Z;
4 path[i : i+ H] = D*(Z);
5 go to path[i+ 1];

6 end

7 end

topological layer. The path planning inside a sector consists of assigning a set of

segments to each AGV. The algorithm used to find the path is the simple A*. The

choice is due to the fact that the roadmap is fixed, and local dynamic changes are

not considered.

The path planning strategy is based on the assumption that each AGV has

a prior knowledge of the geometry of the sectors and of the roadmap, according

to Assumption A2. Conflicts among AGVs are managed by means of a hybrid

approach, combining a negotiation mechanism with a resource allocation strategy,

as pictorally shown in Fig.3.6. In particular, the resource (intersection area) is

allocated only to a single AGV in order to avoid conflicts, and the negotiation

permits to avoid deadlocks.

(a) Negotiation phase (b) Resource allocation

Figure 3.6: Roadmap Layer Coordination

This process is managed locally, because it takes place exclusively inside the

sector: the AGVs share information among each other, without the participation of

a centralized supervisor. The data exchange among AGVs concerns:

• AGV priority : each AGV is supposed to have a priority, related to the task

it is carrying on. If this priority is not assigned a priori, several strategies can

be found in the literature for decentralized priority allocation (see e.g. [50]).
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Algorithm 4: Coordination on the roadmap layer

1 if pos (AGV [i]) = attention pointqj then
2 request [i, j] := true;
3 if ∃k 6= i such that request [k, j] = true then
4 Negotiation;
5 else
6 AGV [i] := winner;
7 end
8 if AGV [i] = winner and status [Aq] = free then
9 move;

10 request [i, j] := false;

11 else
12 stop;
13 go to line 2;

14 end

15 end

• Main segment request : an AGV which is approaching an intersection has to

communicate the intention of allocating its next segments to the others.

• Intersection area request : an AGV has to communicate the intention of allo-

cating all the segment contained in intersection area.

• Intersection area allocation: an AGV that is allowed to go through an inter-

section area has to communicate this to the others.

The coordination procedure is described in details in Algorithms 4 and 5. In

these algorithms, the term pos (AGV [i]) represents the position of the i-th AGV,

while attention pointqj is the j-th attention point related to the q-th intersection area,

identified as Aq. The term status [Aq] is the status of the intersection area Aq. The

term request [i, j] represents the request of the i-th AGV for the allocation of the

q-th intersection area. The term AGV [i]p is the value of the priority of the i-th

AGV and Apq is the value of the priority of the AGV that is winning the current

negotiation for the intersection area q.

3.5 Experimental Validation

In order to evaluate the overall methodology, several simulations have been im-

plemented in Matlab. Different real warehouse plants have been used to test the

coordination algorithm and the ensemble approach.
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Algorithm 5: Negotiation

1 if AGV [i]p < Apq then

2 Apq := AGV [i]p;

3 end
4 if AGV [i]p > Apq then

5 return;
6 end
7 if AGV [i]p = Apq then

8 AGV [i] := winner;
9 return;

10 end

First of all, the hierarchical planner has been compared to a simple A* planner on

the same automatic roadmap. Each AGV computes its path with the A* algorithm

by minimizing the Euclidean distance (the weight among sectors is not considered).

The local coordination on the roadmap layer is still the same. The comparison has

been carried out analyzing the total crossing time, and according to the following

conditions:

• number of AGVs: 10, 20, 30. For each configuration, 10 runs of simulation

have been performed

• maximum capacity of 4 AGVs allowed in each sector

• same tasks (randomly generated in each run) and initial positions for the

compared methods

• the simulation stops when all the AGVs reach their goals and the queue of

tasks is empty

• same priority scheme for the compared methods in each run

The results are collected in Fig. 3.7, where it is possible to note how the hi-

erarchical planner performs better as the number of AGVs increases, due to less

negotiations required in each sector. In fact, with the proposed hierarchical plan-

ner, the AGVs are lead up to change their paths in order to avoid congested sectors

and thus to reduce the number of negotiations. For small numbers this behavior is

not so pronounced because less changes of the original path are needed. It is worth

noting that a negotiation represents a waiting time for the AGV which has to stop

if it is the looser of negotiation, and thus less negotiations are preferable because
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Figure 3.7: Evaluation of the proposed Hierarchical Planner

#AGV h p-value
10 0 0.8154
15 1 0.0140
20 1 0.0026

Table 3.1: Statistical validity of the comparison

they lead to a shorter total crossing time. Furthermore a p-values test has been

conducted to prove the validity of the comparison where the null hypothesis that

data from Hierarchical planner are a random sample from a normal distribution with

mean came form the A* planner is tested against the alternative that the mean is

not the previous one. The result of the test is shown in Table 3.1, where h = 1

indicates a rejection of the null hypothesis at the 5% significance level and h = 0

indicates a failure to reject the null hypothesis at the 5% significance level. The test

confirms the validity of the previous comparison.

Fig. 3.8 shows the variance related to the same layout with an optimized roadmap,

that is the connectivity is maximized, and with non-optimized roadmap. It is pos-

sible to state that the better performance are with the optimized roadmap and that

the increasing of the variance is due to the high number of negotiations which, de-

pending on the random priority of the AGVs, can provide different results on tests

performed in similar conditions.

The hierarchical planner has been validated also by means of experiments in real

industrial environment. The test has been conducted with 3 real AGVs navigating
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Figure 3.8: Total Crossing Time versus number of AGVs: variance

in a small warehouse. The sequence shown in Fig. 3.9 highlights the coordination

on the roadmap layer.

3.6 Conclusion

This Chapter describes an ensemble strategy for the coordination of a fleet of AGVs

through a two-layer control architecture. An ensemble approach is considered in

order to improve the efficiency and the flexibility of the global system. On these

lines, the automatic roadmap generation process proposed in Section 2 is merger with

a coordination strategy. The roadmap algorithm is extended in order to match the

automatic roadmap itself with the coordination mechanism, in particular the system

is modeled as a lumped parameter model by the automatic roadmap algorithm.

The proposed coordination approach is based on a hierarchical architecture where

a hierarchical path planning is achieved. The coordination is partially decentralized

in the sense that local negotiation is performed exploiting inter-vehicle commu-

nication whereas the global path planning makes use of shared (i.e. centralized)

information. Furthermore the simulations have shown that it is easily possible to

manage a high number of vehicles. Since the proposed hierarchical planner performs

better compared to a common planning algorithm on the same roadmap and the

generated roadmap improves the traffic flow of the system, it is possible to state

that the proposed method works well as an ensemble approach on the whole system.
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(a) Initial configuration (b) Negotiation phase

(c) The AGV on the left has to wait (d) The AGV on the left moves as soon as the
resource is free

Figure 3.9: Validation in a real warehouse
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Chapter 4

Optimized Coordination Strategy

In Chapter 3 a hierarchical coordination strategy, called hierarchical planner, has

been proposed. In particular, two layers are exploited. This Chapter focuses on

the low level planner. In the previous Chapters, the coordination was based on a

priority scheme applied to the fleet. It is worth noting that the choice of priorities

tremendously affects the performance of the planner. In order to overcome to this

issue, in this Chapter a new coordination strategy based on an optimization method

for the low level planner is proposed.

4.1 Introduction

As explained in Chapter 3, the environment the robots operate in is partitioned into

sectors. The sequence of sectors each AGV has to cross for reaching its destination

is computed by a centralized planner to improve the performance. Within each

sector, the AGVs are coordinated using a decentralized strategy which provides a

simple and scalable traffic strategy. The centralized planner in each sector employs

a Model Predictive Control (MPC) scheme. Each time an AGV enters a new sector,

the central unit determines the traffic level in each sector by counting the number

of AGVs it contains. Using the D∗ [48] algorithm the sequence of sectors the AGV

needs to track is recomputed based on the current traffic condition. The introduction

of such a simple traffic measure has significantly increased the performance of the

traffic manager, see [43] for more details and [51] for a industrial benchmark. The

decentralized coordination within each sector is performed by means of a negotiation

strategy among the AGVs based on a priority scheme. A shared resource, i.e., a

road segment, is allocated to the winner of each negotiation round, while the loser

of the negotiation round must wait until the shared resource becomes free. It is

worth noting that this negotiation mechanism inevitably leads the AGVs to spend
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most of their time waiting. Thus a drawback of these previous approaches is that

vehicles required to cross a sector end up spending most of their time waiting for

negotiations. Thus the amount of time spent locally, namely inside each sector,

tremendously impacts the overall performance of the fleet.

This Chapter aims at overcoming this drawback by minimizing the number of

interactions between AGVs. The idea is to minimize the amount of time vehicles

spend negotiating complex traffic patterns within each sector as they navigate in

the workspace while avoiding collisions with each another. This method considers

the partitioning of an indoor environment into several sectors. Within each sector, a

local coordination strategy, that relies on a centralized optimization approach, seeks

to maximize the throughput of AGVs through the sector. The contribution of this

Chapter is a complete formulation of the coordination problem as a convex opti-

mization problem. In particular, the coordination problem is posed as a quadratic

program (QP) where the crossing time for the vehicles, i.e., the time it takes for the

vehicles to enter and leave a given sector, is minimized with respect to the vehicle

velocities. Furthermore a complete analysis about the feasibility and optimality of

the proposed method is introduced as well as an exhaustive experimental validation

in real scenarios extracted from real automated warehouses with AGV systems. The

proposed method extends the idea of [52] and the framework presented in [37, 43]

is exploited. Some preliminary results in which a draft version of the method is

applied to a virtual environment can be found in [52].

4.1.1 Outline

The Chapter is organized as follows: the problem formulation and key assumptions

to the approach are stated in Section 4.2. Section 4.3 describes the optimization

problem and the formulation of the problem as a quadratic program. Section 4.4

provides an analysis of the optimality and feasibility of the proposed strategy. Sec-

tion 4.5 shows the implementation of the proposed method and Section 4.6 presents

simulation and experimental results. Finally Section 4.7 summarizes key results.

