TECNICO
LISBOA

UNIVERSIDADE DE LISBOA
INSTITUTO SUPERIOR TECNICO

Design and Experimental Validation of a
PCA-based 2D Localization System for Mobile Robots
in Unstructured Environments

Fernando Paulo Neves da Fonseca Cardoso Carreira

Supervisor: Doctor Carlos Baptista Cardeira
Co-Supervisor: Doctor Jodao Manuel Ferreira Calado

Thesis approved in public session to obtain the PhD Degree in
Mechanical Engineering

Jury final classification: Pass with distinction

2018






TECNICO
LISBOA

UNIVERSIDADE DE LISBOA
INSTITUTO SUPERIOR TECNICO

Design and Experimental Validation of a
PCA-based 2D Localization System for Mobile Robots
in Unstructured Environments

Fernando Paulo Neves da Fonseca Cardoso Carreira

Supervisor: Doctor Carlos Baptista Cardeira
Co-Supervisor: Doctor Jodo Manuel Ferreira Calado

Thesis approved in public session to obtain the PhD Degree in
Mechanical Engineering

Jury final classification: Pass with distinction

Jury
Chairperson: Doctor Jodo Miguel da Costa Sousa

Instituto Superior Técnico, Universidade de Lisboa

Members of the Committee:
Doctor Antonio Paulo Gomes Mendes Moreira
Faculdade de Engenharia da Universidade do Porto
Doctor Paulo Jorge Coelho Ramalho Oliveira
Instituto Superior Técnico da Universidade de Lisboa
Doctor Vitor Manuel Ferreira dos Santos
Universidade de Aveiro
Doctor Carlos Baptista Cardeira
Instituto Superior Técnico da Universidade de Lisboa
(Orientador Cientifico)

2018






Abstract

This work proposes and experimentally validates an indoor mobile robot localization
system, to operate in unstructured indoor environments, using only on-board sensors. The
proposed approach is a self-localization system architecture composed by three modules: i)
an attitude estimation filter, based on compass and odometry data; ii) a 2D non-linear
positioning system based on ceiling vision; iii) a 2D position estimator to merge the

absolute non-linear positioning system and odometry, through a linear filter.

The positioning system resorts to Principal Component Analysis (PCA) of grayscale or
depth images, acquired by a camera looking upwards to the ceiling, where no beacons or
special features are present. The use of the PCA has the advantage of avoiding the need of
extraction features and obtain the global position with low complexity algorithms. During
operation, the principal components of the acquired images are compared with previously

registered images present in a reduced dimension on-board image database.

A Linear Parameter Varying (LPV) model for differential drive mobile robot position
kinematics is derived without the need of local linearization. This LPV allows the use of a
globally stable estimator, avoiding the drawbacks associated to Extended Kalman Filters
(EKF). The 2D linear position and velocity sub-optimal estimations are provided by a
Kalman Filter (KF), for the LPV model, thus guaranteeing stability. The optimal estimates

of mobile robot attitude are also provided by a KF.

To improve the PCA-based positioning system for varying illumination conditions, the
algorithm was extended to the use of depth images, captured by a structured light 3D
scanner. This extension allows the system to deal with missing data present in the depth

images. The algorithm shows to be robust even if parts of data are missing.



To validate the proposed algorithms, a set of tests was carried out in a real environment,
using a mobile robot with differential drive kinematics, where: i) the global stability is
illustrated based on multiple re-localization experiments; ii) the PCA-based positioning
system is validated; iii) the angular and linear slippages estimation are shown to be
effective under real operation; iv) the images reconstruction are shown and the localization

robustness is validated even if parts of data are missing.

The self-localization system is integrated in a navigation system to perform autonomous
motion toward to goals positions. The motion control is ensured by a Dipolar Navigation

Function (DNF) applied along a roadmap, based on a Generalized Voronoi Diagram (GVD).

With the purpose of extending the attitude estimator, to implement the sensor fusion
with more motion sensors, a new class of estimators was developed based on
Complementary Filter (CF) design. The proposed method addresses the design to combine
the measurements provided from several sensors according to the frequency bands of each
one. The approach was applied to tackle a generic three sensors fusion problem, allowing
the design of mobile robot attitude estimators to merge the data from a rate gyroscope, a

digital compass, and odometry.

Keywords: Mobile robots, self-localization, principal component analysis, Kalman filters,

complementary filters.
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Resumo

Este trabalho propoe e valida experimentalmente um sistema de localizagao de robos
moéveis que navegam em ambientes interiores nao estruturados, utilizando apenas sensores
de bordo. A abordagem consiste num sistema de auto-localizagao composto por trés
modulos: 1) um filtro para estimagao de atitude, utilizando os dados de uma bussola digital
e da odometria, ii) um sensor de posicionamento nao-linear 2D baseado na visao do teto;
iii) um estimador de posicao 2D para fundir o sistema de posicionamento absoluto

nao-linear com a odometria, através de um filtro linear.

O sistema de posicionamento recorre a analise de componentes principais (PCA) de
imagens em escala de cinzentos ou de profundidade, adquiridas por uma camara a apontar
para o teto, sem balizas ou carateristicas locais especiais. A utilizacao da PCA tem a
vantagem de evitar a necessidade de extracao de carateristicas locais e obter a posicao
global com algoritmos de baixa complexidade. Durante o funcionamento, os componentes
principais das imagens adquiridas sao comparados com os das previamente registadas

numa base de dados de imagens de dimensao reduzida.

Neste sistema é utilizado um modelo linear de parametro variavel (LPV) para a
cinematica da posi¢ao do robo moével de tracao diferencial, sem linearizacao local. Este LPV
permite o uso de um estimador globalmente estavel, evitando os inconvenientes associados
aos filtros de Kalman estendidos (EKF). As estimativas subdtimas da posicao linear 2D e da
velocidade sao fornecidas por um filtro de Kalman (KF) para o modelo LPV. As estimativas

6timas de atitude e deslizamento angular também sao fornecidas por um KE.

Para melhorar o sistema de posicionamento baseado em PCA em diferentes condi¢oes de
iluminacao é estendido o algoritmo para utilizar imagens de profundidade capturadas por

um sensor 3D baseado em luz estruturada. O método apresenta robustez com imagens de
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profundidade corrompidas.

Para se validar os algoritmos propostos sao realizados testes num ambiente real,
utilizando um robd moével com cinematica diferencial, onde: i) a estabilidade global é
apresentada com base em maultiplas experiéncias de relocaliza¢ao; ii) o sistema de
posicionamento baseado em PCA ¢ validado; iii) a estimativa de deslizamentos angulares e
lineares mostra-se eficaz sob operagao real; iv) a reconstrugao de imagens é apresentada e a

robustez de localizacao é validada, considerando a adi¢ao de dados corrompidos aleatoérios.

O sistema de auto-localizacao é integrado num sistema de navegacao para desenvolver
missoes. O controlo de movimento é assegurado por uma funcao de navegacao dipolar

(DNF) aplicada ao longo de um diagrama de Voronoi generalizado (GVD).

Com a finalidade de estender o estimador de atitude para implementar a fusao de mais
sensores de movimento é desenvolvida uma nova classe de estimadores com base em filtros
complementares (CF) e aborda-se a forma de combinar as medidas fornecidas por diversos
sensores, de acordo com as faixas de frequéncia utilizadas por cada um deles. A abordagem
é aplicada para um problema genérico de fusao de trés sensores e sao projetados varios
estimadores de atitude de robos méveis, fundindo os dados de um giroscépio, uma bussola

digital e a odometria.

