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Remember to look up at the stars and

not down at your feet. Try to make

sense of what you see and wonder

about what makes the universe exist.

Be curious. And however difficult life

may seem, there is always something

you can do and succeed at. It matters

that you don’t just give up.

Stephen Hawking
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Abstract

Mobile Robotics is an ever-expanding field in several application areas, but it is still

subject to numerous challenges, mainly related to localization in indoor environments.

Approaches commonly used to solve localization problems in these environments, such

as Simultaneous Localization and Mapping (SLAM), while quite effective in static envi-

ronments, are still easily subject to inaccuracies and failures in dynamic environments,

or environments with a very limited number of distinguishing features. In this work, an

approach that aims to integrate a SLAM technique based on particle filtering with a po-

sition tracking algorithm for fiducial markers distributed in the indoor environment will

be presented. The proposed approach allows to perform corrections for intrinsic errors

accumulated in the particle filter, as well as a way to solve global localization problems

by obtaining the position of global landmarks based on the detection of the markers.

Experiments to validate the proposed localization system were performed in a simulation

environment, which allowed to ensure the effectiveness of the method compared to the

traditional approach with the particle filter. Based on the results obtained, the system

was adapted for testing in a real environment, making use of a mobile robot integrated

with the ROS framework.

Keywords: Mobile Robots; Indoor Localization; Robot Operation System, Simulta-

neous Localization and Mapping, Particle Filtering, Adaptive Monte Carlo Localization,

Fiducial Markers.
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Resumo

A robótica móvel é um campo em constante expansão em diversas áreas de aplicação, mas

que ainda está sujeita a inúmeros desafios, principalmente relacionados a localização em

ambientes interiores. Abordagens comumente utilizadas para a solução de problemas de

localização nesses ambientes, como por exemplo, a Localização e Mapeamento Simultâ-

neos (SLAM), apesar de bastante efetivas em ambientes estáticos, ainda são facilmente

sujeitas a imprecisões e falhas em ambientes dinâmicos, ou com poucos características

distintivas em sua extensão. Neste trabalho será apresentado uma abordagem que visa a

integração de uma técnica SLAM baseada em filtragem de partículas com um algoritmo

de rastreamento de posição de marcadores fiduciais espalhados pelo ambiente interior.

A abordagem proposta permite a realização de correções de erros intrínsecos acumula-

dos no filtro de partículas, além de uma maneira de resolver problemas de localização

global obtendo-se a posição de pontos de referências globais com base na detecção dos

marcadores fiduciais. Experimentos para a validação do sistema de localização proposto

foram realizados em ambiente de simulação, que permitiram garantir a eficácia do método

em relação a abordagem tradicional com o filtro de partículas. Com base nos resultados

obtidos o sistema foi adaptado para a realização de testes em um ambiente real, fazendo

uso de um robô móvel com integração ao framework ROS.

Palavras-chave: Robótica Móvel; Localização Interior; Sistema Operacional de Robôs,

Localização e Mapeamento Simultâneos, Filtro de Partículas, Adaptive Monte Carlo Lo-

calization, Marcadores Fiduciais.
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Chapter 1

Introduction

Mobile Robotics is one of the fastest growing fields of scientific research today, as its ap-

plications contribute to countless areas such as industrial automation, agriculture, health

care, planetary exploration, entertainment, rescue operations, transportation, personal

services, product delivery, smart warehouses, construction, sports, autonomous vehicles,

drones applications, and many others [1]. Such a diversity of applications ensures a strong

economic impact, even with the Covid-19 pandemic directly affecting the global indus-

try, the Mobile Robotics market is expected to continue growing at record pace, moving

US$23 billion in 2021 and reaching US$54 billion by 2023 [2].

A significant highlight in Mobile Robotics is found in the Autonomous Mobile Robots

(AMRs), which possess the ability to navigate independently, without the need for human

intervention, making intelligent decisions for task performance based on the information

collected from the environment by sensors (e.g., laser sensors, sonar and cameras) [3].

However, in order to be able to perform its functions correctly, the robot needs to have

knowledge of its position and orientation relative to a coordinate system, something that

is extremely challenging especially in indoor environments, where it is impossible to take

advantage of some localization technologies such as Global Positioning System (GPS),

making it necessary to adopt other strategies like for instance the Simultaneous Localiza-

tion and Mapping (SLAM) [4].

The SLAM techniques allow a mobile robot to acquire a topological representation

1



2 CHAPTER 1. INTRODUCTION

of the surrounding environment, generating a map through the information collected

by sensors, mainly based on the encoders of the robot’s wheels (odometry) and laser-

based sensors such as Light Detection and Ranging (LiDAR) [5]. To ensure robustness in

laser-based positioning systems, approaches involving the use of Particle Filters (PFs) are

commonly used to more accurately estimate the position of a robot, trying to overcome

local and global localization problems. However, the estimated pose may diverge from

the actual pose due to errors in the sensor readings, besides that, laser-based systems are

not as accurate in environments and areas that are featureless such as hallways, or that

present multiple dynamic obstacles [6].

In this context, this work aimed to develop an indoor localization system for a wheeled

mobile robot that would allows its autonomous navigation through the hallways of the

Research Center in Digitalization and Intelligent Robotics (CeDRI), located at the Poly-

technic Institute of Bragança (IPB). For this purpose, the scope of this project will be

to develop an approach that combines laser-based and particles filters SLAM techniques

with an artificial vision position tracking system of fiducial markers distributed in the

environment, in order to achieve the localization of the robot with better reliability than

using SLAM with LiDAR and odometry data only.

1.1 Objectives

The main purpose of this thesis is to develop a localization system for a mobile robot that

can integrate a SLAM approach with particle filter and a system that performs fiducial

marker detection which will be responsible for updating the robot’s position information

in the environment, removing intrinsic errors accumulated in the particle filter. In such a

way, that the localization system can be applied to effectively perform the navigation of

the robot in a dynamic indoor environment.

The methodology for accomplishing this objective comprises the execution of the fol-

lowing steps:
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• Study and analysis of existing systems and algorithms for indoor localization for mo-

bile robots, mainly based on SLAM and fiducial markers, as well as their integration

with the Robot Operating System (ROS);

• Implementation of SLAM-based interior localization system integrating a particle

filter and fiducial markers;

• Building a representation of the CeDRI hallways environment in 3D simulation for

testing the proposed localization system;

• Integration of the developed system with a real mobile robot for validation in the

real environment.

1.2 Document Structure

This document is divided into 7 chapters, for the description of the work carried out

throughout the dissertation development.

The Introduction is transcribed in Chapter 1, in which some of the main problems

involving the localization of mobile robots in indoor environments are briefly exemplified,

being proposed a localization system based on SLAM techniques and a particle filter

integrating them with a localization approach through fiducial marker detection.

Chapter 2 presents a State of the Art about AMRs, introducing its main applications

in different fields, the main difficulties in obtaining a fully autonomous system focusing

mainly on problems involving indoor localization. Some of the main techniques and

approaches used for mobile robot localization in indoor environments will be presented.

Chapter 3 describes the architecture of the proposed localization system, that com-

bines a SLAM approach over a particle filter, namely Adaptive Monte Carlo Localization

(AMCL), and the performance of position correction updates based on fiducial markers

tracking. For this purpose, the role of each component, their functionalities and operation

process will be described.
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Chapter 4 presents the procedures performed for the implementation of the proposed

system in a simulation environment, namely the construction of the simulation scenario

and the use of the ROS framework.

In Chapter 5, the activities performed to implement the system in a real environment

and real mobile robot will be detailed, as well as the necessary changes performed when

compared to the simulation experimentation.

Chapter 6 discusses the results obtained through the tests performed in both simulated

and real scenarios, comparing the results in both environments, and discussing their

implications.

Finally, Chapter 7 presents the conclusions and potential works and new approaches

to be taken in the future.



Chapter 2

State of the Art

This chapter will make a brief contextualization about AMRs, presenting the main chal-

lenges found in this field, especially regarding the indoor localization, and introducing

some of the main approaches used to solve this problem.

2.1 Autonomous Mobile Robots

Robotics had its origin in science fiction literature, and was popularized between 1917 and

1921, when the brothers Joseph and Karel Capek wrote stories that described concepts

of intelligent automats and first introduced the term robot, derived from the Czech word,

robota, meaning servant or worker. Over time, robots start to become an integrated part

of reality, with the introduction of the first Automated Guided Vehicle (AGV) by Barret

Electronics in 1953, and with the development of the Unimate, the first manipulator robot

used on a production line created by General Motors Company in 1958 [7], [8].

Since then, industrial robots have been developed and deployed to replace or assist hu-

mans in the execution of repetitive, tedious and unsafe manufacturing processes. Further-

more, the robotics field has evolved to allow humans and robots to work collaboratively

on tasks that are too complex to be fully performed only by robots or too expensive to

be fully automated. Thus the Collaborative Robots (Cobots) have made Human-Robot

Interactions (HRIs) possible by allowing the secure sharing of workspace with workers,

5
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in contrast to the traditional industrial robotic systems that required the robot to be

isolated from human collaborators in order to avoid accidents [9], [10].

Cobots and other industrial manipulators can often be attached to mobile platforms,

such as in AGVs or in AMRs, making it possible to perform intralogistics and material

handling tasks across the manufacturing floor. AGVs have some disadvantages compared

to AMRs since they are entirely dependent on supporting infrastructure for their navi-

gation, such as wires or magnets, which often keeps them stuck on fixed paths [8]. In

contrast, AMRs can move to any location in a given space that is accessible and un-

obstructed, adapting and making their own decisions according to the dynamism of the

environment.

The concept of self decision-making allows AMRs to have decentralized control sys-

tems, offering the possibility that different AMRs can independently communicate and

negotiates about the division of resources and tasks among them or with others devices,

dynamically adapt and react to demands or changes. Unlike the AGVs system, which

is centralized and requires an external control unit for decision-making and task-sharing.

Above all, the technological advances and the high interest in scientific research with

AMRs have allowed them to be not only restricted to industrial applications but present

in countless fields [11].

In agriculture, autonomous robots are being used for activities such as planting and

harvesting, irrigating, providing nutrients for the soil, detecting pests and diseases, and

more [12]. On planetary exploration, space rovers such as Curiosity and Perseverance,

presented in Figure 2.1, explore the planet Mars studying its geology, composition, at-

mosphere, and searching for potential bio-signatures [13]. Several e-commerce companies,

such as Amazon and Alibaba, use Robotic Mobile Fulfillment Systems (RMFSs) in their

smart warehouses, where multiple mobile robots work in a coordinated way to transport

products to pick stations, in this way saving time, optimizing pick order processes and

prevent human-based errors [14].

The applications of AMRs in the e-commerce sector are not only restricted to ware-

houses, as pioneering companies such as DHL, FedEx, SF Express, Google, UPS and
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Figure 2.1: Overview of the Perseverance space rover [15].