4.2 Problem Statement

4.2.1 Preliminaries

In this section, we briefly summarize some key concepts from convex optimization

which will be exploited in our analysis of the optimality and feasibility of the pro-

posed strategy in Section 4.4.
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Lemma 4.1. [53, Section 2.5.1 - 5.9.4] For convex optimization problems, if

g : C → R is a real-valued continuous strictly convex objective function on a non-

empty compact (i.e. bounded and closed) feasible set C, a solution always exists and

it is unique.

Lemma 4.2. [53, Section 3.1.4] Given a twice differentiable function f , whose

open domain is dom f , that is its Hessian ∇2f exists at each point in dom f , then

f is convex if and only if dom f is convex and its Hessian is positive semi-definite:

∇2f(x) � 0 ∀x ∈ domf.

Lemma 4.3. [53, Section 4.2.2] For convex optimization problems any locally

optimal point is also globally optimal. Namely, given a solution to the optimization

problem, the solution is guaranteed to be optimal if the problem is convex.

4.2.2 Scenario

This Chapter aims to coordinate a fleet of vehicles moving in industrial-like envi-

ronments, such as automated warehouses. The motion of the fleet is constrained

on a predefined roadmap R, similarly to existing AGV systems. The roadmap is

partitioned into a collection of segments

P = {p1, . . . , pW},

where W is the total number of segments in R, and it can be naturally modeled as a

strongly connected graph Υ, where the nodes are the segments and edges represent

the links among the segments. A path π on R is simply a sequence of adjacent

segments the AGV can track, or equivalently a sequence of nodes on the graph Υ.

The terms sequence of segments and sequence of nodes are equivalent and will be

used interchangeably in the rest of the chapter.

Since the environment and consequently the roadmap are partitioned into the

set of sectors S = {S1, . . . , SG}, where G denotes the total number of sectors, we

define a sector as an area of the roadmap which can be distinguished from the other

areas based on topological, logistic and geometric properties. An algorithm that

automates the construction of a roadmap with the described features can be found

in the recent work [42].

We define the finite number Zq of paths that are completely enclosed in the q-th

sector Sq as:

Pq = {π1, . . . , πZq} ∈ Sq.
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A path is a sequence of segments, thus the i-th path within Sq is composed of Mi

segments, formally:

πi = {πi1, · · · , πiMi
}.

The set of all the segments enclosed within the sector Sq can be formulated as

Sq = {πij, i = 1, . . . , Zq, j = 1, . . . ,Mi}

and its cardinality is ]Sq = Zq ×
∑

iMi. An example of the partitioning of a real

workspace is shown in Fig. 3.2 and Fig. 2.2 pictorially depicts segments and paths

within a sector.

To model the relative distance among neighboring vehicles, each vehicle is mod-

eled as a 2D circle with a radius of δ
2
. Let V(πih) denote the portion of space

occupied by a vehicle moving along the segment πih, that is the trace of the vehicle

along that segment. A segment collides with another segment when their traces

intersect, namely when the following condition holds:

Definition 4.1. Collision Condition The segments πih and πjr, of the i-th and

j-th path respectively, are in collision if V(πih) ∩ V(πjr) 6= 0.

Let Π be the operator which associates a segment to the path where the segment

is contained, formally Π(p) = i | p ∈ πi, where the notation p represents the generic

segment in a sector. It is possible to introduce now the notion of collision segments

set (CSS) of a segment as:

Definition 4.2. Collision Segments Set (CSS) CSS(p) = {ν ∈ Sq | ν 6=
p, V(ν) ∩ V(p) 6= 0 & Π(ν) 6= Π(p)}.

Where CSS(p) is the set relative to segment p.

Within a single sector, an intersection area Aq of Sq is the bounded region of a

sector where the coordination problem occurs, and there exists exactly one intersec-

tion area for each sector if the roadmap is built according to [42]. An intersection

area is then formally defined as:

Definition 4.3. Intersection Area Aq =
⋃
p∈Sq

CSS(p)

An intersection area is then the set of the colliding segments of different paths

in the sector and each sector is chosen in such a way that it contains at least one

intersection area.

As explained in [43], the sector partition provides a high-level coarse topological

representation of the roadmap that allows the abstraction of some properties of the
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fleet to make the planning problem more tractable. The traffic manager works on

two layers. The first layer performs a high level finite-horizon centralized planner

that computes the sequence of sectors each AGV has to cross for reaching its desti-

nation using a shortest path algorithm on the graph of sectors. In this chapter, the

A∗ algorithm is used to search for the path on the graph. The second layer repre-

sents a low level decentralized coordination strategy for the safe navigation inside

each sector. Thus, coordination is only required within each sector, and in partic-

ular within an intersection area, and the number of interactions among the agents

corresponds to the number of local negotiations among them. A shared resource,

i.e., a road segment, is then allocated to the winner of each negotiation round, while

the losers of the negotiation round must wait until the shared resource becomes free.

It is worth noting that the results of these negotiations are not known a priori and

that they depend on the path and the priorities of each AGV. Thus, the system is

not deterministic and the traffic control and management is not trivial. In particu-

lar, the negotiation process affects the total time a vehicle spends traversing a given

sector. As such, planning minimum time paths between sectors is challenging since

the actual delays generated by the negotiations are difficult to predict.

The proposed methodology seeks to overcome this challenge by avoiding the

negotiations entirely. This is achieved by choosing the best speed for each AGV to

traverse its path to minimize its total crossing time while avoiding conflicts with

other vehicles, i.e., collisions.

The problem is formally stated in Chapter 3, in particular by Problem 3.1). It

is now reported.

Problem 4.1. Multi AGV Coordination Given:

• a fleet of N AGVs,

• a roadmap R and a set of sectors S, and

• the initial and final configuration for all the AGVs,

define a coordination strategy such that each AGV is able to move from its initial

position to its assigned final position while

• minimizing the total crossing time and

• avoiding conflicts with other AGVs.
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Figure 4.1: Multi AGV Coordination problem in an intersection area of a sector:

Fig. 4.1 shows a simple example of the problem where three AGVs have to follow

the assigned paths such that conflicts, i.e., collisions, are avoided. Each AGV starts

in an initial position along its path and has to reach its own final position.

In the context of automated warehouses, the AGVs move in a controlled envi-

ronment and the presence of unforeseen obstacles is not common. Thus it is not

directly addressed in this work. Furthermore the AGVs are constrained to move on

a roadmap and each segment of the roadmap has to be traversed with a constant

velocity. We make the following Assumptions:

A1 No unforeseen events, such as the presence of dynamic obstacles (manual forklift,

people, etc.) are considered.

A2 An arbitrary velocity along a path vi is assigned to the AGV i such that V i
min <

vi < V i
max.

A3 The velocity along a segment is constant, as commonly used in current industrial

scenarios.

A4 Each AGV has a different pair of initial and final positions since only one AGV

is allowed to occupy a segment at a time.

Since the coordination is only required within each sector, hereafter a single

sector scenario is used to describe the proposed methodology. In fact, it is worth

noting that the coordination in each sector is independent with respect to the other
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sectors. The overall performance of the proposed method is a linear combination

of the performance of the coordination within each sector. In other words, the

Problem 4.1 can be split among the sectors where it can be locally solved.

4.3 Modeling and Optimization Problem

This section aims at modeling the Multi AGV Coordination (Problem 4.1) as a

QP problem. The output is a set of velocities that guarantee a safe minimum

distance between all agents and that minimize the total time the AGVs need to

accomplish the tasks. In general the problem can be solved considering each sector

independently. In this section we show how the coordination problem within a single

sector can be formulated as a convex optimization problem with feasible solutions.

4.3.1 Objective Function

Consider a sector Sq with N AGVs, the path of the i-th AGV is composed of Mi ∈ Sq
segments of length dki , k = 1, . . . ,Mi. Let us define

di =

Mi∑
k=1

dki

as the length of the path of the i-th AGV. The velocity on the k-th segment for the

i-th AGV is vki . Then the crossing time for the i-th AGV, that is the time the AGV

takes to exit the sector, is:

∆ti =

Mi∑
k=1

dki
vki
. (4.1)

The highest crossing time among all the AGVs provides the total crossing time of

the sector. It is formally given by:

∆T = max
i

∆ti = max
i

Mi∑
k=1

dki
vki

(4.2)

The quantity ∆T on a given sector has to be minimized. Let us define M̄ =∑N
i=1Mi, then

v = [v1
1, · · · , v

M1
i , · · · , vMN

N ]T ∈ RM̄

is a vector containing all the vehicle velocities. Equation (4.2) is non-linear with

respect to the parameters v. The minimization of ∆T maximizes the throughput

of the sector, namely the smaller the total crossing time the more the number of

AGVs that can cross the sector in a given amount of time. Since a path is already
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assigned to each vehicle, the distance to travel is constant for each vehicle. As such,

the only parameters to be chosen in (4.2) are the velocities vki . It is important to

note that minimizing the total crossing time is equivalent to maximizing the velocity

on a fixed distance, or equivalently to minimizing its negative. Therefore, we can

formulate the following objective function:

f(v) = −
N∑
i=1

Mi∑
k=1

vki . (4.3)

It is straightforward to show that (4.3) is both linear and convex with respect to the

optimization variables v.

4.3.2 Constraints

Two constraints are modeled: the first is on the velocity of each AGV, the second

is on the safe distance between the vehicles. The velocities v are lower and upper

bounded based on the properties of the vehicles (Assumption A2). The constraints

are formalized as:

V i
min < vi < V i

max, ∀i = 1, . . . , M̄ (4.4)

which are linear with respect to v.

Furthermore, each AGV is modeled as 2D circle centered at the point Xi =

[xi, yi]
T with a radius of δ

2
. Collision avoidance is guaranteed by ensuring that the

relative distance, γi,j, between any two AGVs is grater than δ, namely:

γi,j = ||Xi −Xj|| =
√

(xi − xj)2 + (yi − yj)2 > δ. (4.5)

Eq. (4.5) describes the non-linear constraints for the pairwise distances between

AGVs. For each pair of AGVs, (4.5) has to be computed for each pair of posi-

tions (Xi,Xi) along their vehicle paths. This process is inefficient and increases the

complexity of the optimization.