Palavras-chave: Rob0s moveis, auto-localizacao, analise de componentes principais, filtros

de Kalman, filtros complementares.
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Introduction

The development of robotics, instrumentation and control in the last decades has led many
universities and robotic companies to develop robots for the execution of a variety of tasks.
Nowadays, the application of robots is widespread and it is possible to find them in many
areas, such as: logistics (Kelly et al., 2007), industry (Bogh et al., 2014; Sprunk et al., 2016),
demining (Habib, 2008; Colon et al., 2007), offices (Nourbakhsh et al., 1995; Simmons and
Koenig, 1995), hospitals (Carreira et al., 2006; Ilias et al., 2014; Gongalves and Arsenio,
2015), museums (Burgard et al., 1999; Samejima et al., 2015), zoo parks (Evers et al., 2014),
among others. When compared with manual vehicles, mobile robots help improving the
quality and efficiency of services, allowing people to spend more time with critical tasks.

Moreover, unlike humans, mobile robots provide 24/7 services.

Many robots execute tasks, like following a person or vacuuming a room with a random
path, which can be done using an approach known as reactive navigation. In these tasks,
no knowledge about the robot’s location in the environment is required, therefore, it can
navigate without a map. In contrast, other tasks, such as transporting loads in warehouses
(Kelly et al., 2007) or meals in hospitals (Carreira et al., 2006), executing inspection tasks
(Sprunk et al., 2016), interacting with children (Gongalves and Arsenio, 2015), require the
knowledge about their pose (position and attitude) in the environment. To perform these
tasks, the robot needs to move between specific positions in the environment. Here, a non

trivial challenge emerges: how to drive the robot toward a given target, and maintain the
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knowledge about where it is, where it wants to go and how to get there, without any external

support?

The work presented in this thesis is concerned with a navigation system for indoor
mobile robots, that move under a ceiling with rich information (e.g. Heating, Ventilation
and Air Conditioning (HVAC) units, electrical and security systems, etc.). In this approach,
the navigation is based on the knowledge the robot has about the environment and its
global pose inside a map, previously created in a manual acquisition process and installed

on-board the robot.

Thus, in contrast with behaviour-based navigation, where the robot motion depends on
the perception around, the design of a navigation system based on a map is more
challenging, because the mobile robot must possess skills in four key points (Siegwart and

Nourbakhsh, 2004, p. 193):

* Perception: ability to interpret useful and important data from sensors;
* Localization: ability to estimate its position in the environment;
* Cognition: ability to decide what it needs to do to achieve the goal;

* Motion control: ability to follow the desired path.

Clearly, the mobile robot localization is a crucial task in a map-based navigation system.
To achieve an accurate localization, the perception system design has an important role. In
order to estimate its pose, robots make use of sensors that provide information about the

environment and their own motion.

Nowadays, the satellite systems are the standard solution to obtain the global robot
pose in outdoor environments (Siegwart and Nourbakhsh, 2004, p. 101), and has been
implemented in many outdoor autonomous vehicles (Thrun et al.,, 2006; Levinson and
Thrun, 2010). However, when no external positioning system is available, e.g. indoor,

underwater or outer planets, the robot pose estimation problem becomes more complex.

This means that the environment where the robot operates may have impact on the
perception system to be implemented. Moreover, sensors are limited in perceiving the
environment and extract only a small part of the available information. Thus, the

perception is often performed by more than one sensor, which information is merged.



The work presented in this thesis proposes an alternative approach for robots’ navigation
in indoor environments with rich information ceilings (Fig. 1.1). It only uses on-board
sensors, without the need to structure the environment. The self-localization system for

unstructured environments has the following assumptions:

i) The robot pose is estimated only from the on-board sensors raw data (no external sensor
or landmark are required);

ii) No choice or coding are needed in the image processing algorithm, i.e. it is not
necessary to segment objects, special structures (lines, circles, corners, etc.), or any
elements of the image;

iii) No calibration is required prior to the use of the image processing algorithm to

guarantee that features are recognized or segmented;

iv) No feature tracking algorithms are needed, simplifying the algorithm complexity.

Figure 1.1: Ceiling view of the environment.

The main objectives of this thesis are:

* To implement a self-localization system for differential drive robots that work in indoor
environments under a ceiling with rich information (e.g. industrial ceiling) and estimate
the pose from on-board sensors raw data without to structure the environment;

* To compute the robot position from ceiling images PCA, namely the Karhunen-Loeve (KL)
transform, and achieve a good performance in different lighting conditions, using ceiling

depth images corrupted with missing data in unstructured environments;
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* To design a globally stable self-localization system to estimate the differential drive robot
pose from the ceiling images PCA and the sensor fusion with two linear KF. The position
and the attitude estimation is decoupled, avoiding the kinematic model linearization or

multi-model implementation;

* To implement a navigation system that moves a differential drive robot along a clearance
and smooth path towards desired destinations, while is self-locating by the PCA of ceiling

images and merges the sensor information with the two KF;

* To validate the implemented system with experimental tests, using a differential drive
robot in an indoor real environment with an industrial-like ceiling and, consecutively, to

experimentally validate the PCA-based positioning system proposed by Oliveira (2007).

1.1 Motivation

To navigate from one point to another, indoor mobile robots need to self-localize in the
environment. Typically, the localization problem consists in finding the robot’s pose in the
map, based on the information obtained from the environment through sensors. In indoor
environments, when no external localization system is available, the mobile robot pose is
estimated with on-board sensors only. To perform this task mobile robots are usually
equipped with different types of sensors, like encoders, compasses, rate gyros,

accelerometers, sonars, laser rangefinders, 3D time-of-light cameras, vision, etc.

Among the available sensors that can be used for mobile robots self-localization, vision
cameras are one of the most powerful sensors, due to the large amount of information that
it provides about the environment (Siegwart and Nourbakhsh, 2004, p. 89). Because of this,
vision has been widely used in mobile robot self-localization systems (See DeSouza and Kak
(2002); Bonin-Font et al. (2008) and references therein). Although the general approach is to
install forward looking or panoramic cameras (Do et al., 2015; Nakazato et al., 2015), some
robots use cameras looking upwards to estimate its global pose with information extracted
from the ceiling (Dellaert et al., 1999a; Thrun et al., 2001; Hwang and Song, 2011). Ceiling
view has the advantage that images are not affected by scale and, usually, the scenario is
less susceptible of changes than the looking to an horizontal plane. Moreover, industrial

and similar environments often have static systems (e.g. HVAC, electrical, security, etc.)
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with components installed in ceiling, which becomes a rich information source about the

environment, to be used by the mobile robot self-localization systems.

The most common approach to obtain environment information is to extract features
such as geometric primitives (e.g. lines, circles, etc.) and environment objects (edges, doors,
etc.), or to use artificial beacons (Yuan et al., 2016; Shih and Ku, 2016; Dias et al., 2015; Choi
etal., 2011; Jeong and Lee, 2005). However, feature extraction, object recognition or beacon

detection are performed by complex algorithms that add computational cost to the system.