Amazon are applying self-driving delivery robots to deliver products to customers in

some urban areas, and not only that but are also developing and testing Unmanned

Aerial Vehicless (UAVs) to carry out the product delivery services [16].

When it comes to healthcare, Mobile Robotics has become an important ally especially

with the Covid-19 pandemic scenario, in which robots are being applied in the delivery and

distribution of medical supplies, performing attendance though telepresence, carrying out

tests for pre-diagnosis and disinfecting hospital environments through methods of emitting

Ultraviolet C (UV-C) lights or spraying disinfectant liquids [17]. Social robots also known

as service robots are widespread in real-world applications, mainly focused on HRIs they

usually have interfaces, appearance and other aspects that make them more friendly and

tangible for contact with people, being applied for example, as autonomous robotic pets,

guides in hotels [18] and museums [19].

2.2 Challenges in Autonomous Mobile Robotics

The potential of mobile robotics proves to be vast and of significant impact on the con-

temporary society; however, in order to develop an autonomous mobile robotic system, it
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is necessary to transcend numerous challenges such as locomotion, cognition, perception

and navigation. These basic elements, that are integrated in the operation of an AMR,

are exemplified in Figure 2.2.

Figure 2.2: Basic processes required for the operation of an AMR.

Locomotion mechanisms are essential for a robot to move and perform its tasks, and

their implementation demands an understanding of control concepts, dynamics, and kine-

matics. It is also necessary to know the environment in which the robot must move to

ensure that the locomotion system is appropriate to the local conditions, allowing the con-

trol to be done with efficiency, stability, and maneuverability. For indoor environments

for example, mobile robots are designed to move, run, or jump, and are usually equipped

with legs or wheels, with the latter being considered one of the most efficient methods [4].

The perception deals with the robot’s need to collect data about its surroundings and

itself. For this purpose, different sensors can be used for data collection, from which

relevant information is extracted for tasks such as localization, positioning, creation of

maps or other representations of the environment, identification of obstacles, and in some

cases even object recognition. The main sensors used in robotics applications are laser

range finders, encoders, vision-based sensors, accelerometers, gyroscopes, depth sensors,

sonars, infrared sensors, ultrasonic sensors, and others. It is the role of cognition to analyze
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and interpret the input data collected by the sensors and to control the actuators, in order

to allow the robot to operate correctly and perform its tasks [1].

The navigation can be considered as the main challenge for AMRs since for a robot

to move autonomously between different points in an environment, be it known or un-

known, it is necessary to integrate efficient solutions to the previously presented problems

of locomotion, perception and cognition. Furthermore, the navigation involves other fun-

damental problems related to path planning (in most cases, a robot cannot take a direct

route between the start and end points, so it is necessary to determine routes that guar-

antee arriving at the destination in an optimal way, minimizing time consumption and

unnecessary detours), obstacle avoidance (it is important that the robot can safely reach

its destination without being obstructed by an obstacle thus avoiding collisions), and most

importantly the localization [3].

The localization of mobile robots is a huge challenge especially when it comes to

indoor environments. GPS systems that are widely used for outdoor localization are still

subject to errors that comprehend ranges about 10 meters and the high-frequency waves

coming from satellites are easily obstructed by metal structures and walls, making GPS

impractical for indoor localization [20]. Therefore, indoor localization needs to resort to

other strategies that it can accurately determine the absolute position and orientation of

the robot relative to a coordinate system [1].

In order to make the localization process possible, it is first necessary for the robot

to understand the existing features in its surroundings by having some kind of spatial

representation of the environment. The most widely used approaches is based on maps,

which can be created from the data collected by sensors during the robot’s navigation

through the environment. It is important to ensure that the features represented by the

map are equivalent to the features collected by the sensors, and that the accuracy of the

map is equal to the accuracy required for robot navigation [4].

There are different typologies of maps such as topological, spatial, density, and metric,

in which we can highlight the grid occupancy representation. In this typology the map

is divided into two distinct types of cells arranged in grids, which are filled based on an
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occupation threshold given the interpretation of the readings made by a sensor. This

threshold corresponds to a probability rate of the cell being occupied or not, i.e., cells

that represent regions where navigation is not possible have a high probability value

and are considered occupied, while cells with low probability values of occupancy will be

represented as a free space indicating zones where non-collision is guaranteed [21].

Once the map is generated, it can be used to assist in path planning for the robot and

for the limiting errors in position estimation since distinguishable landmarks represented

on the map enable error resets operations when comparing current sensor readings [22].

However, even with a representation of the environment, it is necessary to be concerned

with some more generalized problems of localization in mobile robotics which can be

classified into three different categories namely position tracking, global localization, and

the kidnapped robot problem, which will be discussed below:

• Position tracking: in this case the robot’s initial position is known, so the lo-

calization can be done by tracking the robot at each time instant while navigating

the environment, which is accomplished through odometry and sensor data. While

navigation occurs, the localization system uses the previously stored position to

determine the new position of the robot. However, the localization by position

tracking is subject to errors, due to the lack of precision of the odometry and of the

sensors, besides it is necessary to be extremely secure about the initial position of

the robot, otherwise errors will start to accumulate right from the start [23], [24];

• Global localization: is a more complex problem than the position tracking, since

the robot does not know its initial position, and there is no previously stored in-

formation to start searching for its position in the environment map. This requires

the application of methods known as global techniques to determine or estimate the

robot’s initial position [25];

• Kidnapped robot problem: this can be considered a branch of the global lo-

calization problems, but in this case the robot has an excellent localization and
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without its knowledge is abducted and taken to a different location in the environ-

ment, continuing to believe it was in its previous position. Being able to identify

that it was kidnapped, and having a way to estimate its new position, is essential

for the operation of an AMR [23].

One factor that further exacerbates these problems is the existing dynamism in the

indoor environments. In real scenarios an environment will hardly remain static, with

objects and even obstacles moving, which confuses and even corrupts the data collected

by the robot, making it even more difficult to obtain an accurate localization [25].

2.3 Indoor Localization Strategies

This section will address some of the main strategies used in the localization of mobile

robots in indoor environments.

2.3.1 Localization with Fiducial Markers

Fiducial markers are elements widely used in mobile robotics localization applications.

They can be characterized as artificial marks of well-defined sizes and shapes and have

intrinsic Identifiers (IDs) for their identification, are used as reference points or mea-

surements. Can be placed in environments as reference points, what makes possible to

accurately determine their relative position and orientation between them and a camera

positioned on the mobile robot. This information can be used to significantly increase the

accuracy of an localization system [26].

There are several methods for fiducial marker generation and detection, but what

makes them excellent for applications involving robotics, is the large number of open-

source packages of fiducial markers that have integration with ROS, e.g., ARTag, AR-

Toolkit, STag, AprilTag, ArUco, and others [27]. In Figure 2.3 as an example, some

fiducial markers present in the ARTag package, also know as ar-track-alvar, are shown.

However, since is necessary to apply artificial vision strategies for tracking the markers,
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the use of the cited packages normally requires a high computational power, which can

interfere with the efficiency of the localization system in the navigation of a robot that

doesn’t have much processing power, once that the data must be processed in real time.

Figure 2.3: Ar-track-alvar markers, also know as AR tags, with the respective ids 0, 1,
and 2.

Factors such as low cost, easy production and implementation, and small size, make

fiducial markers a very versatile strategy to be applied in various scenarios of mobile

robotics, mainly due to the great accuracy that can be obtained while tracking their

position. For example, Zhang [28] has made use of QR codes as fiducial markers to

perform localization and navigation of a mobile robot in an indoor environment, having

positioned the QR codes on the ceiling of the environment and having an industrial camera

positioned on the robot facing the markers. In this approach, the robot localization is

entirely up to the markers, and a SLAM technique based on laser range is applied only

to assist in route planning and obstacle avoidance.

In [29] fiducial markers are used as a complementary localization system for a UAV

in power distribution line inspections, in simulations for target tracking for UAVs [30],

and for the localization of mobile robots in a smart warehouse system, in with fiducial

markers were positioned on top of the robots and a camera positioned on the warehouse

ceiling is used to estimate the position of robots in the environment [31].

In a similar way, in [32] visual markers are captured by a ceiling-mounted camera

to position virtual LiDAR sensors on small robots. Fiducial markers are also applied as

a method to improve the localization system of a turtlebot robot in an indoor environ-

ment, combining the tracking position of the tags in walls with SLAM techniques and the
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Kalman filter algorithm, achieving an autonomous navigation [33].

2.3.2 Simultaneous Localization and Mapping

SLAM can be defined as a method in which a mobile robot can build a map of an

environment while simultaneously using it to locate itself. The mapping process is done

online without requiring any prior knowledge of the robot’s location, to estimate the

position of the landmarks that make up the environment, as well as the trajectory the

robot is taking. In the last decades the robotics community has been studying and

developing new methods of performing SLAM, in order to make it more and more robust,

for applications that comprise the domains of outdoor localization, underwater, for UAVs

systems, and especially indoor localization [34].

Most of the SLAM techniques developed are based on probabilistic concepts as a way

to reduce the effects of noise and uncertainty generated by the sensors. In mathematical

terms, probabilistic SLAM approaches are based on estimating the position of the mobile

robot in an unknown environment through a probabilistic distribution of positions over

time x0 : T = x0, x1, x2, ..., xT and the map m, taking into account the robot’s odometry

information u1 : T = u1, u2, u3, ..., uT and the data collected from the environment through

sensor observations z1 : T = z1, z2, z3, ..., zT. The Equation 2.1 describes the probabilistic

SLAM method for position estimation [35].

p(x0:T ,m|z1:T , u1:T ) (2.1)

The performance of a SLAM approach is directly related to the desired application

and the sensor to be used, which will determine the quality and quantity of informa-

tion collected from the environment to create the map. Sonars are more applicable to

underwater location, while ultrasonic sensors are used for dark environments, but have

poor spatial resolution. Monocular, Stereo, and Omni-directional cameras are widely used

in Visual-SLAM strategies both indoors and outdoors environments, but they are easily

affected by factors such as changing lighting and there is a lack of depth information.
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RGB-D sensors such as Kinects make it possible to obtain depth and image information

by combining the strengths of vision-based and range-based sensors, normally are used

indoors since they are very sensitive to light, and have very limited ranges [36], [37].

Range-based sensors are the most widely used for indoor localization, especially with

2D and 3D LiDARs. These sensors have the ability to measure distances to objects and

structures according to the time required for the reflection of the light beams emitted by

the sensor, thus they can have large reading ranges, are less affected by the environment

[4], and although they are particularly more expensive their technology continues to ad-

vance given their applicability in the field of autonomous vehicles [38]. Several well-known

SLAM algorithms use this type of sensing, such as the Gmapping, HectorSlam, LagoSLAM

approaches for 2D SLAM systems and Loam, Google Cartographer, and Lego-Loam for

3D SLAM [39].

Figure 2.4 shows, as an example, the Slamtec’s RPLiDAR sensor model A1M8, a

relatively low cost LiDAR, widely used in SLAM applications for indoor localization and

obstacle detection [40].