Consider an intersection area Aq and N vehicles moving on N different set of

segments Kq1, . . . ,K
q
N , that is Kqi = {πih ∈ Aq} is the set of segments for the vehicle

i. Then the sets of segments Kq1, . . . ,K
q
N are parameterized by s1 ∈ [0, d1], · · · , sN ∈

[0, dN ], where si is the curvilinear abscissa used to denote an AGV’s position along

its trajectory, namely along the set of segments.

Let S i(si) : R+ → R2 be a function which maps the curvilinear abscissa si to

the Cartesian position Xi of the vehicle on its path. Let ∆Xi,j be the portion of the

i-th path where vehicle i collides with vehicle j on the i-th path, i.e., γi,j < δ. Here
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∆Xi,j is a collision region for the i-th and j-th AGVs and can be formally defined

as:

∆Xi,j =
{
si | ∃sj such that ||S i(si)− Sj(sj)|| ≤ δ

}
(4.6)

It is worth noting that the collision regions can be computed totally off-line since they

are based solely on geometric information regarding the roadmap and the shape of

the vehicles. The computational complexity of (4.6) for paths i and j is O(Mi×Mj)

since each pair of segments (πih, π
j
r) ∈ K

q
i ∪ K

q
j has to be checked.

Let Xmin
i,j and Xmax

i,j be the values of the curvilinear abscissa si corresponding to

the start and final point respectively of the collision region ∆Xi,j. Let us introduce

ωmini,j and ωmaxi,j as the time that the vehicle i would take to reach the position

S i(Xmin
i,j ) and S i(Xmax

i,j ) respectively. Furthermore the projection of ∆Xi,j on the

time axis provides the set of collision time Ωi,j. Collision avoidance between the i-th

and j-th AGVs is then satisfied when the following condition occurs:

Ωi,j ∩ Ωj,i = ∅. (4.7)

Fig. 4.2 pictorially depicts the described problem: with abuse of notation the vertical

axis represents both the parameter si and sj. The condition (4.7) implies that the

set Ωi,j,Ωj,i, denoted by the red and blue line segments on the time axis in Fig. 4.2,

are disjoint.

Equation (4.7) can be reformulated in terms of the midpoints and the total time

defined by each set Ω∗,∗. In particular the distance between two mid-points has to

be grater than the sum of the distances between the mid-point and one extreme

point of both the sets. We introduce the following notation:

• αi,j = ωmaxi,j + ωmini,j

• βi,j = ωmaxi,j − ωmini,j

The condition described by (4.7) can then be formalized as follows:

|αi,j
2
− αj,i

2
| > βi,j

2
+
βj,i
2

(4.8)

which simplifies to

|αi,j − αj,i| > βi,j + βj,i (4.9)

Once (4.9) has been squared, the constraint becomes quadratic:

(αi,j − αj,i)2 > (βi,j + βj,i)
2. (4.10)

Let us now introduce the following Lemma which will show that (4.10) is quadratic

with respect to v. This will be instrumental to the formulation of the problem as a

QP.
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t

Figure 4.2: Coordination space in the case of two agents: the lines represent the
velocities of the AGVs.

Lemma 4.4. Eq. (4.10) is quadratic with respect to the velocities vi, vj.

Proof. The first term of (4.10) can be reformulated as:

(αi,j − αj,i)2 = (
Xmax
i,j +Xmin

i,j

vi
−
Xmax
j,i +Xmin

j,i

vj
)2

(αi,j − αj,i)2 = (
aij
v2
i

+
aji
v2
j

− bij
vivj

).

Where aij and bij are opportune scalar constants, defined formally as:

aij = (Xmax
i,j +Xmin

i,j )2 (4.11a)

bij = 2(Xmax
i,j +Xmin

i,j )(Xmax
j,i +Xmin

j,i ). (4.11b)

In the same way, the second term can be formulated as:

(βi,j + βj,i)
2 = (

cij
v2
i

+
cji
v2
j

+
dij
vivj

).

Where cij and dij are opportune scalar constants defined as:

cij = (Xmax
i,j −Xmin

i,j )2 (4.12a)

dij = 2(Xmax
i,j −Xmin

i,j )(Xmax
j,i −Xmin

j,i ). (4.12b)
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Considering vi, vj > 0 it is possible to multiply each term by (vivj)
2 and the

following quadratic expression is obtained:

v2
jaij + v2

i aji − vivjbij > v2
j cij + v2

i cji + vivjdij (4.13)

4.3.3 Quadratic Constraints Linear Programming

The coordination within a single sector is modeled as an optimization problem using

a linear objective function, and a set of quadratic constraints with linear constraints

on the boundary. The optimization problem is given by:

minimize −
N∑
i=1

Mi∑
k=1

vki (4.14a)

subject to V i
min ≤ vi ≤ V i

max, ∀vi ∈ v (4.14b)

and v2
i eji + v2

j eij + vivjfij ≤ 0, ∀i, j, i 6= j (4.14c)

where (4.14c) is quadratic according with Lemma 4.4 and it is obtained from (4.13)

with eij = cij −aij and fij = dij + bij as scalar constant values. Then the expression

can be more compactly written in the following standard form [53].

minimize f(v) (4.15a)

subject to Av ≤ b (4.15b)

and 1/2vTH ijv ≤ 0 ∀i, j = 1, . . . , M̄ , with j > i (4.15c)

where A ∈ R2M̄×M̄ and b ∈ R2M̄ encode velocity bounds in (4.14b). The matrix

H ij ∈ RM̄×M̄ represents the inequality constraint in (4.14c) for the pair (i, j) and it

is defined such that the element (l, p) is:

H ij
l,p =


−2eji if l = p = i
−2eij if l = p = j
fij if (l = i and p = j) or (p = i and l = j)
0 otherwise

(4.16)

4.4 Analysis

This section demonstrates the optimality and the feasibility of the proposed coordi-

nation problem. We exploit the key concepts from Convex Optimization presented

in Section 4.2.1.
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Proposition 4.1. The optimization problem given by (4.15) always has a solution.

Proof. Let us define C as the feasible set of the optimization problem, namely

C = {v | (Av− b ≤ 0), (1/2vTH ijv ≤ 0 ∀i, j)}

C is then a compact and convex set, since it is a union of non-decreasing, convex

and compact sets. Furthermore, it is always possible to choose appropriate values

of V i
min and V i

max for each vehicle i so that the set C is non-empty. For instance, in

the extreme condition when V 1
min = · · · = V N

min = 0 and V 1
max = · · · = V N

max = Inf

the set C is certainly non-empty. Thus the optimization problem holds exactly one

solution according to Lemma 4.1.

Proposition 4.2. The solution of the problem given by (4.15) is optimal.

Proof. Let us consider first the objective function f(v) in (4.15a). The domain of

the function is dom f = {v ∈ R}, and thus it represents a convex set. Since

v = −
N∑
i=1

Mi∑
k=1

vki ,

it is possible to note that the objective function is a collection of sums of linear and

convex functions, then it is convex. Let us now consider the linear constraints given

by (4.15b). It is possible to note that the constraints are affine and thus convex,

essentially they define a bounded convex set in the solution space. The convexity of

the constraint given by (4.15c) can be verified by means of its Hessian, defined as:

∇2(1/2vTH ijv) = H ij.

It is worth noting that the rank of H ij is rank(H ij) = 2 for each pair (i, j). Fur-

thermore, since eji and eij are non-positive values and fij is always positive, the

eigenvalues of H ij are always non-negative or:

eig(H ij) ≥ 0.

Then the matrix H ij is a positive semi-definite matrix, namely H ij � 0 for each

pair (i, j). It now possible to state that the function (4.15c) is convex according to

Lemma 4.2. Furthermore the whole optimization problem (4.15) is convex and thus,

according to Lemma 4.3, any solution of the problem is also the optimal one.
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It is worth remarking that the proposed method always gives a solution and this

solution is also optimal. Mathematically the feasibility and the optimality of the

proposed approach are thus proved. Furthermore, these results are further supported

by several empirical results presented in the following sections which confirm the

validity of the proposed method under most realistic conditions.

4.5 Implementation

The proposed method aims at coordinating a fleet of agents on a map composed

by several sectors. For this reason, each sector is provided with a dedicated pro-

cess which manages the optimization routine in order to implement the proposed

methodology. The optimization algorithm runs independently in each sector when-

ever a new agent enters or leaves the intersection area.

Some variations are introduced in order to implement the methodology among

several sectors and thus among several intersections. The methodology proposed in

Section 4.2.2 is based on the assumption that all the vehicles are at the initial posi-

tion of their paths in the sector. The optimization algorithm runs whenever a new

agent enters or leaves the intersection area. Thus, in general, at each computation

of the algorithm a vehicle i can be at any position along its path, not necessary the

initial position (where si = 0).

Algorithm 6 shows the actual implemented method where Qnew(Aq) represents

the current list of vehicles contained the intersection area Aq, and Qold(Aq) repre-

sents list of vehicles at the previous iteration of the algorithm. The starting position

of each vehicle along its path, namely the current position at the instant of iteration

of the algorithm, is collected in the vector init(Aq). Finally v ∈ RN is the vector of

the computed N optimized velocities provided by solving the optimization problem.

Algorithm 6 is performed at each sample time τ .

Algorithm 7 describes the single implemented controller for the i-th vehicle. It

is worth noting that each AGV is controlled in a decentralized manner. Thus, each

AGV entering a new intersection area Aq updates its position on the vector init(Aq)
in order to get the correct and optimized velocity v(i). The i-th AGV stays in the

queue Qold(Aq) and Qnew(Aq) until it exists the intersection area.