In contrast, the Principal Component Analysis (PCA) method allows the implementation
of simpler approaches due to the high compression of the environment. The use of PCA
in mobile robots for self-localization has been explored in Maeda et al. (1997); Artac et al.
(2002); Paya et al. (2007), using frontal and panoramic cameras. Oliveira (2007) proposes the
use of PCA as a positioning system in a terrain reference navigation of Underwater Vehicles
(UV), using signals extracted by a sonar point downward. However, the results were only

obtained in simulation.

In addition to the problems related with the processing information extracted from the
environment, the fusion between this information and the mobile robot motion is another
challenge to the self-localization systems. Usually, localization systems are designed using
Bayes filters. The Kalman Filter (KF) is a classical technique for implementing Bayes filters
in linear systems (Thrun et al., 2005, pp. 40-45). However, mobile robots kinematics (e.g.
differential drive) are in general nonlinear, preventing the use of a KF, and so, the
achievement of its optimal estimations. To overcome this problem, many localization
systems use the Extended Kalman Filter (EKF), which results can diverge in consequence of
wrong linearization or noise sensor (Gutmann and Fox, 2002). Other probabilistic
algorithms have been proposed to estimate the mobile robot localization, merging the
information extracted from the environment with the odometry, using Monte Carlo
Localization (MCL) (Gutmann and Fox, 2002; Theodoridis et al., 2013) or Markov
Localization (ML) approaches (Murray and Little, 2000; Almansa-Valverde et al., 2012).
However, such approaches do not provide optimal estimates and, to improve the

estimations accuracy, it is necessary to increase the complexity to a multi-modal estimation.

The present work proposes an innovative method to perform mobile robot navigation
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tasks indoors, and under ceilings with rich information, such as industry or similar
environments. This is achieved only with on-board sensors (no external sensors or

landmarks are required), and without the need to structure the environment.

The proposed self-localization system resorts to PCA of images acquired by a video or
depth camera installed on-board, looking upwards to the ceiling (see Fig. 1.1). The image
data computed by PCA does not depend on any predefined structure of the environment.
Clearly, there should always be some information available to distinguish one location to
another, i.e., the captured images must be different along the environment. However, with
the PCA data, no previous assumptions on the predefined structure of the environment
need to be considered. The PCA data analysis corresponds to the computation of the most
representative data components that will turn each dataset unique. Due the great PCA
compression ratio, the database of images stored on-board has a reduced size, when

compared with the total number of images considered.

To deal with different lighting conditions, this work also extends the PCA-based
positioning system for indoor mobile robots to use depth images captured from a ceiling
with rich information, instead the usual images captured by video cameras. The depth
images implementation avoids the limitation related to different environment illumination
conditions, but the signals are usually corrupted by missing data. Thus, when depth
images are considered, the self-localization system implements a PCA extension that

reconstruct the captured corrupted signals.

Beyond the problems of image processing for self-localization, another challenge is to
deal with the fusion of the position from the PCA-based system with the odometry data
given by the robot kinematics. The mobile robot kinematics (e.g. differential drive) is,
usually, non-linear, preventing the access to optimal estimates provided by a KF. To tackle
this problem, many localization systems use the EKF, that is a not optimal estimator and
has stability limitations. Even though, under special conditions, this solution can present

reasonable performance, it may diverge due to wrong linearization or sensor noise.

The stability of the robot pose estimations is especially important so that they can be
used on the navigation systems. In this work, the position and attitude estimation is

decoupled into two linear estimators. Thus, the robot attitude estimates are achieved with
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optimal performance, through the implementation of a KF. For the position estimation, the
implementation of a Linear Parameter Varying (LPV) model for differential drive
kinematics allows the use of a time-varying KF, that also guarantees stable estimates. This
approach avoids the non-linear model implementation and the related issues mentioned

above.

The proposed self-localization system is implemented in a mobile robot platform with
kinematics of a differential drive car and validated with a large set of experiments in an
indoor environment. During these experiments, the robot is self-located using only the
computation of the raw data of vision or depth images captured from the ceiling and
motion sensors installed on-board, achieving stable position and attitude estimates. The
self-localization system is also integrated in a navigation system, allowing an autonomous
motion from an initial position towards a desired destination. Along the mission, the robot

moves using only the information provided by on-board sensors.

1.2 Related work

1.2.1 Perception and localization

When no external global or local positioning system is available, e.g. indoors, underwater,
or outer planets, the problem of estimating the position and attitude of an autonomous
mobile robot becomes more complex. In this case, the robot must estimate its pose relying
only on on-board sensors. The design of robots navigation systems, based on information
from sensors installed on-board, has been a challenge for many researchers. Usual inputs to
the localization systems are the measurements provided by sensors installed on-board, like
compasses, gyroscopes, accelerometers, cameras, laser scanners, time of flight or structure
light cameras, odometers, etc. These measures have been used to compute the pose of the

robot, and nowadays can be found many different approaches to perform this task.

1.2.1.1 Vision based location systems

Vision sensors are the most powerful robotic sensors, due to the large amount of information
that cameras extract from the environment (Siegwart and Nourbakhsh, 2004, p. 117). For

this reason, many mobile robots have been developed to use visual information, captured by
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cameras installed on-board, as the main sensorial data in the navigation systems (see Thrun

et al. (2005); Corke (2011), and references there in).

The most common approach to capture visual information about the environment is to
install cameras looking around the robot. The easier vision perception system is achieved
installing a monocular camera looking ahead. However, taking into account the available
cameras and the corresponding installation design in the robots, other approaches can be
implemented to increase the visual information that can be captured from the environment,
as eye-fish cameras (Han et al., 2013), stereo vision (Murray and Little, 2000; Zhou et al.,
2015; Nakazato et al., 2015) or omnidirectional vision (Maohai et al., 2013; Do et al., 2015).

Many vision systems compute the robot pose from features extracted from the
environment (e.g. corners, lines, circles, etc.) or using landmarks (edges, doors, etc.). The
use of features allows the construction of a more compact environment model (Scaramuzza
et al., 2009; Gil et al., 2010; Maohai et al., 2013; Zhou et al., 2015), when compared with
the raw data of captured images. The features extraction from images is performed using
algorithms and descriptors like Scale-Invariant Features Transform (SIFT) (Lowe, 2004),
Speeded Up Robust Features (SURF) (Bay et al., 2006) or Histograms Oriented Gradient
(HOG) (Dalal and Triggs, 2005), among others. In practice, the descriptor analyse the
captured images, aiming to extract from them a set of interest points, that may be useful to
structure the environment. Hence, with different images taken from the same localization,
different interest points may appear, distorting the environment perception. The RANdom
SAmple Consensus (RANSAC) (Fischler and Bolles, 1981) is an usual implemented
algorithm to keep track on features while disregarding outliers but, in practice, all these
strategies rely on some structure of the environment (Zhou et al., 2015; Bacca et al., 2011;
Loevsky and Shimshoni, 2010). In addition, such algorithms require complex computation
to extract and select the features, and often need to be combined to get the interest

information about the environment structure.

As was mentioned above, although the most common approach is to install cameras in
mobile robots to look around (similar to humans view), aiming to get its global pose in the
environment, others use a different approach, with a single camera looking upward to the

ceiling. The use of vision from the ceiling has the advantage that images can be considered
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without scaling, i.e. a 2D image problem results. Moreover, ceiling vision is usually more
static than the horizontal view, i.e., ceilings are less susceptible of scenario changes and are

not affected by moving obstacles around themselves.