Figure 2.4: RPLiDAR model A1M8 (adapted from [41]).

Son [42] applied it to build a small mobile robot for mapping tasks by applying the

Hector SLAM approach for map construction embedded in the ROS framework, while
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Madhavan [43] used this sensor for the designer of an efficient system for obstacle detec-

tion, identification and avoidance.

As an example of applying a range-based SLAM approach, Figure 2.5 represents an

indoor environment in simulation, by making use of a SLAM approach and a LiDAR

sensor with similar range and resolution as the RPLiDAR on board of a mobile robot,

an grid occupancy map represented in Figure 2.6 was generated, on it the white cells

correspond to free spaces and the black cells represent occupied spaces, such as existing

walls in the environment and obstacle contours.

Figure 2.5: Simulated indoor environment.

Figure 2.6: Grid occu-
pancy map generated using
a SLAM algorithm.

Although visually the generated map looks like a good representation of the environ-

ment, it is undeniable that there are discrepancies. SLAM-based approaches are subject

to all kinds of discrepancies not only during mapping, but also during localization in a

properly mapped environment. Many factors contribute to the lack of accuracy in ad-

dition to errors in the maps, such as inaccuracy of sensor readings and robot odometry,

uncertainties in localization based on match scanning, conditions in the environment such

as the presence of moving obstacles and geometric constraints, position uncertainties, and

inaccuracy or inability to determine the initial position of the robot [44].

Although there are no absolute solutions for solving these problems, the following

section will discuss some of the main methods and algorithms that are used to reduce the
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errors derived from the sensor readings in order to provide a more accurate localization

solution for the robot.

2.3.3 Kalman Filter

The Kalman Filter (KF) is an well known algorithm for estimating states or others un-

known variables in linear dynamic systems, based on series of data collected over time,

reducing noise and inaccuracies from the samples being collected. Characterized by real-

time processing and robustness against interference, the KF is an efficient approach in

trajectory tracking, robot control, orbit calculation, and in localization and navigation

applications, having an important role in sensor data fusion [45].

The operation of the KF algorithm consists of two different stages, the first being

responsible for the prediction of the state of the variables, while the second stage performs

an update or correction of the state. This process occurs recursively, so the current state

is estimated according to the last state [46]. Figure 2.7, shows as an example, the basic

operation of KF in a localization system for a mobile robot.

Figure 2.7: Kalman Filter Localization Flowchart (adapted from [4]).

During the first stage, the robot’s state is estimated according to the system’s dynamic

variables, in this case the data from the robot’s odometry. Through the information

derived from the observable variables obtained by the readings of the sensors on board
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the robot, which are compared with the stored map, updates are performed to correct the

estimated robot state in the second stage. Since the process is recursive, when a new state

is predicted at instant t, and a correction is applied to it in the next step, the corrected

state is used as the initial condition for the estimation at instant t+ 1.

The state of the robot xk at time k defined by the KF in a linear system can be

described by Equation 2.2, where A represents the matrix of state transitions, xk−1 the

previous state defined by the filter, B the control signal input matrix applied to the control

vector uk−1, and wk−1 the process noise vector. Equation 2.3, represents the observations

obtained from the environment through the robot’s sensors, where the observation vector

is represented by zk, the observation matrix by H, and the noise vector of the sensor

observations by vk [45], [46].

xk = Axk−1 +Buk−1 + wk−1 (2.2)

zk = Hxk + vk (2.3)

During the prediction stage the robot state is given by the mean, x̂−
k , being represented

by the Equation 2.4. In addition, the estimated covariance deviation P of the state is

determined, represented by Equation 2.5, where Q represents the covariance matrix of

the process noise [47].

x̂−
k = Akx̂k−1 +Buk (2.4)

P̂−
k = AkPk−1A

H +Qk (2.5)

In the correction stage, the KF algorithm calculates through Equation 2.6, the Kalman

gain K, which indicates the confidence to be given to the information collected by the

sensors. In the equation, R represents the covariance matrix of the noise in the collected

data. Based on the Kalman gain, the robot state and the estimated covariance deviation

are corrected through Equations 2.7 and 2.8 respectively, where in the last equation I

represents an identity matrix [47].
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Kk = Pk
−Hk

H(HkPkHk
H +Rk)−1 (2.6)

x̂k = x̂−
k +Kk(zk −Hkx̂

−
k ) (2.7)

P̂k = (I −KkHk)P̂−
k (2.8)

The KF algorithm presents a high performance for the localization of a mobile robot,

offer a good solution for the position tracking problem. However, it does not provide

solutions for global localization or to the kidnapped robot problem, being its performance

limited to linear systems [4].

Since a majority of practical applications, including in robotics, are related to non-

linear systems, an improved form of KF was created, being known as Extended Kalman

Filter (EKF), which is based on centering on the value of the first-order nonlinear Taylor

expansion around the estimated system state, in order to transform the nonlinear system

into a linear equation. The Equations 2.9, 2.10 and 2.11 represent how the EKF works in

its prediction state, where f represents the state transition matrix [45].

A = df

dx
|x = x̂k−1 (2.9)

x̂−
k = f(x̂k−1) (2.10)

P̂−
k = AkPkA

T +Q (2.11)

Equations 2.12, 2.13, 2.14 and 2.15 describe the EKF update step, where h represents

the sensor observation matrix.

A = df

dx
|x = x̂−

k−1 (2.12)

Kk = Pk
−Hk

T (HPk
−HT +R)−1 (2.13)

x̂k = x̂−
k +Kk(zk − h(x̂−

k )) (2.14)

P̂k = (I −KkH)P̂−
k (2.15)
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2.3.4 Adaptive Monte Carlo Localization

The Monte Carlo Localization (MCL) approach makes use of a particle filter for position

estimation of a robot. The particles act as a representation of a probability density

function, that is, each particle represents a value that describes the possibility of the

robot being in a given location. The higher the value assigned to the particle, the greater

the chance that it is correct about the robot’s location [48].

The value of the weight of each of the particles is defined by the ratio between the

target and the proposed function, where each function is an estimate of the robot. The

Equation 2.16, demonstrates the calculation of the noise and motion model that is applied

to the particles according to the density function [4].

xt
j ∼ p(zt|xt,m) (2.16)

The measurements collected by the sensor used for robot localization can be denoted

by zt and are used for comparison between the proposed position of the particle and the

target, so that the weight of each particle can be defined as shown by the Equation 2.17,

where wt
j represents the computed weight of each particle.

wt
j = target

proposal
∼ p(zt|xt,m) (2.17)

A group of particles is created where the particles with the highest weight are kept.

The MCL algorithm works more accurately if a large number of samples are used, however

this brings higher computational consumption. MCL is also widely used for global and

abducted robot localization problems, however it works better in static environments [4].

The approach called Adaptive Monte Carlo Localization (AMCL) is an improved ver-

sion of MCL. It uses a KLD-Sampling strategy, which adapts the number of particles

over time. So in situations where the position of the robot is uncertain, a larger number

of particles are used to try to determine the position of the robot. Once there is more

certainty about the robot’s position, the algorithm reduces the number of particles to
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reduce computational consumption [49].

In order to illustrate the operation of the AMCL particle filter, Figure 2.8 shows the

beginning of the localization process of the algorithm applied to the indoor simulation

environment introduced earlier in Figure 2.5. At this initial moment, the particles rep-

resented by the set of arrows are spread out on the environment map, where each one

represents a possible position that the robot is occupying in the environment.

As the robot moves and collects new information with its sensors, the algorithm starts

to converge its particles to locations that can best match the actual position occupied

by the robot, as this process is performed the particles that represent positions with

lower possibility are eliminated, decreasing the processing cost. Figure 2.9 represents the

convergence process of the particles after the robot moves through the environment.

Figure 2.8: Initialization of the particle
filter.

Figure 2.9: Convergence of the particle filter
after the movement of the robot.



Chapter 3

Architecture of the System

This chapter will describe the proposed approach for an indoor localization system for

mobile robots, which aims to take advantage of a SLAM technique combined with the

particle filtering algorithm namely AMCL with the visual tracking of fiducial markers

positioned on the ceiling of the environment. The fiducial markers are intended to provide

global reference points, which will be integrated into the position estimation of the AMCL

algorithm, to ensure greater robustness in the localization process of the mobile robot.

The position data obtained by detecting the markers will assist the robot to obtain a

more accurate estimation for its initial position, helping to solve global localization prob-

lems. Additionally, it enables further updates throughout the robot’s navigation through

the environment, which eliminated errors accumulated by the AMCL algorithm’s position

estimation or due to errors or lack of accuracy of the robot’s sensors and odometry, thus

ensuring a solution to the problems of position tracking and the abducted robot, making

it possible to obtain an indoor localization system that enables autonomous navigation of

a mobile robot. A detailed description of the main concepts of operation and integration

of the proposed approach will be presented below.

21
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3.1 Mapping and Markers Database

The first step in making the system work is mapping the environment. As mentioned in

Chapter 2, the robot needs a representation of the environment so that it can locate itself

and perform the path planning and obstacle avoidance tasks. But something that causes a

lot of confusion and doubt among beginners in Mobile Robotics is: “If a SLAM approach

allows to localize the robot simultaneously to the mapping process, why is necessary to

use a previously built map?”

In fact, SLAM allows the robot to locate itself in an unknown environment while

building a map, however, imagine this location as being directly related to the robot’s

position in relation to the map, as described in Equation 2.1. When it is necessary to

relate real points in an environment it is essential to have a correlation between the map

and those points. With this correlation, it is easier to determine between which points

the robot needs to move, and to understand which position on the map corresponds to

the global position in the real environment. In addition, the robot will continue to apply

the SLAM algorithm but now using the generated map to help it to determine its position

through scan matching. The generated map also helps the robot to create local maps,

in which information about changes in the environment, such as new obstacles, can be

updated.

In the flow diagram shown in Figure 3.1, the basic operation of the mapping process

in a LiDAR-based SLAM approach is presented. During map creation, the data collected

by the LiDAR sensor are interpreted to extract features and landmarks present in the

environment, which can be for example walls, furniture, and other obstacles. This process

makes easier the localization of the robot by combining the odometry information with

the correspondence of the already mapped landmarks with the data collected by the

sensor. When new landmarks or unexplored areas are identified, they and their respective

locations in the environment are updated to the map.

Having a properly generated map, another important task to be performed is the

creation of a database which contains the corresponding coordinates of the fiducial markers
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Figure 3.1: Mapping process flow diagram.

distributed throughout the environment. In the proposed approach it was decided to place

the markers on the ceiling of the environment, to prevent obstacles from getting between

the field of view of the camera positioned on the robot and the markers, if they were fixed

on the walls of the environment.

It is crucial that the coordinates stored in the database correspond precisely to the

position and orientation occupied by each one of the markers in relation to the coordinate

system used to describe the environment, and that this system is equivalent to the coor-

dinate system that describes the environment map. This means, if a point is considered

as the origin of the environment’s coordinate system, this point must also be the relative

origin of the markers and of the map.