4.6 Validation

The proposed optimized coordination is validated by means of comparison with the

coordination strategy first presented in [37] and reported in Chapter 3 which relies
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Algorithm 6: Optimized Coordination Main Routine

1 foreach Aq do
2 if Qnew(Aq) 6= Qold(Aq) then
3 Qold(Aq) = Qnew(Aq) ;
4 get init(Aq) ∀ paths π ∈ Aq ;
5 v ← solve Eq. (4.14) ;

6 end
7 else
8 continue;
9 end

10 end

Algorithm 7: Agent’s controller

Data: AGV i
1 while do
2 if i enters Aq then
3 Qnew(Aq)← i ;
4 get v(i) ;

5 end
6 else if i is moving within Aq then
7 update init(Aq) of i along path πi ;
8 get v(i) ;

9 end
10 else
11 remove i from Qold(Aq) ;
12 remove i from Qnew(Aq) ;

13 end

14 end

on local negotiations. Hereafter we refer to the current proposed methodology as

the Optimized Strategy, and to the other one as Negotiated Strategy. A decoupled

optimal priority scheme [54] is applied to the Negotiated Strategy in order to obtain a

better comparison. In other words, the priorities are assigned in an optimal manner

in order to minimize the total crossing time.

The simulations are performed on different single intersections extracted form

the roadmap of real warehouses, as shown in Fig. 4.4. Subsequently experimental

tests are performed on a complete real environment. Fig. 4.3a shows a simple real

environment composed by four rectangular obstacles and nine sectors. A roadmap

is built for that environment using the algorithm described in Chapter 2.
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Figure 4.3: Real map used in the simulations

4.6.1 Simulations

The topological complexity of the roadmaps is different in each scenario which de-

pends on the number of possible paths, the number of possible interactions, and

physical size of the environment. Repeated tests have been conducted under the

following conditions:

• 4 topology of intersection

• number of AGVs ∈ [2, 11],

• the simulation stops when the intersection area is cleared,

• the priorities [37] for the Negotiated Strategy are optimized each time,

• the same paths assigned to the AGVs are considered for the comparison, and

• the paths are assigned randomly.

Ten simulation runs were performed for each configuration.

To compare, we consider the time needed for all AGVs to clear the sector or

the maximum of the crossing time (tclearing). We also considered the worst waiting

time (twait), the average waiting time (t̄wait), and the computational time needed to

obtain a solution (tcalc). The waiting time is the time that the AGVs have to wait in

the same position, i.e., vi = 0, when yielding to other robots with higher priorities

at an intersection in the roadmap. The worst waiting time is the maximum waiting
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Figure 4.4: Different intersections used during the simulations

time for all the AGVs in the sector. The computational time is the actual time to

compute a solution to the centralized optimization problem. The worst waiting time

and the average waiting time are computed for the Negotiated Strategy, while the

computational time is computed for the Optimized Strategy.

The simulations were performed in Matlab with the standard optimization solver.

The results are summarized in Fig. 4.5.

4.6.2 Experiments

The proposed approach has been implemented on a real indoor environment. The

experimental environment and the implemented roadmap are shown in Fig. 4.6. The

roadmap is divided into several sectors as shown in Fig. 4.3a.

The robots are differential-drive robot equipped with an on-board processor and

equipped with odometry, an RGB-D sensor, and wifi networking capabilities. Local-
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Figure 4.5: Average of the Clearing Time versus number of AGVs in the different
single intersections on 10 runs.
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Figure 4.6: Real environment used for the experimental validation.

ization for the vehicles is provided by an external motion capture system. Fig. 4.7

shows the implementation architecture of the system. The core of the system,

namely the Optimized Coordination, is implemented in the Matlab workspace. Then

each robot is controlled by means of an independent ROS module which manages

the tracking of the trajectories of the roadmap.

The experiments aim at validating the proposed optimized coordination method

in a real scenario. Some simulated robots are used together with the real ones in

order to increase the number of the fleet. The validation has been conducted under

the following experimental set-up:

• 5 real robots

• 3 to 15 simulated robots

• tasks randomly assigned both to real and simulated robots

The main difference compared to the single intersection simulation is that the co-

ordination of the fleet is based on the hierarchical control architecture explained in

[37]. The proposed method (Optimized Strategy) is still compared to the Negotiated

Strategy with respect to the time needed for all AGVs to reach their final destina-

tion, that is ttotal. Fig. 4.8 shows the trend of the ttotal with respect the number of

AGVs on both of the strategies.
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Figure 4.7: Implementation and architecture of the system

The data was also evaluated in terms of significance. Table 4.1 shows the statis-

tical evaluation where h = 1 indicates a rejection of the null hypothesis at the 5%

significance level and h = 0 indicates a failure to reject the null hypothesis at the

5% significance level.

#AGV h p-value
3 1 0.0346
5 1 0.0422

10 1 0.0163
15 1 0.0249

Table 4.1: Statistical validity of the comparison

4.7 Discussion and Conclusion

The simulations about the single intersection scenario show that the average clearing

time (or the maximum crossing time) is always smaller using the Optimized Strategy

rather than the Negotiated Strategy and clearly shows that the proposed methodology

performs better than the previous one. Fig. 4.9 shows the relationship between the

waiting time and the time a vehicle is actually moving, i.e., vi > 0, in the sector

for the Negotiated Strategy. Overall, the time a vehicle spends waiting or idling is

considerable when the Negotiated Strategy is used. In particular, the results show
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Figure 4.8: Total time versus number of agents in the complete map with standard
deviation

that the average waiting time is almost 50% of the total time a vehicle spends

within the sector and the worst waiting time is up to 90% of the total time. One

can conclude that under the Negotiated Strategy the time an AGV spends at an

intersection is mostly spent on waiting for its turn to cross. It is important to note

that by construction the waiting time for each vehicle under the Optimized Strategy

is always null. Here, coordination is achieved by managing the relative velocities

of the agents to ensure collision avoidance while constraining the velocities to be

always higher than zero.

When considering the average per vehicle waiting time resulting from the Ne-

gotiated Strategy, the computational time of the Optimized Strategy is essentially

insignificant (see Fig. 4.10). The optimization algorithm does not suffer from a high

computational burden despite being implemented in a centralized manner. This

claim is supported by the fact that the strategy is designed to work with specific

roadmaps and thus always tuned to the worst case scenario (Fig. 2.10). Further-

more, the required computation burden still stays low when the number of segments

increases. The Optimized Strategy is concerned only with the number of vehicles

since the collision regions are computed totally offline. Fig. 4.11 shows a comparison

between the scalability of the Negotiated Strategy, which is almost linear, and the

Optimized Strategy. We note that in the Optimized Strategy the maximum crossing

time does not linearly increase with the number of agents but rather its trend is

piecewise linear. This suggests that the Optimized Strategy can potentially be fur-
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Figure 4.9: Waiting time versus clearing time for the Negotiated Strategy. Data
presented for Intersection 4.

ther exploited when the system is complex. This is further supported by the fact

that the waiting time for the Negotiated Strategy is two order of magnitude higher

than the computational time for the Optimized Strategy.

For the complete scenario and for the real experiments, the results are very

similar to the previous simulation. In particular ttotal in the Optimized Strategy is

always less then in the Negotiated Strategy. In addition, on a complete and real map

the Optimized Strategy works better in term of total time. It is worth noting that

the coordination and the performances within a sector are, in general, independent

of the other sectors. Thus the complete behavior of the proposed methodology on

the full map is approximately a linear combination of the local behavior within each

sector.

Lastly, Fig. 4.8 shows the difference between the total time between the two

strategies increases as the number of AGVs gets bigger. As the number of vehicles

increases in the map, the higher the difference between the total time of the two

strategies. While the complexity of the scenario affects the total time, the Optimized

Strategy consistently performs better in the presence of more agents. The experi-

ments also show that the proposed method works well under realistic conditions,

where noise and disturbances normally arise (e.g. localization, delay, etc.).

To conclude, this Chapter has shown an optimized coordination strategy which

aims at minimizing the time a fleet of AGVs takes to traverse different sectors.

The problem is faced by solving a quadratic optimization process for each sector
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Figure 4.10: Computational time for the optimized strategy with respect to the
number of AGVs.

of the roadmap and the quadratic problem can be solved in a very efficient way by

standard solver programs. The optimal set of velocities is then applied to the AGVs

moving in each sector in order to maximize its throughput. The simulations and

experiments show that the proposed optimized method significantly outperforms the

decentralized negotiated strategy.

70



CHAPTER 4. OPTIMIZED COORDINATION STRATEGY

2 3 4 5 6 7 8

20

40

60

80

100

120

140

# AGVs

T
c

le
a

ri
n

g

 

 

Negotiated Strategy

Optimized Strategy

Figure 4.11: Clearing Time versus number of agents in the Intersection 3 with
standard deviation

71





CHAPTER 5. DYNAMIC MISSION ASSIGNMENT

Chapter 5

Dynamic Mission Assignment

In this Chapter a methodology for mission assignment in multiple vehicle system ex-

ploited in industrial environments for logistics operations is introduced. The model

of the traffic is explicitly considered for performing an optimized dynamic mission

assignment. Simulation results are provided for comparing the proposed method-

ology with state-of-the-art techniques, that do not consider the state of the traffic

while allocating missions.

5.1 Introduction

Each transportation task is defined as a mission. The mission assignment problem

consists then in assigning a mission to be completed to each AGV. Clearly, in or-

der to optimize the overall performance of the system, it is necessary perform the

assignment in an optimized manner, that means minimizing the overall completion

time. Mainly utilized assignment methods consider the mission assignment prob-

lem in a static manner : roughly speaking, each mission is assigned to the closest

AGV. This assignment method does not consider the dynamic effects due to the

motion of the AGVs themselves: namely, traffic jams might decelerate the AGVs,

thus making the assignment very far from the optimal solution. In this Chapter a

traffic model is used within the assignment problem: specifically, information on the

state of the system is utilized to obtain a quantitative measure of the traffic, that is

then exploited for an optimized mission assignment.

In this Chapter we consider the mission assignment problem for multi-AGV

systems used for factory logistics: the architecture of the system under consideration

is depicted in Fig. 5.1. In particular, we consider the case where AGVs are exploited

for goods transportation inside a manufacturing plant. In this case, each mission

to be accomplished consists in taking a particular batch of goods (e.g. a box or a
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Figure 5.1: Multi-vehicle system in industrial applications: architecture

pallet) to a desired location inside the plant (e.g. a rack). The motion of the AGVs

is constrained along a roadmap, that is a a set of virtual paths that connect every

location of the plant. The fleet of AGVs is coordinated by a centralized supervisor,

referred to as control center, that is in charge of assigning a mission to each AGV,

and of coordinating the motion of the AGVs themselves. The list of missions to be

accomplished is generated by the Warehouse Management System (WMS), that is

integrated into the automatized logistic system of the plant. The list of missions

is then sent from the WMS to the control center, for subsequent allocation to the

AGVs.