Dellaert et al. (1999a) developed a mobile robot localization system based on ceiling
vision, where the information provided from the center of the image is used in a
probabilistic algorithm to improve the vision robustness, when it passes under the lights. A
ceiling vision-based navigation system was developed by Jeong and Lee (2005), where
corner points extracted from the Red-Green-Blue (RGB) image are used as points of
interest. Jo et al. (2012) extract landmarks (lines and circles) from ceiling images captured
from a monocular camera pointed upward. In this work, the addition of a sonar was
implemented to measure the ceiling distance, allowing the mobile robot localization to
move with ceilings at different heights. Hwang and Song (2011) developed a Simultaneous
Localization And Mapping (SLAM) system for a mobile robot, where the corners, lamps,
and door features detected from the upward-looking camera were used as the landmarks.
Huang et al. (2012) implemented a mobile robot localization system using artificial
landmarks (patterns with geometric figures) installed on the ceiling of an indoor
environment. A similar approach was developed by Shih and Ku (2016), but in this work
the landmarks have alphanumeric characters and the mobile robot has a map with the
neighborhood relations between them. Dias et al. (2015) uses lamps, pipelines and HVAC
boxes, installed on the ceiling, as landmarks to extract features (circles and rectangles) that

are used to localize the mobile robot.

This work proposes the design of a self-localization system using ceiling vision (with
the mentioned above advantages), but the implemented algorithm works in unstructured
environments. The only requirements are that the ceiling be static and have enough

information to capture different images in each location.

1.2.1.2 RGB-D images based localization systems

Despite the advantages of using vision sensors, cameras are very sensitive to the
environment lighting conditions, which have a negative impact on the robustness of

localization systems (Siegwart and Nourbakhsh, 2004, p. 89).
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To avoid the aforementioned problem, some localization systems are based on Time-of-
Flight cameras or 3D laser scanners. These sensors present a more robust system able to
cope with different light conditions and have the advantage of providing depth information
in two directions (horizontal and vertical), increasing the amount of information captured
on the environment, when compared to the information provided from a set of sonars or
2D laser scanners (Weingarten et al., 2004; Almansa-Valverde et al., 2012; Surmann et al.,

2003).

In this last decade, new devices with a RGB and Depth (RGB-D) cameras have been
developed for video games, e.g Kinect from PrimeSense and Microsoft. Due to its low price
and a straightforward way to be connected to a computer, the Kinect device became popular

in mobile robotics community, creating several applications in this area.

To reduce the amount of depth information captured by the Kinect, several approaches
divide the depth image as an array of distance sensors (Theodoridis et al., 2013; Correa
et al.,, 2012). Once the environment information in depth images is more than the provided
by a sonar array, this solution provides better results (Theodoridis et al., 2013). Biswas and
Veloso (2012) also show that the mobile robot achieves better localization accuracy using
cloud points extracted from the Kinect than when a laser rangefinder is used, due to the
greater amount of data extracted from the environment. Rodrigues et al. (2013a) use all
depth images data captured from the ceiling to compute the mobile robot visual odometry.
However, depth information can be used in other applications. For example, Stowers et al.
(2011) implemented a Kinect in a quadrotor, pointing to the ground, using the depth data

to control the altitude during the flight.

Given that Kinect captures visual and depth information, the data provided by RGB-D
images can be combined to extract the feature points and be used in an autonomous robot
navigation (Huang et al., 2012) or to detect artificial landmarks (Ganganath and Leung,
2012). Datasets with RGB-D images provided by a Kinect device were captured by Sturm
et al. (2012), aiming the design of mobile robots localization systems in indoor
environments. The tracking of features extracted from consecutive RGB-D frames can be
used to build 3D models of the environment for mobile robots navigation (Endres et al.,

2012; Henry et al., 2014; Endres et al., 2014). The features tracking of RGB-D images have
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been also implemented in visual odometry to estimate the position of a quadrotor (Huang
et al., 2011), to detect and track people (Jafari et al., 2014) or to navigate avoiding obstacles
(Nguyen et al., 2016). Yuan et al. (2016) use the RGB-D images to detect artificial

landmarks around the robot, composed by patterns with color cards.

Despite the wide variety of robot implementations that use data provided from a
Kinect, such approach compute those amount of information to extract specific features
from the environment. As mentioned above, this computation requires complex algorithms
to structure the environment. In addition, some approaches use those data to construct

dense maps, with consequences in the complexity of the implemented algorithms.

This work implements an opposite approach, where the raw data of depth images
provided by a Kinect is used to build a compact model, without the need to extract specific
characteristics from the environment. Thus, in this work the mobile robot is localized in

the environment from a raw data linear transformation of ceiling depth images.

1.2.1.3 Principal component analysis

The most common approaches to design mobile robot self-localization systems are based on
the structured environments to create the corresponding map. These approaches need to
extract specific features from the captured data, such as: points, lines, planes or structures,
which are performed by complex algorithms. The use of algorithms to create a localization
system without the need of specific features extraction, i.e, in an unstructured environment,

becomes an alternative approach to improve the performance of this task.

The PCA (Jolliffe, 2002) is an efficient algorithm that converts the database into an
orthogonal space, creating a database with an high compression ratio, when compared with
the amount of captured data, and without the need of specific features extraction. In
addition, the PCA is computed using only linear computation, allowing to achieve an
optimal approximation of the stochastic signals, minimizing the mean square error. This
characteristics, make the PCA an useful tool to be implemented in applications with many
signal processing such as, data compression (Pustianu et al., 2011), pedestrians and objects
detection (Malagén-Borja and Fuentes, 2009), faces recognition (Budiharto et al., 2011),

patterns in rotated images (Heras et al., 1997), among others.
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Thus, the PCA allows the development of localization systems that do not depend on
any predefined structure, i.e, does not need to detect any specific features about the
environment to create a compact map. Since feature based techniques require complex
algorithms, some researchers have been working to find methods that make this process
more efficient, namely through a dimensionality reduction of the image database captured

from frontal or omnidirectional cameras with the PCA.

A mobile robot localization system using eigenspaces analysis was developed by Maeda
et al. (1997), where the database was created with images captured at different positions of
the environment by a rotating camera looking around robot. In this approach, the mobile
robot position was achieved testing candidate images, rotating the camera to test images
with different points of view. Aiming to improve the localization with lighting conditions,
Jogan et al. (2002) implements a system with a set of gradient-filters. The system was tested
along a straight line, capturing images from a panoramic camera, considering different
lighting conditions. Artac et al. (2002) propose the use of an incremental PCA for on-line
learning and recognition of visual images. The method was validated using panoramic
images captured from a camera located in a mobile robot, exploring the same path
repeatedly. This method was implemented by Jogan et al. (2003) for exploration and
localization of a mobile robot, using panoramic images. To build the map, a robot moves
along a grid, capturing panoramic image that are shifted to consider multiple rotated
versions. In this approach a set of filters was implemented to deal with lighting changes. In
the experimental tests, the robot makes new relocations each time it moves 70 cm in the
goal direction. To reduce the number of panoramic images stored in the PCA database,
Steinbauer and Bischof (2005) proposes to capture images in a certain reference and,
during the motion, to compare the acquired images in the same direction. Although it
refers the use of a compass angle to rotate an image into the orientation where the database
were captured, in this work a bank with multiple Kalman Filter was implemented to
estimate the robot attitude and to perform this task. Paya et al. (2007) also implement the
incremental PCA to create a pre-defined routes navigation system. This approach was
experimentally validated using two mobile robots, where the leader captures images to
create the route and the second robot follows it, comparing the eigenvectors of captured

images with the current stored eigenspace.
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Oliveira (2007) proposes the use of PCA as a positioning system of an UV with a sonar
pointed downward. In this approach, a set of mosaics are captured from the sonar with
ground information to create the PCA database. During a mission, the PCA positioning is
computed from mosaics signals acquired by the sonar and aligned with the grid orientation.
The PCA positioning is merged in a multi-model for different observations noises to estimate

the UV position. However, the results was only obtained in simulation.