The database will be used by the localization system to assist in the global position

and orientation estimation of the robot, this is why it is so important to avoid any errors

in the measurements of the marker positions or even when fixing them in the environment,

any inconsistency will inevitably introduce inaccuracies to the system.
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3.2 Localization with SLAM and Fiducial Markers

As established earlier, the proposed indoor localization system is based on the integration

of a SLAM approach with the tracking of fiducial markers distributed around the envi-

ronment. The flow diagram given in Figure 3.2 presents an overview of the architecture

of the system.

Figure 3.2: Architecture of the indoor localization system.

During the navigation of the robot through the environment, its sensors keep collecting

data, and the SLAM method interprets the odometry information from the robot and the

LiDAR sensor to estimate the robot’s position using the previously created map as a

reference. In order to get a more accurate estimation, it is possible to use some strategy

that helps reduce the errors generated due to discrepancies in the sensor readings, such

as the AMCL particle filter described in Chapter 2.

Despite of the improvement in position estimations with the application of the particle

filter, discrepancies easily remain, especially in cases related to global localization or

kidnapped robot problems in dynamic or low-features environments and due to the lack of

precision in the robot’s odometry. The robot’s absence of knowledge of its initial position

accompanied by changes in the sensor readings due to the existence of moving obstacles
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makes it difficult for the AMCL to converge on a correct position, or even can make a

correct position diverge to an incorrect position. The same can occur in environments

without many landmarks, since the readings obtained by the sensors can be similar at

various points in the environment.

In order to prevent these problems and also to correct minor localization errors accu-

mulated during navigation, updates for correcting the position estimated by AMCL are

performed based on the tracking of fiducial markers. A camera positioned on the robot

and facing the ceiling collects images that are processed by machine vision techniques

that allow the detection of the markers, as well as determining the distance between the

marker and the camera. This information is used to determine the robot’s global position

and consequently update it in the AMCL, whenever this update is required.

There can be numerous strategies that can be used to define the timing of the position

update that can impact the accuracy of the system as well as its processing cost. In the

strategy chosen for this system, the update request is made whenever the robot reaches a

predefined waypoint that is part of the calculated path to be taken by the robot to reach

its destination, and there is a marker within the camera’s field of view. This periodic

process is used so that a constant process of position updates does not overload the

system. A request is also always sent at the beginning of the robot’s navigation process

so that an initial position can be obtained for the system, if there is no marker in the field

of view, the robot navigates using only the position estimate from the SLAM algorithm

and the particle filter until a marker becomes available. The operation of the localization

correction system for the mobile robot based on the fiducial markers is described by the

Algorithm 1.

With the correction update request made, the artificial vision system identifies the

ID i of the fiducial marker. Then, the next procedure gets the position and orientation

(xm, ym, zm, θm) of the marker i in relation to the camera (Pm). It is worth noting that

if there is more than one marker within the camera’s field of view, only the most closest

marker to the robot will be considered. Subsequently, the algorithm identifies the Pg, i.e.,

the global position and orientation (xg, yg, zg, θg) of the marker checking in the database.
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Algorithm 1 Marker-based Localization Algorithm
1: while Robot_navigation do
2: if Marker_detected then
3: i = Get_marker_ID(Marker);
4: Pm = Get_marker_pose_related_to_camera();
5: Pg = Get_global_marker_pose_database(i);
6: Pr = Calculate_robot_position(Pg, Pm);
7: Correct_error_from_pose_estimator(Pr);
8: else
9: Estimate_robot_position();
10: end if
11: end while

With the procedure that correlates the global position of the marker Pg, and the

position in relation to the camera obtained by the artificial vision system Pm, it is possible

to determine the global position and orientation of the camera in the environment. Once

the camera is fixed, through the existing offset between the camera and the robot, the

robot’s position (Pr) is determined.

The algorithm then updates the robot’s position Pr in the AMCL algorithm, thus

removing any intrinsic error accumulated by the estimator, since it will use this position

for the convergence of its particles and to estimate the next positions according to the

robot’s navigation.



Chapter 4

Simulation of the Localization

System

This chapter presents the process of implementation of the proposed indoor localization

system in a simulation environment integrated with the ROS framework. An overview of

the created simulation environment, the used ROS packages, and the developed commu-

nication structure between the different packages and algorithms for the operation of the

system will be presented. The configuration of a ROS network for splitting processing

between different devices will also be covered.

4.1 Simulation Environment Overview

In this section the simulation environment developed for testing the localization system

will be presented, reviewing the simulation software used, the main characteristics of the

simulation scenario as well as the distribution of the fiducial markers.

4.1.1 V-REP Simulator

The Virtual Robot Experimentation Platform (V-REP), which has become CoppeliaSim

Robot Simulator in versions later than 2019, is a scalable and versatile framework for

27
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simulating multi-robot applications available for free in its student version. V-REP has

its own integrated development system for distributed control architecture, which allows

control of its models and objects through embedded algorithms in systems such as remote

Application Programming Interface (API) clients, the BlueZero node or which the ROS

framework [50].

V-REP offers many different calculation modules that can be used to operate the be-

havior of your objects such as kinematics, dynamics, collision detection, path and motion

planning. In addition, the platform offers numerous objects to be used in scenarios such

as visual sensors, force sensors, proximity sensors, lighting elements, and several robotic

models [51]. The Figure 4.1 shows the V-REP in its version 3.3.2 PRO EDU, the same

version used during the development of this work. In the scene, it is also presented some

of the robotic models available in the simulator.

Figure 4.1: Example of a V-REP simulation scene showing the diversity of robotic models
available on the platform.

The control performed through scripts of the models present in the simulator can

be done using a wide range of programming languages such as Python, Java, C/C++,

Matlab or Octave and Lua making it very versatile for the development of applications
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by the user. Communication between the V-REP and ROS is made possible through an

implemented ROS node, which makes it possible to call commands present in the V-REP

through ROS services, and also to perform data transmission through publishers and

subscribers [51].

V-REP is available for Windows, Linux, and Mac OS and can be downloaded from

the simulator’s official website [52], where is also possible to found tutorials and docu-

mentation of the framework.

4.1.2 The Real Indoor Environment

The simulation scenario built in the V-REP simulator for the tests with the localization

system was based on the hallways of CeDRI located at the IPB, which are shown in

Figures 4.2, 4.3, 4.4 and 4.5.

Figure 4.2: CeDRI entrance. Figure 4.3: CeDRI main hallway.

The environment of the hallways, have dimensions of approximately 26x20 meters,

consisting of a main hallway with access to the entrance and exit doors and the robotics

laboratories, and a side hallway that gives access to the computer laboratories area. It is a

complex environment for the navigation and localization of a mobile robot, because it has

a large flux of people that end up interfering in the sensor readings, and there are regions

with very large extensions of hallways where there are few features that make it difficult

to distinguish them by the SLAM algorithm. However, there are also some distributed
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Figure 4.4: Computer laboratories hallway. Figure 4.5: Robotics laboratories and exit.

elements, which act as landmarks, such as the IPB Eco Buggy [53] a light electric vehicle,

which is shown in the Figure 4.5, and also cabinets used by the IPB students.

4.1.3 Simulated Environment

In the V-REP simulator, a scaled representation of the CeDRI hallways was built, which

is shown in Figure 4.6. In the scenario, the gray structures represent the walls of the

environment, the red blocks the cabinets of the students, the green block the electric

vehicle, and the blue object a mobile robot.

The wheeled mobile robot used for the localization tests in V-REP was equipped with

a LiDAR sensor and an RGB camera. The LiDAR sensor is responsible for taking the

necessary readings for the SLAM algorithm, along with the robot’s odometry information,

which can be obtained by a ROS topic of the simulator. The RGB camera was positioned

facing the ceiling of the environment in order to be possible to detect the positioned

fiducial markers. The Figure 4.7 shows the mobile robot as well as the attached sensors.
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Figure 4.6: CeDRI hallways simulation scenario.

Figure 4.7: Wheeled mobile robot and its on-board sensors.

The fiducial markers chosen to be used in the localization system were the AR tags

belonging to the ROS package ar_track_alvar, some examples of these markers were

shown in Figure 2.3. A total of 20 AR tags of dimensions 20x20 cm were distributed across

the ceiling of the simulation environment (which is 2.5 m in height). The distribution of

the markers with their respective IDs is portrayed in the Figure 4.8 which represents a

floor plan of the environment, was carried out in a way to allow the observation of the

markers in different routes between different points of the environment. Aspects of the
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real environment were considered when choosing the position of the markers, avoiding

areas close to pillars and doors that could interfere in the field of view of the camera, or

even near to lights, since the illumination can affect the detection of the markers.

Figure 4.8: Flor plan of the indoor environment.

As the robot is intended to navigate between the labs, markers were placed at the

entrances of the labs as a way to ensure that in most scenarios the robot will be able to

obtain its initial position based on the markers, and they were also placed at points that

act as waypoints on the routes. Another important aspect is that since the patch updates

are not performed constantly, there will not always be a marker within the camera’s field

of view, so the markers have been distributed so that they act as the waypoints on the

different routes that can be taken by the robot, and are considered in the system’s path

planning. The image processing to determine the distance of the marker is a procedure

that consumes a lot of computational resources, so it is preferable to use as few markers

as possible, and positioning the markers in a real environment is something that can be

laborious, and even introduce errors to the system if they are not correctly positioned.

The position of the ID 0 marker was assumed to be the origin point of the environment
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coordinate system, i.e. the point (0, 0) for the x and y axes, and the same point for

mapping the environment as well as for defining waypoints. The Table 4.1 presents the

coordinates of each of the markers distributed in the environment.

Marker ID X (m) Y (m) Marker ID X (m) Y (m)
0 0 0 10 16.5 0
1 3 0 11 18.3 0
2 6 1.5 12 19.5 -1.5
3 6 0 13 19.5 -2.5
4 6 -1.5 14 19.5 -6
5 8.5 0 15 19.5 -8.5
6 10.5 1.5 16 19.5 -11.5
7 10.5 0 17 19.5 -14.9
8 10.5 -1.5 18 21.3 0
9 13.5 0 19 23.8 0

Table 4.1: Coordinates of the fiducial markers in the environment

4.2 Making Use of the ROS Framework

The ROS framework allows the integration of numerous packages and libraries for a quick

prototyping of software in robotics applications, without being necessary to start from

scratch and recreate algorithms that have already been well developed by the community.

In addition, the standardization of communication between different robotic systems al-

lows the developed algorithms to be tested in the simulation environment and on a real

robot without substantial changes, which is also made possible by the excellent integration

between V-REP and ROS. In this section, the ROS packages used in the development of

the proposed indoor localization system will be briefly introduced.