5.1.1 Related Works

Several strategies can be found in the literature that consider the task allocation

problem in multiple vehicle scenarios: see for instance [55] (the reader can refer

to the survey papers [56] and [57]). In general, the task assignment represents an

optimization problem that can be hard to solve. However it will be faced in a

centralized manner through this Chapter.

The Hungarian algorithm, first presented in [3] and subsequently refined in [4],

provides an optimal solution to the assignment problem in polynomial time. The
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original formulation of this algorithm was developed for the static task assignment

problem: namely, a certain number of tasks need to be assigned to a certain number

of actors. However, it is worth noting that, in industrial applications, new tasks are

generated as the system evolves: as an example, every time a production machine has

completed the production of a batch of goods, it is necessary to remove the products

and place them in the appropriate location in the warehouse. For this purpose, we

need to consider a dynamic assignment problem: namely, it is necessary to foresee

task re-allocation. A dynamic version of the Hungarian algorithm was presented in

[58].

In multiple vehicle systems, task assignment is related to the path planning and

coordination problems. In fact, once tasks have been assigned to the vehicles, sub-

sequent path planning has to be performed to obtain the completion of the tasks

themselves. The relationship between task assignment and the path planning prob-

lems have been extensively studied in [59, 60]. The main idea is that of solving

an optimization problem whose solution globally optimizes the performance of the

system, that is the global task completion time, taking into account both task as-

signment and path planning.

5.1.2 Outline

The Chapter is organized as follows. The proposed methodology is described in

Section 5.2. Section 5.3 describes the implementation of the proposed methodology

in a simulated environment, and presents the achieved results. Finally, Section 5.4

contains discussion of the results and conclusions.

5.2 Proposed Methodology

The proposed mission assignment methodology consists in exploiting the Hungarian

Algorithm that, as is well known, represents the optimal algorithm for solving the

assignment problem. Generally speaking, the Hungarian Algorithm solves the prob-

lem of assigning a certain number of activities to a certain number of agents. This

assignment is based on a matrix of weights, whose element (i, j) corresponds to the

cost of assigning the j-th activity to the i-th agent. The optimal assignment ob-

tained after applying the Hungarian Algorithm has the minimum total cost among

all possible choices.

In the scenario considered in this Chapter, activities are represented by missions

to be accomplished, and agents are represented by AGVs. It is worth remarking that
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the objective is that of increasing the overall efficiency of the system: therefore, this

implies reducing the overall completion time for all the missions. Therefore, the cost

for assigning each AGV to a particular mission should be proportional to the time

spent by that AGV to complete that mission. Currently utilized solutions translate

this idea defining the cost as a quantity that is proportional to the distance between

each AGV and each mission location. In fact, assuming constant speed, travel

distance is proportional to completion time. Define then xi (t) as the position of the

i-th AGV at time t, and mj as the location of the j-th mission. Therefore, the cost

ci,j (t) is computed as follows:

ci,j (t) = δ (xi (t) ,mj) (5.1)

where δ (·) is the shortest path between xi (t) and mj, computed using the Dijkstra’s

algorithm over the roadmap (see [61] for details). Once the roadmap has been

defined, each segment sh is characterized by its length |sh|. Thus, let the shortest

path between xi (t) and mj be a sequence of Mi,j segments, namely{
s1, . . . sMi,j

}
Subsequently:

δ (xi (t) ,mj) =

Mi,j∑
h=1

|sh| (5.2)

One of the drawbacks of the definition of the cost given in (5.1) is related to

the fact that assuming a constant speed for the AGVs is unrealistic, in particular in

dense multi-vehicle systems. In fact, traffic jams can significantly slow down AGVs:

this leads to the fact that the completion time is no longer proportional to the travel

distance.

We will hereafter assume that the motion of the AGVs along the roadmap is

coordinated exploiting the methodology presented in Chapter 3. In the latter the

capacity of a sector is explained as the maximum number of AGVs that are simul-

taneously allowed inside the sector itself. Namely, the k-th sector is characterized

by capacity Ck > 0.

Subsequently, based on the hierarchical division of the roadmap, it is possible to

introduce the definition of traffic model.

Definition 5.1 (Traffic model). Consider a multi vehicle system characterized by:

• a roadmap on which the AGVs move

• a partitioning in N sectors
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Then, a traffic model is a function that assigns a non-negative weight wk (t) that

quantifies the traffic at time t inside the k-th sector.

Considering the definition of Traffic model, the main idea in this Chapter is that

of modifying the definition of the cost (5.1) to take into account the traffic itself.

Specifically, let segment sh belong to the k-th sector. Then, define the weighted

length of sh, namely lh (t), as a function of both the segment length |sh| and the

weight wk (t), namely:

lh (t) = lh (wk (t) , |sh|) (5.3)

Subsequently, the cost (5.1) is defined computing the shortest path δ (xi (t) ,mj)

utilizing the Dijkstra’s algorithm over the roadmap, where each segment sh is char-

acterized by the weighted length lh (t) defined as in (5.3).

It is worth noting that modeling the traffic in a multi vehicle system is still an

open problem, definition 5.1 is also used in Chapter 6 where a probabilistic dynamic

model of the traffic is presented and it is used to plan the paths for the AGVs

avoiding congested sectors.

5.3 Evaluation

The proposed methodology has been implemented in the same simulated environ-

ment used in Chapter 3 and through the Thesis. In particular, this methodology is

validated with simulations performed on a medium size plant, characterized by:

• Number of AGVs: 30

• Number of sectors in the roadmap: 18

The traffic model utilized in the simulations is the following. We consider each

sector to be characterized by the same value of capacity C > 0: namely, Ck = C,

∀k. Moreover, let nk (t) be the number of vehicles in the k-th sector at time t. The

weight is formally formulated as follow.

wk (t) =

(
nk

C − nk

)
− 1 (5.4)

The weight function is depicted in Fig. 5.2 considering the capacity C = 10.

Subsequently, the weighted length lh is computed as follows:

lh = k1 |sh|+ k2wk (5.5)
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Figure 5.2: Weight wk (t) computed as in (5.4), with capacity C = 10

where k1, k2 > 0 are design parameters. This weighted length is the same of Eq.(3.1)

in Chapter 3. Simulation results are reported hereafter for k1 = 1, k2 = 10, for

different values of the capacity C ∈ [2, . . . , 30]. In particular, simulations were

performed randomly generating missions to be accomplished by the AGVs. Then, we

measured the average number of missions accomplished per hour, and we compared

it with the current result: namely, computing the weights based on path length only,

that is obtained with k2 = 0. Fig. 5.3 depicts the percentage increase.

5.4 Discussion and conclusion

The Chapter has presented an enhanced mission assignment methodology, for mul-

tiple AGVs used in industrial environments for logistics operations. Since traffic

jams have great influence on the effectiveness of an optimal assignment, the idea of

assigning missions taking into account the current traffic state has been introduced.

In particular, we introduced a heuristic method that considers the weight of each

path computed taking into account the state of occupation of each sector, together

with the path length.

A critical design parameter is represented by the capacity of the sectors, which

heavily influences the performance of the system. Very promising results were ob-

tained for medium values of the capacity, namely C ∈ (10, 15): in these cases, the

number of missions accomplished per hour increased by more than 10%. It is worth
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Figure 5.3: Average number of missions accomplished per hour: percentage increase
with respect to the nominal case, i.e. k2 = 0, for different values of the capacity C

noting that, for high value of the capacity, the performance is very similar to the

nominal case. This is however expected, since it is very unlikely to have a high

number of AGVs concentrated in the same sector. Therefore, traffic has only a

small influence on the assignment procedure. Conversely, for very small values of

the capacity (i.e. C < 5) we observe a decrease in the performance: this is mainly

due to the fact that a sector containing a small number of AGVs are identified as

heavy traffic spots, that lead to a suboptimal mission assignment.
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Chapter 6

Traffic Model

In the previous Chapter, we have seen the importance of modeling the traffic in order

to manage the fleet in a efficient manner. In Chapter 5 the traffic has been modeled

based on the maximum number of AGVs contained in the sectors. This Chapter

aims at extending the notion of traffic model. In particular, a probabilistic dynamic

model is proposed which predicts and tracks the evolution of possibly congested

areas. This can then be used to manage the fleet in order to avoid traffic jams. Such

a model is then exploited for building a predictive planner that is embedded in the

traffic manager proposed in Chapter 3 in order to explicitely consider the evolution

of the traffic up to a given horizon and to increase the efficiency of the fleet of AGVs

in terms of delivery time. The proposed traffic manager is also described in [62].

6.1 Introduction

In Chapter 3 a hierarchical planner is shown where the robots circulate in an envi-

ronment partitioned into sectors. The sequence of sectors each AGV has to cross for

reaching its destination is computed by a centralized planner, in order to guarantee

high performance. Inside each sector, the AGVs are coordinated using a decen-

tralized strategy which guarantees a simple and scalable traffic management. The

granularity of the partition represents the balance between the centralized and the

decentralized nature of the traffic manager. The centralized planner works on the

sectors set in a Model Predictive Control (MPC) fashion. Each time an AGV enters

a new sector, the central unit measures the traffic in each sector by simply counting

the number of AGVs it contains. Subsequently, using the A∗ algorithm [15] the

sequence of sectors the AGV needs to track is recomputed considering the current

traffic situation. The introduction of such a simple traffic measure has significantly

increased the performance of the traffic manager, see [43] for more details.
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Nevertheless, the use of a “static metric” as the one exploited in [43] and in

Chapter 5 can lead to some pitfalls. In fact, it can happen that one AGV is routed

towards an empty sector but that, when the AGV reaches it, the sector is full of

AGVs that have reached it in the meanwhile. Thus, the AGV will take much longer

than expected for crossing the sector. This is due to the fact that traffic is a highly

dynamic process. In order to take a more meaningful decision on the sectors an

AGV should cross, it is necessary to know the amount of AGVs in the sectors at

the planning time and in a future horizon. This can be done by building a model of

the traffic that cannot be deterministic, because of the unexpected events that can

take place in the warehouse and because of the unpredictable negotiation time each

AGV has to wait for in a sector.