The PCA was implemented by Pustianu et al. (2011) in a mobile robot control using a
face recognition algorithm. However, in this approach the face classifier was implemented
by a neural network, being the PCA only applied to reduce the amount of information sent to
the neural network classifier. Cao and Hashimoto (2013) developed a mobile robots control
algorithm to follow a person, which is recognized resorting to the PCA. In this approach,
the PCA database is build with the links length obtained by skeleton information extracted

from the RGB-D images, captured by the Microsoft Kinect software.

A very common problem in depth sensors, including the Kinect depth sensor, is the
existence of missing data in signals, caused by InfraRed (IR) beams that are not well reflected
and not return to the depth sensor receiver. When depth signals are used to extract features
from the environment, only the available information is taken into account. This means that
missing data present in the signals is commonly neglected. For example, Huang et al. (2011)
use the depth data to obtain the features position extracted from the RGB-D. However, when
the missing data occurs in depth images, the corresponding landmarks are discarded. A
visual odometry using depth images is proposed by Rodrigues et al. (2013a), but in this

work the computation is only performed with non corrupted data.

However, when all raw data is needed to percept the environment, as happen with
images comparison through the PCA algorithm, the existence of missing data can distort
the results. In the case of the localization systems, this decreases their robustness, leading
to erroneous localization. Oliveira and Gomes (2010) implement a method using the PCA
methodology to avoid the problem of missing data in signals and its performance is
compared with other algorithms. In their work it is concluded that the PCA algorithm can
be extended to reconstruct signals corrupted with missing data, and it presents a better

performance in an extended range of missing data.
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This work implements a PCA-based positioning system for a mobile robot using ceiling
vision, inspired in the Oliveira (2007) approach. Thus, the system has the ceiling vision
advantages: the ceiling has a fixed distance to the robot and is not affected by moving
obstacles or scenario changes around it. Moreover, the use of PCA in ceiling depth images

allows to work in different lighting conditions without the need of additional filters.

1.2.2 Estimation
1.2.2.1 Sensor fusion

The problem of mobile robots navigation, without the need of any external information,
requires the measurements estimation from the sensors installed on-board. Nowadays,
with the increasing development of Micro-Electro-Mechanical Systems (MEMS), there are
several sensors available to estimate measurements in mobile robots (e.g. compass, rate
gyro, accelerometers, etc.), beyond the odometry measure provided by encoders, usually
connected to the drive wheel motors. Aiming to obtain robust systems, it is usual to
increase the sensors number to estimate the same variable. However, when more than one
sensor are used to estimate the same variable, the design of a sensor fusion system to merge
the signals provided by different measurements must be developed. See Brown and Hwang

(1997); Auger et al. (2013); Cavallo et al. (2014) and references therein.

The classical sensor fusion technique, for linear systems corrupted by stochastic white
noise uncertainties with measurements also corrupted by white noise, is the celebrated KF.
This method solves a Minimum Mean Square error (MMSE) estimation problem, providing
optimal estimates, based on a set of Kalman gains (Kalman, 1960; Kalman and Bucy, 1961;
Brown and Hwang, 1997; Auger et al., 2013). KF has been applied to estimate variables,
merging the signals provided by several sensors (Mitsantisuk et al., 2012; Zhang et al., 2015;
Li et al., 2012b; Suh, 2006).

However, KF requires a complete characterization of the process and observed noises, a
task that may be difficult, or not suited to specific problems. The main difficulty associated
with this method is the complexity in the identification of a good model for sensors and the
robotic system. In alternative to the use of KF for the data fusion, other researches merge

the signals resorting to Complementary filtering. This approach allows to merge the signals
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corrupted by stationary noise with different frequency bandwidths to produce more precise
signals in the time domain. The main advantages of Complementary Filters (CF) are the
design simplicity and the more intuitive parameters tuning. CFs estimate variables
considering signals provided by two sensors in distinct and complementary frequency
bands, without the need of characterizing the stationary white noise present (Higgins,
1975). According to Pascoal et al. (2000), CF was used by Brown (1973) in a navigation

system, and has been further used integrated in several systems.

Optimal results can be obtained for CF based on measurements from two sensors, in the
case where the noise is stationary. Moreover, the estimators design based on sensors
working in different bands is often useful to develop redundant measurement systems to
fuse signals provided by sensors with different dynamics. Complementary filtering allows
the estimator fine-tune for the frequency band where the sensors provide better
performance. For instance, to estimate the tilt angle relative to gravity, an inclinometer and
a rate gyro were used by Craig (2009). In this work, the rate gyro provides a measure of the
angular velocity with a nice flat frequency response to about 50 Hz. However, the angular
position, if obtained from integration, is highly affected by the bias error, giving quickly an
unacceptable, ever increasing error drift on the position signal. The inclinometer measures
tilt angle relative to gravity, does not suffer from a drift problem, but has a low bandwidth
(0.5 Hz to 6 Hz) which is too slow for many robotic applications. A CF may hence be used
for estimating both angular position and angular velocity over a larger bandwidth with
negligible drift. An adaptative-gain CF was developed by Calusdian et al. (2011), where the

gain of the two frequency bands is tuned according to the dynamics of the system.

The use of CF has been successfully applied in mobile robot navigation systems,
performing the sensor fusion through two frequency bands complementarity, composed by
a Low-Pass Filter (LPF) and an High-Pass Filter (HPF), both with the same cut-off
frequency: UV (Pascoal et al., 2000; Batista et al., 2010b), Unmanned Aerial Vehicle (UAV)
(Euston et al., 2008; Kubelka and Reinstein, 2012; Wang et al.,, 2014), autonomous

helicopter (Baerveldt and Klang, 1997) or quadrotor (Lu et al., 2014).

In spite of the CF be widely implemented to estimate measurements, typically it is used

to merge two signals. In this work an approach to merge signals provided by several
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sensors is proposed, where the frequency spectrum is split according with the number of

measurements that are merged.

1.2.2.2 Localization estimators

The self-localization systems is, usually, designed using probabilistic algorithms that merge
signals provided from environment perception with robot motion, taking into account the
corresponding measurements uncertainty (Thrun et al., 2005). As discussed above, KF
(Kalman, 1960; Kalman and Bucy, 1961) is a powerful technique to achieve sensor fusion
and provides optimal estimates, implementing Bayes filters (Siegwart and Nourbakhsh,
2004, p. 227; Thrun et al., 2005, pp. 19-20). This mathematical tool produces optimal states
estimations in linear systems, based on measurements corrupted with white gaussian error,
as a train moving along a railway line (Faragher, 2012). However, when 2D localization is
considered, mobile robot kinematics (e.g. differential drive) are, in general, non linear. This
fact prevents the direct use of a KF in the mobile robots localization systems. Notice that,

although KF provides optimal estimates, it only can be applied to linear systems.