4.2.1 SLAM Gmapping

SLAM gmapping is a widely used ROS package for the mapping process, being a laser

scan-based SLAM approach that makes use of Rao-Blackwellized Particle Filter (RBPF)

for the estimation of the robot pose [54]. The package has a node called slam_gmapping
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which compiles the odometry and laser sensor information to create a grid occupancy

map, which can be saved through the map_saver node of the map_server topic which

generates a .yaml and a .pgm file describing the generated map [55].

The gmapping algorithm works in such a way that a message filter evaluates whether

the system has collected a position reading from the robot’s odometry along with a reading

from the laser sensor, discarding any odometry data that does not come with a scan

from the laser sensor. Gmapping also uses a motion filter to determine whether or not

information from the LiDAR sensor will be processed; if the robot has not performed a

sufficient amount of linear or angular motion or has not reached a timestamp since the

last update, the data is discarded in order to save processing. The thresholds for amount

of motion and time can be changed by the user, according to his needs as well as the

computational power of the system. After the message and motion filtering process, RBPF

is applied to determine the new position of the robot based on its particle convergence

[56].

4.2.2 Navigation Stack

The ROS navigation stack consists of a cluster of numerous navigation-related algorithms

that can be used to develop applications with AMRs, with the main goal of enabling

a robot to travel along routes in an environment without colliding with any obstacles

[57]. Among the available algorithms, the two most pertinent to the idealization of the

proposed localization system will be discussed: AMCL and move_base.

The ROS implemented version of the Adaptive Monte Carlo Localization algorithm,

the AMCL package is set up as a probabilistic localization system for a robot moving

in 2D, localizing it relative to a known map. The algorithm works mainly using grid

occupancy maps and laser sensors, but also allows applications using sonar or vision

sensors. The package allows the customization of different parameters by the user for the

adaptation of the algorithm to the type of odometry of the robot and the laser sensor,

besides allowing the change of the number of particles used for the position estimation,
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the higher the number of particles the higher the accuracy as well as the computational

consumption [58].

The process of robot location estimation by AMCL initially consists of a set of possible

poses that can represent the robot’s position and orientation relative to the map. Each

of these poses has a probability associated with it, the higher the probability the greater

the chance that the robot is occupying that location. As the robot moves through the

environment, the readings taken by the LiDAR sensor are compared to the expected

readings in each of the poses that make up the set. If the readings are consistent the

probability assigned to that position increases, and if it is not consistent the probability

decreases. Over time poses with very low probabilities are eliminated, eventually causing

the pose to converge to the robot’s actual position. While the estimation is being done the

candidate poses to be proven follow the robot’s movement, based on the robot’s odometry

data [59].

The initial position of the robot can be published in an AMCL topic called ini-

tial_position, using it causes particle convergence to occur relative to the given position.

If the robot’s initial position is not known it is possible to use the global_localization ser-

vice that will distribute the particles throughout the environment in search of the robot’s

global position [59]. Although the algorithm works well for global localization of the

robot in a static environment, the same cannot be said for dynamic environments, since

the divergence in the readings taken by the laser sensor can cause convergence to take a

long time to occur, or even not to occur correctly.

The move_base package enables a robot to navigate through the environment by

implementing an action system, which actuates the robot to reach a desired destination

given its current position. The move_base node provides an interface for configuration,

interaction and execution with the other packages in the navigation stack. In the Figure

4.9 a high-level view of the node’s interaction with the other components of the navigation

stack is shown [60].

The goal poses can be published to themove_base node via themove_base_simple/goal
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Figure 4.9: Integration of the move_base node with the navigation stack modules [60].

topic that receives position and orientation information about the goal. The grid occu-

pancy map previously generated through gmapping or another algorithm can be uploaded

to move_base via the map_server node, which will be used by the system along with the

data coming from LiDAR to create global and local cost maps [60].

The localization of the robot is done through the AMCL algorithm. The global_planner

node is responsible for planning the optimal route between the robot’s current position

and the goal based on the global cost map, integrating algorithms such as A* and Dijkstra

to find the shortest route between the points. The local_planner, is responsible for local

route planning, i.e., small segments of the global route, based on the local cost map. Us-

ing the information provided by the robot odometry and LiDAR, the local_planner sends

speed commands to the robot controller to reach the goal. The speed commands needed

for obstacle avoidance are sent to the robot controller through recovery_behaviours [57].

4.2.3 Creating the Fiducial Markers

The ar_track_alvar package allows the creation of fiducial markers of different sizes,

resolutions, and encoding IDs. It is possible to identify and track the position of individual

markers by integrating an RGB camera, or by using kinetic depth information for better

estimations, being also possible to group markers for even more accurate position and
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orientation estimates [61].

The markers of the ar_track_alvar package are designed to be identified in different

lighting conditions and viewing angles, and are characterized by being formed by a 5x5

square of black and white pixels surrounded by a black border, which allows their detection

through image segmentation and edge recognition [33]. For the markers to be identified

correctly by the artificial vision strategy intrinsic in the package it is necessary to perform

the camera calibration, and indicate the size of the marker to be identified. The package

makes use of the detected corner points to extract a patch of cloud points that represent

the marker, so it is possible to compute the relative real-world distance between the

camera and the markers, as well as the orientation by aligning the centroid of the image

with the center of the marker [30], [62].

The calculated position and orientation information is published to a ROS topic called

ar_pose_marker, messages sent by this topic have a header that specifies the ID of each

marker identified, the time corresponding to the information, the reference frame, and a

message of type PoseStamped containing the position and orientation information relative

to the markers and the camera [29], [33].

4.3 Setting up a ROS Network

Something that has been talked about a lot throughout this chapter, even if indirectly, is

that most of the approaches, packages, and strategies used demand a lot of computational

resources. From the particle filtering process of AMCL, or the marker processing done by

ar_track_alvar, and the execution of the V-REP simulator, this can demand too much

of the CPU, something that affects the real-time data processing.

But since ROS is a framework designed to enable distributed computing, it is possible

to divide up the nodes between different devices that can communicate over a network.

Detailed information on setting up a ROS network can be found in the documentation on

this topic on the ROS Wiki page [63]. For communication between different devices to be

possible, it is necessary that one of them acts as a ROS Master, providing logging services
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for all existing nodes, and that all other devices are connected to the same Master, and

the devices must know the hostnames and the Internet Protocol (IP) addresses of the

other devices.

For the location system tests, two computers connected to a ROS Network established

by WiFi connection were used. The distribution of processing between the two computers

is illustrated in the Figure 4.10. One of the computers acts as the ROS Master, and it has

been assigned to run the V-REP simulator. In the simulator, the environment information

is collected by the sensors on board the mobile robot, the LiDAR and the RGB camera,

in addition to the robot’s odometry information. This information is published in topics

and is available to be received by the second device. The first computer still receives

the speed messages from move_base to act as the robot’s controller, thus performing the

navigation.

Figure 4.10: Distributed computation of the localization system processes between two
computers in a ROS network.

The second computer was destined for data processing tasks, thus being responsible

for the execution of gmapping during mapping processes, and in tests involving the local-

ization system, being in charge of processing the AMCL, move_base and ar_track_alvar

algorithms, being the last one responsible for sending its information to the algorithm



4.4. INTEGRATING THE LOCALIZATION SYSTEM WITH ROS 39

implemented for the localization correction based on fiducial markers, which is also exe-

cuted in the second computer. This device also receives requests from the user with the

robot’s destination, and runs a path planning algorithm to define some waypoints to be

sent to move_base.

4.4 Integrating the Localization System with ROS

Having already introduced the ROS network concepts, the simulation environment and

the ROS packages used in the implementation of the proposed system, it is necessary to

understand how all these aspects are connected to the system architecture, and how the

system actually works.

For the mapping process the gmapping package is used to create the grid occupancy

map. The /vrep node provides to the system via the /vrep/inf o topic the simulation time,

and also the LiDAR sensor information which is published through the /scan topic, which

send the information to the /slam_gmapping node responsible for interpreting it and cre-

ating the map, for that, the node also receive a transform from the /odom_to_map

node, which transforms the odometry data to assist in the creation of the map. The

/robot_state_publisher node makes available the state information of the robot, repre-

senting a kinematic model. The process described is shown in the Figure 4.11.

Figure 4.11: ROS topics and nodes during environment mapping using the gmapping
package.

Having aimed to perform comparison tests between the proposed localization system
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combining the AMCL particle filter and marker detection and the more traditional ap-

proach using only AMCL, the two versions were implemented and configured for testing

in the simulation environment. The graph representing the topics and nodes ROS of the

traditional approach is presented in Figure 4.12.

Figure 4.12: Graph representing the ROS topics and nodes of the mobile robot’s naviga-
tion, with only AMCL as the localization algorithm.

The /robot_cedri node is created by a python algorithm developed for collecting the

goals for the robot entered by the user. In this algorithm when a destination for the

robot is sent, it performs a path planning for the robot through a Dijkstra algorithm, so

that the robot passes through some waypoints that were defined in a database in order to

optimize the route possibilities for the robot, and that it can detect the fiducial markers

in the proposed approach that will be discussed soon. The route planning performed

by Dijkstra is based on the robot’s current position, which is obtained from the AMCL

position estimate received by the /amcl_pose topic.

The /vrep node provides the /vrep/info topic which is used to report the simulation

time to the /sim_time node helping to keep the tfs needed for the system happening in

real time. In addition /vrep provides the /odom and /scan topics which are integrated

with the /move_base topic for route planning and /amcl for position estimation.

The /map_server node loads the grid occupancy map to the /map topic for use by
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/move_base in route planning. The /initialpose topic allows you to send an initial global

position to /amcl for the convergence of particles to this point. The /robot_cedri node

also acts in the goal sending topics to /move_base receiving the control messages needed

to control the robot, which are sent as velocity messages by the /cmd_vel topic to the

/vrep node that will move the mobile robot in the simulation.

For the localization approach involving AMCL and the error corrections based on

the fiducial markers, there are some more topics and nodes added for the operation of

the system, with the complete system being presented in Figure 4.13. Now the /vrep

node also publishes to the /camera topic the data collected by the camera positioned on

the robot. The images are sent to the /ar_track_alvar node which uses the package’s

software infrastructure to determine the relative distance between the markers and the

camera.

Figure 4.13: Graph representing the ROS topics and nodes of the mobile robot’s naviga-
tion, with localization being performed by AMCL and fiducial markers.

The data processed by /ar_track_alvar is published to the /ar_pose_marker topic
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and is received by the /localization_with_tags node, this node is created by an imple-

mented algorithm corresponding to the Algorithm 1 that was presented in the Chapter

3, being responsible for the calculations that determine the robot’s global position based

on the fiducial markers, performing the correction updates in the AMCL through publi-

cations in the /initialpose topic. The /robot_cedri node sends position update requests

to the Algorithm 1 node through the /navigation_request topic.



Chapter 5

Experiments with the Real Robot

This chapter will present the implementation of the proposed localization system for the

tests in the real environment, introducing the mobile robot used and its main character-

istics, as well as the modules that were added to the mobile platform and their purposes.