6.1.1 Related Works

Understanding the evolution of the traffic is a very important issue in road design

and control for urban vehicles and several modeling strategies are available in the

literature (see e.g. [63]). A traffic scenario similar to the one that can be found

in automatic warehouses is that of air traffic control, where some traffic models

have been built for predicting the number of aircrafts that are contained in certain

control areas [64]. In particular, Eulerian models, based on conservation equations

on control volumes, have been successfully exploited in [65]. Probabilistic models for

modeling the air traffic have also been proposed [66]. A branch of research aims at

modeling the traffic by means of queuing network models [67, 68]. These models can

manage the stochasticity of the traffic, such as the presence of unforeseen events,

the delays due to congestions and they are very tractable with standard theoretical

methods.

Nevertheless, at the best of the authors’ knowledge, no model of the traffic of

AGVs in automatic warehouses has been proposed so far and the models available

from other application domains cannot be directly exploited. In fact, the air traffic

models can not include unexpected stops, which are rather common in automatic

warehouses. Furthermore, the AGVs flow can neither be discretized as the aircraft

flow nor be modeled as a continuous flow as in urban vehicles traffic [69, 70]. On

the other hand, the queuing models provide a macro-model of the traffic and this

could not capture the dynamics of the local coordination among the vehicles. The

exploration of queueing models for automatic warehouses is then left for future works

and an Eulerian model is chosen in this work.

In this Chapter we aim at developing a probabilistic dynamic traffic model in
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order to track the congested areas in the warehouse over time. Such a model is

tailored on the topological structure of the warehouse and it takes into account,

probabilistically, the presence of unexpected events that cause unexpected stops of

the vehicles. Such a traffic model is then embedded in the traffic manager proposed

in Chapter 3 in order to allow the planner to drive the AGVs along sectors with few

vehicles. In this way, the time spent by each AGV inside a sector for coordinating

with the other vehicles will be drastically reduced and the performance of the over-

all system will improve. The effectiveness of the extended traffic manager will be

validated on a real warehouse scenario. In summary, the contribution of this work

is twofold:

• a probabilistic traffic model for a group of AGVs travelling in a warehouse

subject to unexpected events and

• a novel traffic manager, based on [43], that exploits the proposed traffic model

for improving the AGVs coordination and, consequently, for increasing the

efficiency of the fleet.

6.1.2 Outline

The Chapter is organized as follows: some preliminaries and the statement of the

addressed problem are provided in Sec. 6.2. Sec. 6.3 formally describes the traffic

model and Sec. 6.4 shows the novel planner based on the traffic model. Finally

Sec. 6.5 validates the proposed results on a real warehouse and Sec. 6.6 concludes

with some discussions.

6.2 Preliminaries

In this section we will briefly report the notions presented in Chapter 3 and Chap-

ter 5, where more details can be found.

In automatic warehouses a fleet of N AGVs moves along roadmap R, namely a

set of predefined paths which the AGVs can track. For safety reasons, the roadmap

is partitioned into a collection of segments P = {p1, . . . , pQ}, where Q is the total

number of segments in R, and it can be naturally modeled as a strongly connected

graph. A path on R is simply a sequence of adjacent segments the AGV can track.

The velocity of an AGV along a segment is constant and each segment can be

occupied by one AGV at a time. Furthermore, we assume that AGVs have different

pairs of initial and final configurations.
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In order to implement an efficient and computationally affordable traffic manager

system, in Chapter 3, the warehouse (and consequently the roadmap) has been

partitioned into a set of sectors S = {S1, . . . , SP}, where P is the total number of

sectors. An example of roadmap and of sector partitioning, as well as segments and

paths, on a real warehouse is reported in Fig. 6.1.
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Figure 6.1: Roadmap of real environment.

The sector partition provides a high-level coarse topological representation of

the roadmap that allows to abstract some properties of the fleet to make them more

tractable. In particular, it is possible to associate a traffic measure to each sector

rather than distribute it along the whole roadmap and, therefore, a finite state

model of the traffic can be built. Formally, let Ci ∈ R+ be the capacity of Si, i.e.

the maximum number of AGVs that can be contained in Si, and let Yi(k) be the

number of AGVs travelling in Si at time k. The higher is the density of AGVs in

the sector, the bigger is the traffic in the sector. Thus, the traffic measure for sector

Si at time k is given by:

Ti(k) =
Yi(k)

Ci − Yi(k)
(6.1)

Considering the current traffic measure, it is possible to represent the set of sectors

as a weighted directed graph G0 = (V0, E0) where each sector is a vertex Si ∈ V0

and (Si, Sj) ∈ E0 if there is a path on the roadmap completely contained in Si ∪ Sj,
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starting from Si and finishing in Sj. Each edge is weighted by the following time

varying function:

ωi,j(k) = KijTj(k) +Di,j (6.2)

where Dij ∈ R+ is the Euclidean distance between the geometric centers of Si and

of Sj and Kij ∈ R+ is a design parameter that allows to further weight the traffic

component. The weight encodes the time necessary for traveling form Si to Sj. The

higher the traffic in Sj and the bigger the distance between the sectors, the more

time it will take to travel through sector Sj.

As previously proposed, the traffic manager works on two layers. In order to deal

with the highly dynamic nature of the warehouse, each time an AGV enters a new

sector, the planner re-computes the sequence of sectors to be crossed considering

the current traffic situation. After the planning has been done, the AGV crosses

the sector it just entered in and it heads toward the first planned sector. Neverthe-

less, during the time requested for reaching the planned sector, the traffic situation

changes and this can make the planned choice a bad choice. This happens because

the planner takes a snapshot of the traffic at time k and based on that it plans the

future sectors for the AGV. In order to increase the efficiency of the traffic manager

we need to solve the following problem:

Problem 6.1. Given an automatic warehouse partitioned into sectors, find a metric

capable of tracking the dynamic evolution of the traffic of AGVs over a certain

horizon and embed this information in the traffic manager proposed in Chapter 3.

6.3 Probabilistic Traffic Model

In this section we propose a simple model that allows to track the traffic flow among

the sectors obtained by the partitioning of the warehouse. In particular, exploiting

the large-capacity cell transmission model [71] used for modelling air traffic flows,

we build an eulerian model based on a graph-based representation of the traffic flow.

Furthermore, unexpected events are managed by introducing a probabilistic term

modeling the possibility that an AGV gets stuck in a segment.

Since the segments the roadmap is partitioned in are in general of different

lengths, in order to build the Eulerian model, we need to further partition the

roadmap in a set of cells C = {c1, . . . , cM}, where M is the total number of cells

in R. Each cell can be tracked in the same amount of time and we take the cell

traveling time Tc as the unit of the discrete time set. In the following, for ease of

notation, we will indicate the time instant kTc with k. The roadmap R partitioned
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in to cells can be represented as a graph Gc = (Vc, Ec) where the nodes are the cells,

ci ∈ Vc, and where (ci, cj) ∈ Ec if ci are cj are adjacent, namely if the end point of

ci is the starting point of cj. Since R can be represented as a strongly connected

graph, then Gc is strongly connected as well. The roadmap R and the corresponding

cell decomposition on a real warehouse are reported in Fig. 6.2.
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Figure 6.2: Roadmap and associated graph of cells

Exploiting the conservation of flow in a cell, it is possible to relate the proba-

bility that a cell contains a vehicle at time k + 1 to unexpected events and to the

probability that a neighboring cell is containing an AGV at time k. Let x(k) =

(x1(k), . . . , xM(k))T ∈ RM be the cell probability vector, where xi(k) is the probabil-

ity that the ith cell contains an AGV at time k. At time k an AGV can either move

to an adjacent cell (because of coordination reasons) or stand in the cell where it

is (because of an unexpected events that prevents it from advancing). Thus, it is

possible to model the evolution of the cell probability vector as:

x(k + 1) = Lx(k) (6.3)

where

L = RgA
T + ρsI. (6.4)

The I is the M dimensional identity matrix and A ∈ RM×M is the adjacency matrix

of the cell graph Gc defined as:

[A]i,j =

{
1 if (ci, cj) ∈ Ec
0 otherwise
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and the diagonal matrix Rg = diag(r1
g , . . . , r

M
g ) ∈ RM×M is such that:

rig =
ρg∑M

j=1A
T
i,j

. (6.5)

Finally, ρg, ρs ∈ [0, 1], with ρg+ρs = 1, are design parameters and they represent

the probability that AGVs move to the next cell or that they stay in the current cell

because of an unexpected event respectively. The parameter ρg is necessary because

when the AGVs are executing the decentralized policy proposed in Chapter 3 it is

not possible to know deterministically the sector they will choose. The matrix Rg is

used for equally distributing ρG over the cells that can be reached at the next time

step1.

Remark 1. In (6.4) we have assumed that all the AGVs have the same probability

of advancing or of being subject to an unexpected event. In real warehouses the

probability may change depending on the position of the cell in the warehouse. The

proposed model can be easily extended to cope with this situation. In order to keep

the notation simple, we consider uniform probabilities.

In order to avoid to evaluate as congested an area with many cells with a low

probability of being occupied, we build the cell occupancy vector as:

γ(k) = [γ1(k), . . . , γM(k)]T ∈ RM , (6.6)

where the cell probability vector has been filtered as follows:

γi(k) =

{
1 if xi(k) ≥ ε
0 otherwise

for i = 1, . . . ,M (6.7)

where the threshold ε is a design parameter. In this way, a cell is deemed occupied

only if its probability of being occupied is big enough. Finally it is possible to

evaluate the number of AGVs that are circulating in each sector by:

Yj(k) = Bjγ(k) j = 1, . . . , P (6.8)

where Bj = (bj1, . . . , b
j
M) ∈ R1×M is a selection vector such that

bjm =

{
1 if cm ∈ Sj
0 otherwise

m = 1, . . . ,M (6.9)

It is possible to note that the threshold ε provides a way to manage the reliability

of the model: as the time approaches infinity the reliability decreases. In particular,

1Since Gc is strongly connected,
∑M

j=1A
T
i,j 6= 0 ∀j and therefore (6.5) is well posed
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the state Yi of the sectors goes to zero for long-term predictions because of ε. Fig. 6.3

shows this statement. Thus, starting form the knowledge of the occupation of the

cells (i.e. the position of the AGVs) at time k, it is possible to use (6.3), (6.7) and

(6.8) together with (6.1) for building an estimate of the traffic contained in each cell

at time in the future instants of time. The following result holds:

Theorem 6.1. The system (6.3) is marginally stable.