To tackle this problem, many localization systems extend the KF approach, applying a
local linearization to the model to estimate the robot pose (Smith and Cheeseman, 1986).
The EKF have been implemented to merge the odometry with features and landmarks
extracted from the environment, to estimate the robot pose. Tesli¢ et al. (2011) estimate the
self-localization of a mobile robot in a structured environments, where the correction was
performed by line segments of the global map, obtained from the measurements of a laser
range finder. Jo et al. (2012) merge points of interest extracted from ceiling images with the
odometry. Hwang and Song (2011) use landmarks position (corners, lamps, and door
features) extracted by a monocular ceiling camera to estimate the mobile robot pose. Yuan

et al. (2016) use artificial landmarks, detected by a RGB-D camera.

The use of EKF was proposed to solve the SLAM problem to estimate the mobile robot
pose and, at the same time, the features position extracted from the environment (Durrant-
Whyte and Bailey, 2006; Bailey and Durrant-Whyte, 2006). However, due to the known
divergences caused by wrong linearizations, the use of EKF in SLAM can lead to distorted

maps. To overcome this problem, special conditions for EKF-SLAM have been developed to
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improve the estimation results. For example, Moutarlier and Chatila (1990) proposed the
robot re-localization before the states update, to reduce the estimation divergences caused
by the EKF linearization; Leonard and Durrant-Whyte (1991) only updated the robot or
features states when the obtained estimation about features localization or robot pose were

under a predefined uncertainty.

Although the EKF provides reasonable results in many applications, the linearization
around the estimated variable, through the jacobian matrix, makes it a non-optimal
estimator and often leads to divergence and inconsistency problems (Bailey et al., 2006).
However, this limitation due to the linearization is known and accepted by the scientific

community (Thrun et al., 2005, pp. 54-64).

To avoid the use of linearization, Pascoal et al. (2000) propose the design of a navigation
system for surface or underwater vehicles, composed by two CF to estimate the attitude and
the position, respectively. In a similar approach, Batista et al. (2010a) propose a navigation
system design to estimate of position and velocity of an UV, using an time-varying optimal
estimator based on the angular velocity provided from an attitude and heading reference
system. The use of two cascaded estimators, based on KF, was implemented by Barbosa
et al. (2015) to estimate the relative localization of a mobile robot to a landmark. In this
approach, a LPV using the instantaneous angular rate, provided from an attitude estimator,
is merged to estimate the robot position. The estimated measurements provided from the

localization system are used to control the robot motion in a docking station system.

On the other hand, MCL estimates the mobile robot pose applying a Bayes filter to a set of
particles that are initially randomly distributed over the entire environment (Dellaert et al.,
1999b; Fox et al., 1999). In spite of the complex computation, MCL has become popular for
providing more accurate results than the EKF. Benchmark tests were presented by Gutmann
and Fox (2002) and by Ganganath and Leung (2012). However, the better performance of
the MCL is achieved at the cost of estimator’s increased complexity. In this approach, the
complexity reduction can be implemented by reducing the number of particles. Gutmann
and Fox (2002) propose the use of an adaptative number of particles and Maohai et al. (2013)

select the better particles using a genetic algorithm.

A MCL algorithm was implemented by Biswas and Veloso (2012) in a mobile robot
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navigation system, where a 2D map was built from depth data captured by a Kinect sensor.
Theodoridis et al. (2013) apply a MCL to estimate the global position of a robotic
wheelchair, comparing the results when sonar or depth information are merged with the
odometry. The results shows better performance when depth information is used. A
particle filter is implemented in an omnidirectional mobile robot with panoramic vision by
Maohai et al. (2013). A global localization in a static environment using bluetooth beacons
was implemented by Raghavan et al. (2010), where the position provided by the bluetooth

beacons trilateration is merged with the mobile robot model, through the MCL algorithm.

Rowekamper et al. (2012) combine MCL with particles sampling and a scan matching
algorithm with purpose to achieve accurate poses in a mobile robot localization system. An
estimator that merge the particles filter with a KF was developed by Karlsson and
Gustafsson (2003), and was tested with experimental data from an underwater navigation
system. Results present a performance near the optimal, according with the Cramer Rao
lower bound obtained, but with very computational demanding. A Kalman-particle filter
has been proposed by Pham et al. (2003) to combine an EKF with the robustness of the
MCL. However, a large number of particles still must be used and even the simulations
results presented a reduced number of divergences. Aiming to improve the SLAM
robustness, the combination of particle filter with an EKF was proposed by Montemerlo
et al. (2002, 2003). In this approach, the particle filter is used to estimate the robot motion
and the EKF is employed to update the probability of the samples, which represent the

candidates for the robot and landmarks positions.

Despite the MCL being a more accurate algorithm than EKEF, its accuracy is dependent
on the particles number, which increases the system complexity. Furthermore, given that
the particles only “survive” near the mobile robot, the estimation can converge to incorrect

values if the particles move away from the real pose.

In spite of the known divergences caused by wrong linearization, EKF remains a very
popular approach to perform SLAM tasks. Moreover, the EKF-SLAM complexity becomes a
limitation to the number of features, and therefore the map size, due the fact that covariance
matrices are quadratic with the number of landmarks. On the other hand, FastSLAM is

presented as an approach to improve the stability, but the complexity is related with the
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number of particles. In addition to the challenges, an issue that remains is that solutions
rely on landmarks or any other features that the robot must sense in the environment. In
practice, there is no guarantee that the same features will be recognized on subsequent visits

of the robot to the same location.

The use of a multiple-model adaptation estimator composed by a set of KF was
proposed by Oliveira (2007) to estimate the UV position. In this work, the bank of KF was
implemented for different terrain characteristics, using the positioning system based on the
PCA algorithm. A multiple-model estimator was implemented by Gaspar et al. (2011) to
estimate a marine mammal position, where a set of KF was applied with different angular
rates, using the 2D horizontal constant-turn model with constant speed model presented
by Li and Jilkov (2003). The same constant-turn and speed model was implemented by
Song et al. (2012) in an interactive multiple model to estimate the mobile robot position.
However, this approach requires the installation of an external system to extract the
possible modes from trilateration and the use of multiple-modes to achieve appropriate

estimates, failing when only one single measurement is applied in a KE.

This work proposes an approach to indoor mobile robots self-localization, where the
robot position and attitude estimation is decoupled into two different linear KF, whose
estimates are computed using only the information provided by on-board sensors. Thus, an
optimal KF estimates the robot attitude and its angular velocity. The 2D robot position is
estimated from one time-varying KF, using the estimated instantaneous angular velocity in

a LPV model. Thus, the position and attitude have globally stable estimates from linear KF.

1.2.3 Navigation
1.2.3.1 Path planning

Path planing is a key task in a map-based mobile robot navigation. This task defines a
set of waypoints between the actual pose and the goal, using the knowledge about a map,
where the environment (e.g. walls, fixed and moving obstacles, etc.) is represented. Thus,
for a given environment, an infinitude of possible paths can be defined to connect the start
and goal positions. Each path is defined by a set of waypoints in the free space. Thus,

to find the shortest path between the start and goal positions, several algorithms have been
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developed: Dijkstra (Dijkstra, 1959), A* (Hart et al., 1968), D* (Stentz, 1994), D* Lite (Koenig
and Likhachev, 2002), among others.