The adaptations made to the hallways environment for the tests will be detailed, as well

as the software changes made to the localization system algorithms and their integration

with the framework, in order to adapt the system used in the simulated robot to the real

robot.

5.1 The Mobile Robot Platform

The mobile robot used for the implementation of the system in the real environment was

the Magni [64] mobile platform from Ubiquity Robots in its Silver model which is shown

in Figure 5.1. The Magni platform was developed as a way to facilitate the development of

robotic applications, having its control system based on ROS, the robot comes equipped

with a Raspberry Pi 4 with an image based on the Ubuntu 16.04 Operating System with

integration with ROS in its Kinetic distribution. Currently a new image based on the

Ubuntu 20.04 and Noetic distribution of ROS is under development by Ubiquity Robotics,

with no definite release date.

The robot is designed to move in various environments having a differential traction

43
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Figure 5.1: Magni robot silver model from Ubiquity Robotics.

system, and supporting a payload of up to 100 kg. The robot can reach a maximum speed

of 1 m/s limited by software, and its odometry is based on a Hall sensor with an accuracy

of 2 mm. It can be powered by 24 V batteries, providing 12 V and 5 V power supplies for

powering external hardware. The robot also comes equipped with a 5 point Sonar array

and a camera module for Raspberry, which can be used to aid in the navigation of the

robot [64].

As mentioned the Magni platform has integration with ROS, this allows that the

software structure developed for the simulation tests to be applied to the robot as well,

without any major changes being necessary, since the communication between the modules

remains the same. Also in the official GitHub repository of Ubiquity Robotics [65], it is

possible to find several packages that can be applied not only for the communication

system with the motor node, but also algorithms that allow to control the robot by

teleometry or even its navigation through a system based on the tracking of fiducial

markers.

5.2 External Hardware

To incorporate the proposed indoor localization system into the Magni robot, it was

necessary to add some extra external hardware components to its structure. Each of



5.2. EXTERNAL HARDWARE 45

these components, their specifications and functions will be discussed below. The Figures

5.3 and 5.2 shows the mobile robot with the added hardware modules.

Figure 5.2: View of the Magni robot
and on-board modules.

Figure 5.3: Hardware modules added to the mobile
robot.

5.2.1 Raspberry Pi 4 Model B

To perform the robot control and operation of the ROS framework, it is necessary to

have some computational component acting as a processor. For this, two Raspberry Pi 4

model B were used, characterized as low-cost single-board computers but with excellent

processing power and widely used in automation, Internet of Things (IoT), and robotics

applications. The Figure 5.4 shows an image of the microcomputer.

Figure 5.4: Raspberry Pi 4 Model B.

The microcomputer is available in 1, 2 or 4 GB RAM versions, having a Quad core

64-bit ARM-Cortex A72 processor with 1.5GHz clock. It has two micro-HDMI ports
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supporting displays up to 4K60p resolution, two USB2 ports, two USB3 ports, a microSD

slot, an Ethernet connection port, and integrated Bluetooth 5.0 and Wireless connection

technology [66].

Both Raspberry used have an Ubuntu 16.04 image with the Kinetic version of ROS,

to split the processing of the localization system over a ROS network. One of them is

connected to the main control board of the robotic platform as shown in the Figure 5.5,

while the other was positioned on top of the robot, as shown in the Figure 5.3, is powered

by one of the 5 V power outputs of the robot control board, being connected to pins P04

(VCC) and P06 (GND).

Figure 5.5: Raspberry connected to the magni robot control board and power supply
pinouts from the control board.

5.2.2 LiDAR UST-10LX

The range-based sensor chosen to be used in the robotic system, for the data collection

needed to perform the mapping process by gmapping and for the localization of the robot

by the SLAM approach based on the AMCL particle filter, was the LiDAR Smart-URG

mini model UST-10LX from Hokuyo Automatic, which is shown in Fig 5.6.

This model with ethernet-based communication interface has a higher cost 12 times

higher than the RPLiDAR presented in Chapter 2, but it is a more robust LiDAR with
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Figure 5.6: LiDAR UST-10LX from Hokuyo.

a higher range and resolution, which guarantees more accurate data reading and reduces

the errors generated in SLAM. Some of the main technical information is presented in

Table 5.1.

Specification UST-10LX Unit
Accuracy ±40 mm
Scan Angle 270º deg

Repeated accuracy σ < 30 mm
Detection range 0.06 to 10 m

Angular Resolution 0.25º deg
Supply voltage 12/24 VDC
Supply current 150 (450 during start up) mA

Table 5.1: Sensor LiDAR UST-10LX specification [67].

The LiDAR is connected to the Raspberry integrated magni robot control board via

the ethernet port, and is powered by one of the robot’s 12 V power supplies. Internal

communication between the LiDAR and the ROS framework is possible via the urg_node

package, whose documentation can be accessed on the ROS Wiki page [68].

5.2.3 Intel RealSense D435i

To perform the detection of the fiducial markers positioned on the ceiling of the environ-

ment, an Intel RealSense D435i depth camera was attached to the Magni platform, the
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Figure 5.7 shows a view of the camera. This camera is widely used in augmented robotics

and augmented and virtual reality applications, this is a depth camera with two depth

sensors, an infrared projector, an RGB sensor, and an USB port. Some other technical

specifications are shown in Table 5.2.

Figure 5.7: Intel RealSense Depth Camera D435i.

Specification RealSense D435i Specification RealSense D435i
RGB frame resolution 1920 x 1080 Depth resolution 1280 x 720

RGB frame rate 30 fps Depth frame rate 90 fps
RGB sensor resolution 2 MP Depth Accuracy <2% at 2 m
RGB sensor technology Rolling Shutter Depth range 0.3 to 3 m (ideal)

Table 5.2: Intel RealSense D435i specification [69].

Although the ar_track_alvar package allows the use of depth to better estimate the

position of the markers, given its higher computational power, it was chosen to use only

the RGB sensor of the camera. The communication and power supply of the camera is

done by USB and it is connected to the raspberry on the magni robot control board. The

integration of Ralsense D435i with the ROS framework is facilitated by the realsense-ros

package [70].

5.3 Adapting the Environment

Before the tests of the proposed localization system with the robot could be carried out, it

was necessary to fix the fiducial markers on the ceiling of the hallways environment. The

distribution of the markers followed the coordinates used in the simulation environment

and listed in the Table 4.1, and in Figures 5.8 and 5.9 some of the markers placed in the

environment are shown.
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Figure 5.8: Fiducial markers fixed on the
celing of the hallways in the robotics lab-
oratories area.

Figure 5.9: Fiducial markers fixed to the
celing of the main hallway near the en-
trance.

Fixing the markers proved to be an arduous and complex task, given the difficulty

in taking measurements from the ceiling, to make sure that each marker was as close as

possible to the desired position. But the biggest challenge is to ensure that the orientation

of the markers is correct, and it will be necessary to develop a method in the future to

certify with precision that the orientation of the marker is correct.

Besides fixing the markers to the ceiling, it was necessary to make some small adap-

tations in the environment. The doors in the hallways have parts made of glass, which

are penetrated by the light beams emitted by the LiDAR sensor. To prevent this from

occurring and adding too much noise to the SLAM system, paper strips were positioned

on the doors at the height of the laser sensor, as illustrated in the Figures 5.10 and 5.11.

5.4 Adapting the ROS Network

The ROS Network had to be subjected to some changes during the implementation of

the localization system in the real robot when compared to what was implemented in
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Figure 5.10: Paper band positioned on the
access door to the computer hallway.

Figure 5.11: Paper band positioned on the
access door of one of the laboratories.

simulation. Here the processing is no longer split between two computers, but between

two Raspberry Pi’s, the one connected directly to the robot control board, which will be

referred to as Raspberry 1, and the second one positioned on top of the robot as presented

previously in Figure 5.2, which will be referred to as Raspberry 2.

In simulation testing, there was concern about processing mainly due to the V-REP

simulator, which is not needed in the real tests. However, the Raspberry has a lower

processing capacity than the computers used previously, furthermore, the ar_track_alvar

and the navigation stack still demand a lot of computational power. Based on tests and

monitoring the CPU usage of the Raspberry, the distribution of processes over the ROS

network is as shown in the Figure 5.12.

The Raspberry 1 is responsible for all the sensing, collecting information from the

LiDAR sensor, the camera, and the odometry, communicating with the robot’s control

system, and processing the images through ar_track_alvar, to determine the robot’s po-

sition based on the fiducial markers, and updating the AMCL. While the Raspberry 2

is responsible for receiving the navigation requests by the user and performing the path
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Figure 5.12: Distributed computation of the localization system processes in the real
robot.

planning with the Dijkstra algorithm based on the desired destination and the current po-

sition of the robot. Besides performing all the necessary computing for the corresponding

nodes of the move_base, AMCL and gmapping packages.

During the simulation tests the two computers were connected to the same Wi-Fi

network which was the channel for the ROS network. However, in the real environment,

the robot is navigating through the hallways and the connection to the Wi-Fi network

is not always stable, being interrupted frequently. As it is important to keep the ROS

network working so that the message exchange between the two Raspberry is not inter-

rupted at any time, harming the localization system, the ROS network was configured

through a direct Ethernet connection between the two Raspberry ensuring the perma-

nence of the message exchange and even decreasing delays that were happening in the

approach involving Wi-Fi.

For the initialization of the ROS and the tracking system, as well as for sending the

destinations for the robot’s navigation, an SSH connection between a computer and the

Raspberry is established over Wi-Fi. Since these are one-time execution tasks, instability

of the Wi-Fi network does not impact the operation of the system.
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Results and Discussion

This chapter will present the results obtained from the tests performed in the simulation

environment and with the real robot. The main points observed regarding the performance

of the different localization systems, both the traditional approach using only the AMCL

particle filter and the proposed approach that integrates the fiducial markers with the

particle filter, will be discussed, in order to analyze their effectiveness when applied as

part of an autonomous navigation system.

6.1 Simulation Results

This section will discuss the results obtained for the tests performed in the simulation envi-

ronment created in V-REP. The two localization systems were tested in different scenarios

related to traditional mobile robot localization problems and in different trajectories, in

order to compare their performance in each of these scenarios.

6.1.1 Generated Map of the Simulated Environment

First the mapping process of the simulated environment of the CeDRI hallways was

performed. With the help of an implemented python algorithm, speed messages were

sent to the /cmd_vel topic of the mobile robot, which is responsible for controlling its

52
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locomotion system. Thus, the robot was teleoperated through the entire extension of

the environment in order to collect the necessary information for the creation of the map

through the readings of the LiDAR sensor.

The LiDAR data, as well as the odometry information, were interpreted by the gmap-

ping package node, which performed the SLAM process, simultaneously localizing the

robot while generating the environment map, according to the robot’s movement. Figure

6.1 shows the obtained grid occupancy map.

Figure 6.1: Generated map of the hallways in the simulation environment.