Proof. AT is the adjacency matrix of GTc , the reverse graph of Gc and RgA
T is the

weighted adjacency matrix of GTc . L is then the adjacency matrix of a graph GTcs
obtained by GTc by adding a weighted self-loop on each vertex. Being Gc strongly

connected, GTc is strongly connected [41] and, trivially, also GTcs. The rest of the proof

is an application of the Perron-Frobenius theorem. From the strong connectivity of

GTcs, we can state that L is irreducible, that it has a positive Perron-Frobenius

eigenvalue r and that each other eigenvalue λi is such that |λi| < r. The eigenvalue

r is such that mini
∑m

j=1 lij ≤ r ≤ maxi
∑m

j=1 lij, where lij is the generic element

of L. By construction mini
∑m

j=1 lij = maxi
∑m

j=1 lij = ρg + ρs = 1 and therefore

r = 1. Thus the state matrix of the linear discrete time system in (6.3) has one

simple eigenvalue on the unit circle and all the other eigenvalues inside the unit

circle and therefore the system is marginally stable.

An evidence of this claim is that the elements of γ(k) become constant when the

time goes to infinity and, consequently, the values of the traffic measure for each

sector become constant. Let Ȳi be the values corresponding to the number of AGVs

contained in each sector without the filtering of the cell probability vector by means

of the parameter ε. Then, Fig. 6.4 shows an example, where the values of Ȳi are

plotted.

In other words, the presented model represents a Markov chain with transition

matrix L. The uncertainty of the model (the entropy of the distribution of proba-

bility) is given only by the second largest eigenvalue of L. In particular, since L is

a stochastic, irreducible and aperiodic matrix, the following statement holds:

Lk = 1πk +O(λk2)

Where λ2 is the second largest eigenvalue of L and π is the stationary distribution

vector such that π = πL, namely π represents the values of L when the time ap-

proaches infinity. The value of λ2 is given by a non-linear function of the parameters

ε, ρs and ρg. The parameters are empirically tuned but a more theoretical charac-

terization is planned for future works. However, it is possible to observe that smaller

values of ε lead to a slower convergence of the model, as shown in Fig. 6.3.
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(a) Yj(k) with ε = 0.1
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(b) Yj(k) with ε = 0.5

Figure 6.3: State Yj(k) for different values of ε

Thus, the model (6.3) is well posed, since the value of the prediction does not go

to infinity, but the farther in time the prediction is made the less able to track the

traffic the model is and the less reliable the prediction is. Thus, the traffic prediction

should be made over a short-enough horizon and updated every time new data (e.g.

position of the AGVs) are available.

6.4 Dynamic Traffic-Based Planner

In this section we will illustrate how to embed the dynamic traffic model proposed

in Sec. 6.3 in the high-level planner of the traffic manager discussed in Sec. 6.2 for
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Figure 6.4: State Ȳj(k) of nine sectors as long as the time goes to infinity.

replacing the static traffic metric used in Chapter 3 and in [43].

The high-level planner considers the traffic for weighting the sectors graph G0 at

the planning times. In order to consider the time evolution of the traffic that can

be provided by the traffic model, it is necessary to embed the time information into

G0. This can be done by exploiting the time-expanded network concept.

In the rest of the Chapter, we refer to the traffic manager proposed here as

Traffic-Planner, and to the one proposed in Chapter 3 as Basic-Planner.

6.4.1 Time-Expanded Network

In this subsection we briefly introduce the concept of Time Expanded Network

(TEN) over a discrete time interval. More details can be found in [72, 73].

Consider a weighted directed graph G0 = (V0, E0) where vi ∈ V0 and each edge

eij := (vi, vj) ∈ E0 is weighted with a time varying weight wij(k), k ∈ Z+, which

encods the cost of transitioning from vi to vj. We assume that each transition can

be made in one time step. The finite TEN is a directed graph Gk = (Vk, Ek) that is

obtained by expanding G0 over time by making a separate copy of all the nodes for

each time instant k ∈ H = 0, 1, . . . , H − 1, where H is the finite expansion horizon.

Each node in the TEN is labeled with the time layer to which it belongs, thus every

vertex of Gk is a node-time pair (vi, k) where vi ∈ V0 and k ∈ H. Each edge ekij ∈ Ek
is associated to eij ∈ E0 but it encodes the time information and it connects (vi, k)

with (vj, k + 1), with k ∈ H. Finally, the weight structure of G0 is inherited by the

TEN Gk and each edge ekij ∈ Ek is weighted by wij(k). Of course, depending on
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the considered time layers, the weight of the edge ekij changes and, therefore, using

TEN it is possible to consider explicitly the time evolution of the weights of the

graph over the expansion horizon. One of the main advantages of the use of TEN

is the possibility of solving shortest path problems in a dynamic graph using static

shortest path algorithms on its associated TEN. An example of TEN is shown in

Fig. 6.5 where a TEN (Fig. 6.5b) is associated to a graph G0 (Fig. 6.5a).

1 2

3

w12(k)

w23(k)w31(k)

(a) Basic network graph, the arc weight is shown
with an integer.

1 2 3k=0

1 2 3k=1

1 2 3k=2

w12(0) w23(0)

w31(0)

w12(1)

w23(1)

w31(1)

(b) Time-Expanded network

Figure 6.5: Original graph and associated time expanded graph with H = 3.

6.4.2 Traffic-based Planner

Consider the graph G0, where each node is a sector Si and edges represent a roadmap

interconnection between the joined sector. Each edge is weighted by the traffic

metric reported in (6.1). Each time an AGV exits a sector, the Basic-Planner plans
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the path over G0 for a finite horizon H = {k, . . . , k + H − 1}. The planner works

in a model predictive control fashion, namely the whole path along the sectors is

computed but only the first step is actually executed by the AGVs. The path is

then re-computed whenever an AGV exits a sector.

The traffic model reported in (6.3)-(6.8) allows to compute the number of AGVs

contained in each sector for the planning and, therefore, the evolution of the traffic

metric T (k), and consequently of the edge weights ωi,j(k), for k ∈ H. In order

to encode such a dynamic traffic information in the planner, we build the TEN

Gk = (Vk, Ek) associated to G0 for the time horizon H, where the weight associated

to each edge Ek 3 ekij is ωij(k). In this way, the TEN Gk encodes the dynamic traffic

information obtained thanks to the traffic model in a static graph. Using the same

A∗ [15] strategy of the Basic-Planner for planning on the TEN Gk, it is now possible

to obtain more meaningful high-level paths for the AGVs, which take into account

how the traffic of the vehicles evolves in the warehouse and that avoid to enter in

too crowded sectors, something that can happen using the traffic metric used in the

Basic-Planner. The strategy for coordinating the AGVs when they are traveling

inside a sector is the same decentralized protocol based on priorities adopted in

Chapter 3. In Fig. 6.6 a portion of the TEN exploited for the traffic management

of a real warehouse is shown. The blue lines are the edges of the TEN.

200

Start

Goal

Figure 6.6: The TEN used in the analyzed scenario.

As noticed in Sec. 6.3, the information provided by the traffic model is the less

reliable the more into the future the prediction is made and this could lead to wrong

choices of the paths. Nevertheless, the planner replans the path for the AGV each
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time that the vehicle enters in a new sector and, therefore, the AGV travels along

only to the first sector of the planned path, namely the one which comes from the

most reliable traffic information.

In general the TEN can be very big in terms of nodes and edges, and the graph

search process can be slow. Nevertheless, the planner works on the high-level rep-

resentation of the roadmap which can be made coarse enough to avoid the TEN

dimensional explosion.

6.5 Validation

In order to validate the traffic model proposed in Sec. 6.3 and the traffic control strat-

egy derived by the Basic-Planner by embedding the planner proposed in Sec. 6.4,

we made several simulations in Matlab considering real warehouses plants.

The simulations are performed on the real scenario shown in Fig. 6.2a. The

proposed traffic manager is compared with the coordination strategy presented in

previously which does not exploit a traffic model in the high-level planning. The

decentralized coordination inside each sector is the same for the two traffic managers,

what is different is the high level planner.

The comparison has been carried out analyzing the total arrival time and the

ratio between the time the AGVs get stuck and the time the AGVs are in movement.

The simulations are performed according with the following conditions:

• number of AGVs = [3, 5, 10, 15]

• 25 runs for each configurations

• same tasks (randomly generated in each run) and initial positions for the

compared methods

• same low level decentralized strategy applied to both the methods

• number of sectors: P = 9

• number of cells: M = 231

• design parameter of (6.2): Kij = 100 ∀i, j

• sector’s capacity C = [3, 1, 2, 1, 3, 1, 2, 1, 8]

• probability parameters: ρg = 0.8, ρs = 0.2
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• filter threshold parameter ε = 0.5

The maximum number of AGVs, i.e. the capacity, of each sector Cj is computed

offline. The results are shown in Fig. 6.7 where the improvement of the Traffic-

Planner with respect to the Basic-Planner is shown in percentage. The variance is

also highlighted. It is possible to note that the proposed method performs better in

terms of total arrival time than the previous one: the improvement is up to 22%.

The average values obtained in the different runs when using the Traffic-Planner are

always lower than the corresponding ones when using the Basic-Planner (that are

already better than the ones currently achieved in the industrial practice [51]). The

second term of comparison is the ratio between the time the AGVs get stuck and the

time the AGVs move and the result is shown in Fig. 6.9. It is possible to note that

the Traffic-Planner performs better as the number of AGVs increases with respect

to the Basic-Planner.
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Figure 6.7: Traffic-Planer’s improvement (percentage).