In spite of a simple and common way to represent the environment being through an
occupancy grid, the definition of a path involves the selection of waypoints, from a very
large set of possibilities, covering all free space. This drawback may become critical if the
environment is large and the size of the grid greatly increases. Moreover, the shorter paths
between start and goal positions, usually, are defined too close to the obstacles, causing

collision or security risks.

An approach to simplify the planning task is to reduce the possible paths in a roadmap,
defined within the free space. This approach is similar to the highway systems, by covering
the free space that define the possible paths in a territory. In this approach, the robots take
the highway near the starting point, and follow it until they are close to the goal position
(Choset et al., 2005, p. 108). Thus, the path is defined by a set of points that connect the

start and goal positions through the roadmap.

One approach to design a roadmap and, simultaneously, to ensure a safety path is using
a Generalized Voronoi Diagram (GVD). This roadmap is defined by a set of points that
maximize the distance to the obstacles. Thus, in several approaches the design of GVD is
made using mobile robots with a controller to keep them in a equidistant position to the

obstacles at their side (Kim et al., 2010; Arunkumar et al., 2014).

When the obstacles and free space are represented using an occupancy grid, it is common
to build a GVD-based roadmap using a grid GVD. Barraquand and Latombe (1991) propose
the GVD definition using a wavefront algorithm, being the GVD defined by the set of points
where the “waves” propagated by the obstacles and environment boundary meet. Similar
approaches were implemented by Yang and Hong (2007); Kuderer et al. (2014); Garrido and
Moreno (2015). Corke (2011) proposes an algorithm to create a GVD from an occupancy

grid, where a roadmap is computed by a morphological image processing algorithm.

In other approach, when the obstacles are represented by points, the roadmap can be
computed using triangulation (Dong et al., 2010). Bhattacharya and Gavrilova (2008)

compute an initial Voronoi, using the Deluanay triangulation algorithm, from a cloud of
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points that define the obstacles boundary. The final GVD-based roadmap is obtained after

the removal of unnecessary lines.

The path is chosen by searching for one that, using the GVD, minimize the distance from
the start to goal positions. Usually, it is computed from algorithms as Dijkstra (Wein et al.,

2005; Bhattacharya and Gavrilova, 2008; Dong et al., 2010) or A* (Ok et al., 2013).

1.2.3.2 Navigation based on artificial potential fields

Artificial Potential Fields (APF) is a technique that combines path planning and obstacle
avoidance, inspired by the attraction and repulsion of bodies in magnetic fields. The idea
of a robot moving through a potential field was presented by Khatib (1986), being the path
defined by a force vector that results from attractive and repulsive fields. Thus, the obstacles
are defined as high potential points that repel the desired path, while the goal position is a
point with lower potential that attracts it (Arkin, 1987; Ge and Cui, 2002; Bing et al., 2011;
Li et al,, 2012a). Carreira et al. (2011) applied potential fields to define a safe and reliable

mobile robot path in an human populated environment.

Despite the simplicity of implementation, potential fields have the drawbacks of local
minimums and oscillations. Although it can be implemented conceptually as a global
navigation system, in practice, potential fields are considered as a local planning method,

being often integrated in an hybrid system, with a global planning algorithm.

1.2.3.3 Navigation based on navigation function

To avoid the problem of local minima in APF, Rimon and Koditschek (1992) developed a new
class, denoted as Navigation Functions (NF). This approach has the advantage to plan and
control the mobile robot along an environment with obstacles, ensuring an unique minimum

located in the target.

The NF were presented to control the pose of a non-holonomic mobile robot, while is
avoiding the collision (Tanner and Kyriakopoulos, 2000; Tanner et al., 2001). Multi-robots
NF were proposed to control teams of differential drive robots (Loizou and Kyriakopoulos,
2003; Dimarogonas et al., 2006; Widyotriatmo and Hong, 2011). In these approaches each

robot acts as a potential obstacle to the others, while it is attracted towards its goal. Such
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approach is extended to control teams composed by holonomic and non-holonomic robots
(Loizou and Kyriakopoulos, 2008). Arslan and Koditschek (2016) use a power diagram
(GVD with additive weights) to create a convex free space in an environment populated

with circular obstacles.

The classical navigation function proposes the use of repulsive fields sensed in all free
space emitted by circular obstacles, inside a circular environment that repels the robot
motion towards the goal. However, other approaches can be found. The use of bump
functions allow design controllers where the world boundary or obstacles are only sensed
when the robot is close. This approach was proposed to simulate the navigation of UAV
teams in a combat zone by Chen et al. (2007). Pradhan et al. (2011) propose the
implementation of elliptical fields around moving obstacles to predict their motion in the

environment.

The navigation function is applied to circular worlds. @ When the worlds are
non-circular, what happens in most of the environments, it is usual to transform the
configuration space to a circular shape (Conner et al., 2003; Iizuka et al., 2014). An
alternative approach was presented by Pradhan et al. (2013) to allow an easy
implementation and avoiding this complex operation. In this approach, a set of consecutive
worlds are generated along a corridor and circular obstacles are applied representing the
walls, to avoid the collision. Thus, a goal is defined in each world in order that the robot

crosses it, and gets in the next world.

1.3 Thesis contributions

The mains contributions of this Thesis are described bellow:

The first contribution is the design of a self-localization system to estimate the global
pose of a differential drive robot that navigates in an indoor environment under a ceiling
with rich information (e.g. industrial-like environment). This is achieved only with raw
data of grayscale or depth images captured from the ceiling, without the need of extract
specific features about the environment structures, and merged with other on-board
sensors, through stable linear estimators. Conceptually, the proposed self-localization

system architecture is composed by three modules (Fig. 1.2):
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i) an optimal attitude estimator that provides the mobile robot estimated attitude and the
estimated angular slippage, relying on data from motion sensors installed on-board the
robot;

ii) a PCA-based non-linear positioning system that provides measurements on the
absolute 2D position. This system will process (grayscale or depth) images acquired
from the ceiling (Fig. 1.1) with the information from a data-set previously collected
and pre-processed;

iii) a sub-optimal 2D position estimator, based on a LPV model for a differential drive
mobile robot, parameterized by the instantaneous angular rate estimate, that provides

error bounded 2D robot position estimates.

PCA-based
positioning
system

ceiling image -

(vision/depth) N
P (Section 3.2) 2D Position

P .- -

(Section 4.6) estimator . position
(KF) ¢ estimated

Attitude (Section 3.4) :
. : estimator . .
motion : (IKF) © attitude
Sensors : :  estimated
: (Section 2.2) :

(Section 2.5)

Self-localization system -

Figure 1.2: Conceptual architecture of the self-localization system.

This leads to the second contribution that is the experimental validation of the PCA-
based positioning system proposed by Oliveira (2007), to estimate the position of an UV

with a sonar pointed downwards, which results were obtained with simulation.

The third contribution consists in the PCA-based positioning system extension to
reconstruct ceiling depth images, corrupted with missing data. The use of this extension
eliminates the corrupted data present in the depth images and improves the positioning

system robustness to deal with different lighting conditions.

The fourth contribution is the design of estimators to merge several sensors, based on

complementary filtering. The approach was detailed and analysed to estimate the mobile
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robot attitude, merging the signals provided from three sensors.