The map generated by gmapping proved to be quite accurate in relation to the simu-

lation environment, presenting only a few small discrepancies in the portrayal of the walls

of the environment, and a rotation error in the representation of the map in relation to

the environment. This accuracy is an important factor so that the map could be adopted

as a reference to perform the localization of the robot through the AMCL algorithm.

6.1.2 Proposed Testing Scenarios

To conduct the tests, four different scenarios were defined to be covered, so that the two

different localization systems could be tested on different localization problems. Which
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one of the scenarios are detailed below:

• Position tracking using only the AMCL algorithm (Scenario 1): in this first

scenario the problem involving position tracking, which was introduced in Chapter

2, is handled. In it the robot’s initial position is known to the robot, in this way

the AMCL algorithm will start its particle filtering process trying to converge its

particles to the position initially occupied by the robot, and will localize the robot

based on the odometry information received during the robot’s navigation, and the

readings taken by the LiDAR sensor;

• Position tracking using the AMCL algorithm and the fiducial markers

(Scenario 2): as in the first scenario, the robot knows its initial position and per-

forms its localization through the SLAM approach involving the AMCL algorithm,

but in this case the proposed localization system is applied, so updates based on

the detection of the fiducial markers are performed, aiming to remove the intrinsic

errors accumulated by the AMCL position estimation;

• Global localization problem, performing localization only with the AMCL

algorithm (Scenario 3): in this case the global localization problem, which was

also discussed in Chapter 2, is tested. Since the robot doesn’t know its initial

position, the AMCL algorithm will start its global localization service, spreading

its particles all over the environment in an attempt to determine the robot’s true

position, based on the matching between the LiDAR sensor readings and the existing

landmarks on the map;

• Global localization problem, using the AMCL algorithm and the fiducial

markers for localization (Scenario 4): in the last scenario, the robot will also

not know its initial position, however, the fiducial markers are expected to act

as global reference points, aiding in the convergence of AMCL particle filter to

the robot’s current position, as well as eliminating the position estimation errors

performed by AMCL once the position is known.
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Each of the four scenarios were tested on three different routes defined to be navigated

by the robot in the environment, which are shown in Figure 6.2.

Figure 6.2: Routes used for the robot navigation during the localization tests.

6.1.3 Testing the Position Tracking Problem Scenarios

As mentioned, the first two scenarios are related to the position tracking problem, since

the robot has knowledge of its initial position. Using the V-REP simulator the two

scenarios were tested for each of the desired trajectories.

Figures 6.3 and 6.4 show the navigation performed by the robot for the first trajectory

in scenarios 1 and 2 respectively. In the figures, the green arrows represent the position

and orientation of the robot at different time instants, obtained through the simulator’s

ground truth, corresponding to the actual position of the robot in the environment. While

the red arrows correspond to the robot’s position and orientation estimation performed

by the AMCL algorithm. The black dots in Figure 6.4 correspond to the position updates

performed by detecting the fiducial markers. The graphs represent the trajectories and
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estimates starting at the first estimation update performed by the AMCL algorithm, dis-

regarding the initial instant when the error is equivalent to zero, since the initial position

is informed to the system.

Figure 6.3: Navigation performed by the robot for trajectory 1 of scenario 1.

Figure 6.4: Navigation performed by the robot for trajectory 1 of scenario 2.

It can be seen in Figure 6.3 that although the AMCL algorithm maintains its es-

timates relatively close to the real position occupied by the robot, there is an existing

divergence, even in the initial convergence of the algorithm after the beginning of the

robot’s movement, which increases at times when the robot motion control exerted by
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move_base performs angular movements, thus accumulating errors along the path. With

the proposed localization system, seen in Figure 6.4, which integrates periodic position

updates, a discrepancy still occurs; however, the updates allow the errors to be kept

at lower values. The difference between the estimated position and the real position is

reduced as soon as a new update is performed.

The tests for both scenarios were also performed for the second defined route, and

the results are shown in Figures 6.5 and 6.6. Again AMCL was able to perform a good

localization of the robot, however it is noted that the results obtained by the system with

the fiducial markers were more accurate. There is only a higher discrepancy in the curve

performed by the robot near the waypoint coordinates (19.75, 0), which may be related

to the existing angle between the robot and the marker at the moment of the update,

since different orientations between the camera and the marker can reduce the accuracy

of the distance estimation between them [27].

Figure 6.5: Navigation performed by the robot for trajectory 2 of scenario 1.

Figures 6.7 and 6.8 show the navigation of the mobile robot, performed for the third

trajectory. In this path it is possible to observe that there was a higher discrepancy in

the localization for the first localization system, and remaining a higher accuracy for the

system with the markers.
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Figure 6.6: Navigation performed by the robot for trajectory 2 of scenario 2.

Table 6.1 shows the errors obtained by each of the algorithms on the different tra-

jectories, Where the Gain is represented by the achieved percentage improvement over

the average error between the position estimates obtained by the proposed localization

system compared to the traditional approach, as represented by Equation 6.1.

Gain = EaAMCL − EaMarkers

EaAMCL

∗ 100 (6.1)

Figure 6.7: Navigation performed by the robot for trajectory 3 of scenario 1.
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Figure 6.8: Navigation performed by the robot for trajectory 3 of scenario 2.

Minimun Error Maximun Error Average Error (Ea) Gain

AMCL AMCL
Markers AMCL AMCL

Markers AMCL AMCL
Markers

Trajectory 1 0.13m 0.00m 0.64m 0.05m 0.56m 0.01m 98.21%
Trajectory 2 0.09m 0.00m 0.34m 1.15m 0.21m 0.11m 47.62%
Trajectory 3 0.16m 0.01m 0.75m 0.09m 0.63m 0.02m 96.82%

Table 6.1: Errors of the localization systems for the tests of the position tracking problem.

It can be seen that in all the tests performed, the proposed localization system per-

formed better when compared to the same test with the system using only the AMCL

algorithm. The worst performance of the marker system was on the second trajectory,

where there was a discrepancy in one of the updates, as previously discussed.

There are a few factors that may have contributed to the localization performed by

the SLAM approach based on AMCL, obtaining such excellent results. The first factor is

that the simulation used considered only a static environment, with no moving objects or

obstacles moving through the environment, something that could affect the matching be-

tween the LiDAR sensor readings and the characteristics represented in the map, making

it more difficult for AMCL to converge its particles and consequently to correctly estimate

the robot’s position throughout the trajectory.

Another factor concerns the information collected from odometry and even from the
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LiDAR sensor. In the simulation environment none of the sensors present errors in their

readings, since all information is mathematically generated by the simulator. With real

sensors the same does not happen, since the sensors present a rate of uncertainty and

inaccuracy, and external external factors of the environment itself can impact the reading

of these sensors.

6.1.4 Testing the Global Localization Problem Scenarios

For the tests involving the global localization problem, the initial position of the robot was

not informed to the AMCL algorithm, which should estimate the position occupied by

the robot based only on its particle filtering system for the third scenario. For the fourth

scenario, besides particle filtering, the robot could obtain its position by detecting one of

the fiducial markers scattered around the environment. Figures 6.9 and 6.10 shows the

localization obtained by the two systems during the robot navigation on the first defined

trajectory.

Figure 6.9: Navigation performed by the robot for trajectory 1 of scenario 3.

For the test with the localization system based on the AMCL algorithm, shown in

Figure 6.9, it is possible to observe that initially the particles did not converge correctly

to the robot’s position, which caused the route planning to be impaired, sending the robot
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Figure 6.10: Navigation performed by the robot for trajectory 1 of scenario 4.

to another waypoint existing in the environment. Despite the route change, for the error

calculations that will be presented in this section, only the existing discrepancies between

the real and the estimated position were considered. For the test shown in Figure 6.10,

since the robot obtained its initial position based on the fiducial markers, the robot’s

location remained accurate throughout the robot’s navigation.

Figures 6.11 and 6.12 show the navigation performed by the robot for the second

proposed trajectory.

Figure 6.11: Navigation performed by the robot for trajectory 2 of scenario 3.
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Figure 6.12: Navigation performed by the robot for trajectory 2 of scenario 4.

Similar to the previous test, the AMCL algorithm was slow to converge its particles to

a location close to the robot’s actual position. For the system with the fiducial markers,

once again, because they offer a reference point for obtaining the initial position, the

localization remained consistent, but there was an update error similar to the one that

occurred in the test with the position tracking problem.

The results obtained during navigation on the third trajectory set for both systems

are shown in Figures 6.13 and 6.14.

Figure 6.13: Navigation performed by the robot for trajectory 3 of scenario 3.
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Figure 6.14: Navigation performed by the robot for trajectory 3 of scenario 4.

As expected, the results obtained by the proposed approach outperform the localiza-

tion obtained by AMCL, which despite achieving an approximate position estimation for

the robot, the discrepancies and accumulated errors are still significant.

The Table 6.2 shows the errors obtained by the systems in the tests performed in

addition to the accuracy gain obtained by the system through the proposed approach.

Given the distribution of the markers performed by the environment, it is possible to

guarantee a more accurate and efficient position estimation for the robot compared to the

particle filter global localization service.

Minimun Error Maximun Error Average Error (Ea) Gain

AMCL AMCL
Markers AMCL AMCL

Markers AMCL AMCL
Markers

Trajectory 1 0.24m 0.01m 6.65m 0.06m 0.51m 0.01m 98.04%
Trajectory 2 0.12m 0.00m 21.04m 1.17m 5.15m 0.11m 97.86%
Trajectory 3 0.53m 0.00m 13.05m 0.08m 0.67m 0.02m 97.01%

Table 6.2: Errors of the localization systems for the tests of the global localization problem.
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6.1.5 Considerations About the Localization System in Simula-

tion

Based on the results obtained from the tests performed in the simulation environment, the

proposed localization system integrating the AMCL particle filter and the error correction

updates based on the detection of the fiducial markers proved to be more effective than

the method using only the particle filter, for the position tracking and global localization

problems.

Using the fiducial markers as landmarks allows the robot localization system to achieve

more accurate position estimation, and effectively helps eliminate intrinsic errors that can

be accumulated by the SLAM approach with particle filtering. The processing of the

fiducial markers by the ar_track_alvar package proved to be efficient for determining the

relative distance between the markers and the camera, taking into account that the tests

were performed disregarding lighting issues, which can end up impairing the effectiveness

of the algorithm in the real environment.

Because the environment used in simulation is not subject to changes with dynamic

obstacles, the AMCL algorithm achieved a good performance in estimating the position

of the mobile robot, something that might not have occurred in a non-static environment,

such as the real environment.

The V-REP simulator proved to be efficient for performing the tests and communicat-

ing with the ROS framework, however, it requires a large amount of processing power in

order to use the necessary modules. Even through the processing division with the ROS

network, where one of the computers (Intel Core i7-6500U CPU 2.6 GHz, 8 GB RAM) was

exclusively dedicated to the software execution, there were numerous tests and processes

that were interrupted due to the CPU overload.
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6.2 Results with the Real Robot

This section will discuss the results obtained through the tests with the navigation of

the Magni mobile platform through the hallways of CeDRI, as well as describe the main

difficulties for the operation of the system in the real environment.