The simulation data show that the performance of the proposed strategy are al-

ways greater or equal than the ones that can be obtained using the strategy presented

in Chapter 3, see e.g. Fig. 6.8. This is due to the fact that the first sector planned

by the Traffic-Planner cannot be worse, in terms of traffic, than the one obtained

by the Basic-Planner. In other words, it is possible to say that the performance

of the Traffic-Planner are lower bounded by the performance of the Basic-Planner.

The result data are also evaluated in terms of significance. Table 6.1 shows the

statistical evaluation where h = 1 indicates a rejection of the null hypothesis at the
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Figure 6.8: The evaluation data for the 5 AGVs simulation.
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Figure 6.9: Negotiation time with respect to the time where the AGVs are in move-
ment.

5% significance level and h = 0 indicates a failure to reject the null hypothesis at

the 5% significance level.
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#AGV h p-value
3 1 0.0296
5 1 0.0417
10 1 0.0150
15 1 0.0265

Table 6.1: Statistical validity of the comparison

6.6 Conclusion

In this Chapter we have proposed a probabilistic model for representing the traffic

of a fleet of AGVs moving in an automatic warehouse and subject to unexpected

stops due to unforeseen events (e.g. interaction with human guided forklifts). The

model has then been embedded in the two layer traffic model proposed in Chapter 3

for improving the performance of the high level planner. Extensive simulations on

a real warehouse have proven that there is a significant improvement in terms of

delivery time when using the proposed traffic manager. The information about the

destination of the AGVs is not included in the model in order to keep the model

as simple as possible, and then in order to limit the complexity. However, future

work aims at increasing the reliability of the traffic model by adding the information

about the origin and the target position of the AGVs Furthermore, current work

regards the analysis of the performance in a more rigorous manner.
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Chapter 7

Concluding remarks

This thesis is the result of three years devoted to the research of a new strategy

for coordinating multiple AGVs by considering and optimizing the overall system.

The focus of the thesis has been then the development of an ensemble strategy for

coordinating, optimizing and modeling an AGV system in an industrial environment.

Several works focusing on multi-robot coordination can be found in literature, but

the problem is always faced by considering only one aspect, e.g. the path planning

mechanism. The general contribution of this work is then a different approach for

multi-robot system, and in particular for AGV system. The problem is treated

by considering several aspects of the AGV scenario, e.g. the roadmap and the

coordination algorithm, and thus the system is faced in a holistic manner.

The main results are summarized hereafter. Chapter 2 first describes an algo-

rithm for the automatic generation of a roadmap for AGV system. Such a roadmap

is designed in order to maximize the redundancy, the coverage and the connectivity.

The core of this algorithm is the assignment of the directions to the roads (2.7). In

particular, the directions can be assigned by solving an optimization problem where

the maximum flow or the algebraic connectivity have be maximized (see A).

Moreover, the roadmap is modeled in such a way that the coordination algorithm

detailed in Chapter 3 works better on those kind of roadmaps. In that chapter,

the hierarchical 2-layers architecture is described and a the hierarchical planner on

the topological layer and on the roadmap layer is introduced.

An improved algorithm for coordinating a fleet of AGVs (one the roadmap layer)

is explained in Chapter 4. The main contribution is the formulation of the Multi-

AGV coordination problem 4.1 in a quadratic programming optimization problem.

The QP problem (4.14) can be solved very efficiently and the results prove that the

time wasted waiting is minimized while the total throughput is maximized.

In the last two chapters, a model of the traffic is introduced. In particular, in
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Chapter 5 a static model is used for a specific application: the dynamic mission

assignment. The missions are then assigned to the AGVs by considering the current

status of the traffic. Simulations have shown that such a model clearly improves the

number of missions per hour of the fleet.

Finally, a complete dynamic model of the traffic is validated in Chapter 6 where

the traffic is modeled in a probabilist manner. This model is then used to predict

the status of the traffic in the warehouse. A Traffic Planner coordinates the fleet

by considering the prediction of the traffic. Simulations have shown that modeling

the traffic is a crucial aspect of AGV systems, and the provided model can be used

to improve efficiently the performance of the whole system.

Thus, for a final remark, this Thesis aims at being a reference for the management

of AGV systems under a new prospective. The focus has to be given to the whole

system which can has to be modeled by using ensemble or holistic approaches.
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Appendix A

Algebraic Graph Theory

In this Chapter some of the main notions on graph theory used in the Thesis are

reported. For more exhaustive information, the reader can see for instance [41].

Generally speaking, a graph G is represented of an ordered pair G = (V,E)

comprising a set V of N vertices or nodes together with a set E ⊆ V×V of edges or

arcs.

Two different classes of graphs may be adopted: directed graphs and undirected

graphs.

• In an undirected graph the connection among two nodes is bidirectional. Namely,

for every couple of nodes i and j, if the i→ j edge exists, then the j → i edge

exists as well. Undirected graphs are thus usually exploited to model explicit

bidirectional connections.

• In a directed graph or digraph, each edge has a direction associated with it,

namely the edge i→ j is different than the edge j → i.

Pictorially, Fig. A.1 shows an example.

A weighted directed graph is a directed graph with weights assigned to its edges.

In the context of graph theory, a weighted directed graph is often called a network.

A directed graph is strongly connected if it contains a directed path that connects

every pair of nodes of the graph. A node of a graph is defined balanced if its out–

degree is equal to its in–degree, that is the sum of the incoming (possibly weighted)

edges equals the sum of the outgoing (possibly weighted) edges. A balanced graph

is defined as a graph whose nodes are all balanced.

A communication graph can be described by means of the adjacency matrix

A ∈ RN×N . Let Ni be the neighborhood of the i–th node. Each element aij of A
is defined as the weight of the edge between the i–th and the j–th node, and is a

positive number if j ∈ Ni, zero otherwise.
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Figure A.1: Definition of directed graph

The degree matrix of the graph is defined as:

D = diag ({di}) , (A.1)

where di is the out–degree of the i–th node of the graph, that is di =
N∑
j=1

aij. The

(weighted) Laplacian matrix of the graph is defined as:

L = D −A. (A.2)

Let M be the number of edges and let w = [w1, · · · ,wM ] ∈ RM be the weights

associated to each edge, then the weight matrix W ∈ RM×M is defined as W =

diag(w). The Laplacian matrix L of the directed graph associated with the weight

matrix W can be defined as follows:

Lw = I · W · IT (A.3)

Where I ∈ RN×M is the Incidence matrix. The incidence matrix I ∈ RN×M is

defined as a matrix whose (i, k)-th element ii,k is:

ii,k =


−1 if vi is the head of ek
1 if vi is the tail of ek
0 othrwise

(A.4)

The unweighted Laplacian matrix L∗ is a special case of Laplacian matrix, where

all non–zero entries of the adjacency matrix are equal to one and L∗ = I · IT .

The Laplacian matrix exhibits some remarkable properties [41, 74]:
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1. Let 1 be the column vector of all ones. Since the row sum of the Laplacian

matrix is equal to zero, then L1 = 0.

2. Let λGi , i = 1, . . . , N be the eigenvalues of the Laplacian matrix of the graph

G. The eigenvalues can be ordered such that 0 =
∣∣λG1 ∣∣ ≤ ∣∣λG2 ∣∣ ≤ . . . ≤

∣∣λGN ∣∣
3. For a strongly connected digraph, <

{
λGi
}
≥ 0 ∀i = 1, . . . , N where <{·}

defines the real part of a complex number.

4. In a balanced digraph, the column sum of the Laplacian matrix is equal to

zero as well. Then, 1TL = 0.

5. If a graph is strongly connected, then <
{
λG2
}
> 0. In case the graph is

balanced, then <
{
λG2
}
> 0 if and only if the graph is strongly connected: then,

as in the undirected graph case, we refer to λG2 as the algebraic connectivity

of the graph.

6. The value of <
{
λG2
}

increases as the number of edges and with increasing the

weight of the edges.

It is worth noting that the higher the value of <
{
λG2
}

the higher the efficiency of

the communication graph in solving distributed computation problems [74].

Often a graph is considered a flow network (also known as a transportation

network), namely a directed graph where each edge has a capacity and each edge

receives a flow (see Fig. A.2). The amount of flow on an edge cannot exceed the

capacity of the edge. A flow must satisfy the restriction that the amount of flow

into a node equals the amount of flow out of it, unless it is a source, which has only

outgoing flow, or sink, which has only incoming flow. A network can be used to

model traffic in a road system, circulation with demands, fluids in pipes, currents

in an electrical circuit, or anything similar in which something travels through a

network of nodes. Given two nodes of a graph, the maximum flow is a scalar value

that quantifies the capacity of the links between those two nodes. The capacity of

an edge is a mapping c : E → R+, denoted by c(u, v). It represents the maximum

amount of flow that can pass through an edge.

A flow is a mapping F : E→ R+, denoted by F (u, v), subjected to the following

constraints:

• capacity constraint: ∀(u, v) ∈ E F (u, v) ≤ c(u, v)

• conservation of flows: ∀v ∈ V,
∑

u:(u,v)∈E F (u, v) =
∑

u:(v,u)∈E F (v, u)
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Figure A.2: A flow network, with source s and sink t. The numbers next to the
edge are the capacities.

The value of the flow is defined by |F | =
∑

v:(s,v)∈E F (s, v), where s is the source of

V. It represents the amount of flow passing from the source to the sink. If the graph

represents a roadmap, where a fleet of AGVs are travelling, the maximum flow can

be seen as the maximum material flow, namely the quantity of goods, between two

areas of the warehouse (e.g. from the production area to the delivery area). Several

algorithms can be found in literature to solve such a problem. In particular, in

this thesis the Edmonds–Karp algorithm [75], that is known to provide a solution

with good computational performances, has been used. In particular, this algorithm

seeks for the maximum flow between a source node and a sink node in O(NM2) time,

where N is the number of nodes and M is the number of edges of the graph.
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