6.2.1 Generated Map of the Real Environment

Similar to the procedure performed in the simulation environment, for the creation of the

grid occupancy map, the mobile robot was teleoperated through the corridors so that the

/slam_gmapping node could perform the mapping procedure based on the information

collected by the robot odometry and the LiDAR sensor. The Figure 6.15 shows the map

generated by the SLAM process.

Figure 6.15: Generated map of the hallways in the real environment

Given the high accuracy of the Magni robot’s odometry sensor, as well as the LiDAR

UST-10LX the map created presents an excellent fidelity of the real environment, and

closely resembles the map created in the simulation environment, shown in Figure 6.1.
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6.2.2 Tracking Position Tests

Just as performed in simulation, to prove the effectiveness of the localization system

integrating the fiducial markers and the particle filter, the four different scenarios and

their three distinct trajectories were tested with the real robot.

Unlike in the simulation environment that it is possible to obtain a ground truth

that accurately indicates the actual position occupied by the robot, the same cannot be

achieved in the real environment. Therefore, since the markers have proven to be a robust

way to determine the position of the robot, we will compare the errors obtained between

the position estimated by the AMCL algorithm and the positions estimated based on the

markers at the same time instants. In order to analyze the effect of marker-based updates

in reducing the potential intrinsic cumulative position estimation errors.

Figures 6.16 and 6.17 show the results obtained for scenarios 1 and 2 in their first de-

sired trajectory. The arrows represent the position and orientation of the robot estimated

by the AMCL algorithm along the trajectory for the tests, the black dots represent the

estimated position of the robot based on the markers and the purple “X” the position

estimated by AMCL at this same instant of time. For the approach with the updates

with the markers the accumulated error at the end of the path is smaller, than with only

the particle filter being responsible for the localization process.

Figure 6.16: Position estimates for scenario 1 in its trajectory 1.
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Figure 6.17: Position estimates for scenario 2 in its trajectory 1.

The position estimates for the second trajectory in both position tracking scenarios

are shown in Figures 6.18 and 6.19.

Figure 6.18: Position estimates for scenario 1 in its trajectory 2.

It is possible to notice that for the update algorithm based on the markers, there

was also a discrepancy regarding the estimation based on the markers ID 12 and 13,

as occurred in simulation. These markers, which were distributed in their respective

positions to help the robot maintain its position estimate due to the existence of a narrow

door that hinders the robot’s passage, will have to be repositioned in the future, since the
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Figure 6.19: Position estimates for scenario 2 in its trajectory 2.

robot’s entry angle defined by the move_base navigation system for this trajectory does

not allow an accurate update of its position.

Figures 6.20 and 6.21, show the position estimation relationship of the two systems

for the third trajectory, and it is noticeable the emergence of intrinsic errors accumulated

along the path, which were smoothed out for scenario 2 due to the updates with the

markers.

Figure 6.20: Position estimates for scenario 1 in its trajectory 3.

Table 6.3 disposes the errors present in the position estimation performed by AMCL
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Figure 6.21: Position estimates for scenario 2 in its trajectory 3.

at the times when the marker-based position updates are performed in the case of the

proposed system, and upon arrival at the waypoints in the case of the particle filter-only

based system. There is improved accuracy for the proposed system, since the updates

assist in eliminating intrinsic errors accumulated along the trajectory.

Minimun Error Maximun Error Average Error (Ea) Gain

AMCL AMCL
Markers AMCL AMCL

Markers AMCL AMCL
Markers

Trajectory 1 0.03m 0.00m 0.79m 0.24m 0.35m 0.08m 77.14%
Trajectory 2 0.05m 0.01m 1.60m 1.18m 0.61m 0.20m 67.21%
Trajectory 3 0.16m 0.01m 0.24m 0.26m 0.20m 0.13m 35%

Table 6.3: Position estimation errors relative to the markers in the position tracking tests.

6.2.3 Global Localization Tests

Finally, the tests involving the global localization problems were performed. Figures 6.22

and 6.23 show the position estimation carried out by AMCL for scenarios 3 and 4 in

its first trajectory. For this trajectory, the system with the particle filter had difficulties

to estimate the position occupied by the robot in the environment, without the initial

position information to assist in the convergence of its particles, which ended up harming
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the navigation of the robot that did not reach the desired final position. In the system

with the markers, the robot was able to perform the navigation with an excellent accuracy

ensuring the robot’s arrival near the final destination.

Figure 6.22: Position estimates for scenario 3 in its trajectory 1.

Figure 6.23: Position estimates for scenario 4 in its trajectory 1.

The position estimates for the second trajectory for the particle filter-based localization

system are shown in Figure 6.24.

In it the robot was able to reach the end point, and the AMCL algorithm was able to

estimate the robot’s position accurately, however, the convergence of the particles took
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Figure 6.24: Position estimates for scenario 3 in its trajectory 2.

a while to occur, indicating the robot’s real position after it had traveled more than 5

meters of its trajectory, which corresponded to a stretch of the corridor without many

features, which made the convergence of particles difficult. The error that will be presented

later ends up disregarding this stretch in which the algorithm had not yet performed its

convergence, since the system also failed to perform the position collection based on one

of the markers so that a comparison could be made. Thus the true value of the error

should be much higher than what can be calculated. For the test with the fiducial marker

updates, which is shown in Figure 6.25, the system was able to determine the location of

the robot during the entire trajectory.

Figure 6.26 and 6.27 show the results obtained for the third trajectory defined. The

system based on the particle filter had a discrepancy in its particle convergence, causing

the robot to finish its navigation before the final destination. The system based on the

markers in turn allowed the robot to reach its final destination, besides reducing the

intrinsic error accumulation throughout the navigation, thus ensuring better and closer

to the desired results.
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Figure 6.25: Position estimates for scenario 4 in its trajectory 2.

Figure 6.27: Position estimates for scenario 4 in its trajectory 3.

Table 6.4 shows the errors obtained from the estimation comparisons against the mark-

ers. Due to the way of implementing the system to store the positions based on the

markers, and the discrepancies in the robot navigation only with the particle filter, once

the convergence of the particles demands time and some movement of the robot to occur.

The error presented by the traditional approach is smaller than that observed, since

it was not possible to obtain references for the calculations at times when the divergence

was much larger. However, despite these factors, it is still evident the effectiveness of the



6.2. RESULTS WITH THE REAL ROBOT 73

Figure 6.26: Position estimates for scenario 3 in its trajectory 3.

Minimun Error Maximun Error Average Error (Ea) Gain

AMCL AMCL
Markers AMCL AMCL

Markers AMCL AMCL
Markers

Trajectory 1 1.18m 0.01m 8.23m 0.24m 4.71m 0.08m 98.30%
Trajectory 2 0.09m 0.01m 1.62m 1.17m 0.66m 0.20m 69.70%
Trajectory 3 1.75m 0.01m 1.87m 0.23m 1.81m 0.14m 92.26%

Table 6.4: Position estimation errors relative to the markers in the global localization
tests.

proposed system with the integration of fiducial markers, not only in comparison to the

errors displayed, but also in observation of the navigation performed by the robot during

the tests.

6.2.4 Consideration About the Localization System with the

Real Robot

Based on the results obtained and the observations made during the tests with the real

robot, it was possible to validate that the localization system based on the integration of

the fiducial markers with the AMCL particle filter is effective to perform the localization

of the mobile in the real environment, allowing to guarantee the autonomous navigation

of the mobile robot, without the need to indicate or store the initial position of the robot,
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since it can be obtained by the detection of the markers.

However, some improvements are still needed to the system. Some markers need to be

repositioned in the environment, so that they do not introduce errors into the algorithm,

and even create functions that prevent updates from being performed if the angle between

the marker and the camera is in a range that does not allow an accurate calculation of

distance. Also during the tests, there were difficulties in detecting some of the markers

due to lighting variations in the environment, which requires that new calibrations with

the camera need to be performed to prevent errors from occurring.

There were also difficulties in sending commands to the robot through the SSH access

strategy due to the loss of connection with the Wi-Fi network in some points of the

environment, which sometimes made it difficult to perform some tests, and required the

search for alternatives to perform some procedures, such as mapping, where the commands

for the robot teleoperation needed to be sent through a bluetooth keyboard connected to

one of the raspberry.

The magni mobile platform proved to be very versatile during testing, and its inte-

gration with the ROS framework facilitated the adaptation of the system implemented

in simulation to be used on it. In addition, the odometry data collection proved to be

accurate, avoiding the introduction of significant errors in the system.

The localization system based solely on the SLAM approach with the AMCL algo-

rithm, proved effective for localizing the robot for the position tracking problems, however,

for the global localization problems the convergence of the algorithm particles for the tests

performed were very time consuming, and did not obtain positions as accurate as the pro-

posed approach. It is also necessary to consider that the tests were performed in moments

when the corridors were empty, without the presence of people, which could interfere even

more in the efficiency of the system, since they would introduce more noise to the readings

performed by the LiDAR.
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Conclusions and Future Works

7.1 Developed Works

Having addressed problems related to the localization of mobile robots in indoor envi-

ronments, during the course of this work, a localization system was developed through

the integration of a SLAM approach based on the AMCL particle filter, and the position

tracking of fiducial markers distributed throughout the indoor environment. A representa-

tion of the CeDRI hallways was built in a simulation environment in order to perform the

preliminary tests of the proposed system’s operation, as well as to evaluate the traditional

system that uses only the particle filter.

The localization system consider the use of the ROS framework for establishing com-

munication with the mobile robot and the sensors used for estimating the robot’s position

in the environment, namely a LiDAR sensor, odemetric sensor and an RGB camera. The

system was also integrated through the developed codes, with other ROS algorithms and

integration packages used for localization and navigation of the mobile robot, namely,

gmapping, ar_track_alvar and navigation stack, which included the implemented ROS

version of the AMCL algorithm.

The integration of the AMCL particle filter with position tracking based on fiducial

markers showed great results in the tests performed in simulation, comprising a solution

75
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to global localization problems and further improving the position estimation efficiency

of the AMCL algorithm.

Making use of a mobile robotic platform with ROS integration, the developed local-

ization system as well as the traditional approach with particle filtering was subjected

to testing in the real environment. The proposed localization system proved to be more

efficient than the other approach, especially in tests related to the global localization

problem. The system with the AMCL algorithm also proved to be a viable solution if

only the position tracking problem in a static environment is considered.

7.2 Future Works

Based on the results obtained in the development of the work, on the possibility of im-

provements and on the different tests that may still be specific, the following topics de-

scribe the work to be carried out in the future:

• Make improvements to the position update system based on fiducial markers inte-

gration of the EKF into the localization system;

• Optimization of the gmapping and navigation stack packages paramaters to improve

the localization and navigation system and reduce computacional comsuption;

• Performing tests in the simulation and in the real environment with dynamic ob-

stacles.
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