The fifth contribution is the self-localization system integration in an navigation

architecture with environment configuration, path planning and motion controller.

Finally, a last contribution is the large set of experiments, performed with a mobile robot
with differential drive kinematics in a real indoor environment, that allows to validate the

developed self-localization system.

1.3.1 System advantages
The proposed system has the following advantages:

* the mobile robot is able to self-locate in an indoor environment, using only on-board
sensors, i.e., no external sensors or landmarks are required to achieve its global pose in

the environment;

* the self-localization system has a positioning system based on PCA images (grayscale or
depth) captured from the ceiling, that avoids the need of specific features extraction or
beacons detection from the environment. The only requirements are that the robots
should work in a building with static ceilings where rich information can be found (e.g.
HVAC, electrical or security systems, etc.) and the images must be different in each

location.

* the PCA method compresses the data with high compression ratio, when compared with
the dimension of raw data captured from the ceiling. Thus, the database of images stored
on-board the mobile robot is of reduced size, when compared with the total number of

images considered;

* the images captured using a ceiling vision can be considered without scaling, and are less

affected by scenery changes or moving objects around the robot, than the horizontal view;

* the PCA-based 2D positioning system implementation with ceiling depth images avoids
the limitation related to different environment illumination conditions. Thus, when
depth images are considered in the self-localization system, a PCA extension to
reconstruct corrupted signals is implemented, improving the system robustness and

preventing wrong locations caused by the existence of missing data;
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* the mobile robot position and attitude are estimated using only linear KFs, with global
stable error dynamics, avoiding the need of local linearization, or multi-modal estimators,
normally employed in common approaches of mobile robot probabilistic location. The
self-localization system is composed by two linear KF to estimate the attitude and the 2D

position of the robot, respectively;

* the attitude is estimated by a linear KF, that merges the raw data provided from several
sensors installed on-board, preserving the complementary filter propriety, with optimal

performance;

* the position is estimated by a linear time-varying KF, that resorts to a LPV model to merge
the differential drive kinematic model with the global position obtained from the PCA-

based 2D positioning system;

* the self-localization system is integrated in a closed loop to perform navigation tasks. The
robot motion resorts to navigation functions along a set of waypoints, extracted from a

GVD-based roadmap.

1.4 Thesis layout
This thesis is organized as follows:

» This chapter presented some of the approaches usually implemented in mobile robot
navigation systems, giving a special focus to the environment perception and the
self-localization systems, using sensor fusion. This chapter concludes by introducing the
concept of the self-localization system developed in this work and detailing its main

advantages over the competing systems.

* Chapter 2 presents a set of mobile robot optimal attitude estimators. The section 2.2
details the KF design to estimate the attitude, merging the signals provided from a
digital compass with the odometry. This estimator will be used to analyse the proposed
self-localization system performance, using grayscale images (chapter 3) and depth
images (chapters 4 and 6). In addition, a set of new attitude estimators based on CF
design to merge the signals provided by three sensors, considering different inputs

combinations, is detailed in section 2.3. Simulation results using these attitude
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estimators are presented in section 2.4. The design of some equivalent discrete-time
attitude estimators, aiming the implementation in a mobile robot platform to perform
navigation tasks (chapter 5) is detailed in section 2.5. The section 2.6 illustrates

experimental results with dead-reckoning localization.

* In chapter 3, the proposed self-localization system architecture is detailed and
experimentally validated. The PCA-based positioning system, using grayscale images
captured from the ceiling, is detailed in section 3.2 and motivation results are illustrated
in section 3.3. The 2D position linear estimator design, using a LPV model for a
differential drive mobile robot, is detailed in section 3.4. This chapter presents, in section
3.5, a set of experimental tests to validate the developed self-localization system

robustness, integrating the attitude estimator detailed in section 2.2.

* Chapter 4 presents a PCA extension to reconstruct signals corrupted by missing data
(section 4.3). For performance analysis purposes, experimental depth image
reconstruction results are shown in section 4.4, using the PCA algorithm in depth images
corrupted with different ratios of missing data. In section 4.5, motivation results using
corrupted depth images in the extended PCA-based positioning system are illustrated.
This PCA extension is integrated in the self-localization system, with the attitude
estimator detailed in section 2.2 and the 2D position estimator presented in section 3.4.
This chapter presents, in section 4.6, a set of experimental tests to validate the

self-localization system using ceiling depth images, corrupted with missing data.

* In chapter 5, the self-localization system is integrated in a close loop to perform
navigation tasks (section 5.2). The section 5.3 details the roadmap based on GVD
construction, according with the grid information about the ceiling images mapping. The
GVD-based roadmap is used to extract a set of waypoints along the path. The motion
controller based in navigation functions is detailed in section 5.4. The experimental
results to validate the navigation system in a real indoor environment are presented in
section 5.5. These tests are performed using a self-localization system composed by the
extended PCA-based positioning system for depth images, detailed in chapter 4, the
attitude estimator addressed in section 2.5, and the 2D position estimator presented in

section 3.4.
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* Chapter 6 presents some implementations using PCA-based 2D localization. Thus, in
section 6.2, the self-localization system architecture for ceiling depth images, presented
in section 4.6 is integrated in a closed loop control system and used to control the mobile
robot pose in a real environment. In section 6.3, an alternative PCA-based positioning
system, resorting to a Bayesian probabilistic grid-map is detailed. This bayesian
PCA-based 2D positioning system is integrated in a self-localization system, composed
by the attitude estimator detailed in section 2.2 and the 2D position estimator presented

in section 3.4, and is experimentally validated.

* Finally, chapter 7 details and discuss the main conclusions about the developed work

(section 7.1) and presents some pointers for future work (section 7.2).






Design of mobile robots attitude estimators

2.1 Introduction

The design of a navigation system requires the attitude estimation based on information
provided from sensors installed on-board. The mobile robot attitude can be estimated from
measurements provided by a set of the available sensors (e.g. compass, rate gyro,
accelerometers, encoders, etc.). Thus, from an accurate attitude estimation, it is possible to
perform dead-reckoning, i.e., to estimate the position using only the knowledge about
motion sensing. With the increasing availability of sensors to estimate this variable, sensor
fusion techniques are often applied to merge the signals provided from more than one
sensor. When the sensor fusion is applied to attitude estimation, the sensor fusion
improves the accuracy of sensor signals and, consequently, the dead-reckoning accuracy.
Notice that sensor fusion is not only applied in robotics, being also an increasingly

common approach in the control loops design, in general.

The KF is one classical sensor fusion technique for linear systems corrupted by white
noise. This estimator merges the signals provided from several sensors with a set of Kalman
gains, computed by a MMSE algorithm and, thus, provides optimal estimates (Mitsantisuk
et al., 2012; Zhang et al., 2015).

Alternatively to the use of KF, the estimator design based on Complementary filtering is

often used to perform the sensor fusion. The CF design allows the fusion of signals
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corrupted by stationary noise, through filters with different frequency bandwidths to
produce more precise signals in the time domain. The main advantages of CF are the
simplicity to design the estimator and the more intuitive parameters tuning. The CF has
been widely applied in two signals fusion, combining a Low-Pass Filter (LPF) with an
High-Pass Filter (HPF) (Pascoal et al., 2000; Euston et al., 2008; Kubelka and Reinstein,
2012; Luetal., 2014).

Nowadays there is a large number of commercially available sensors that can provide
measurements related to attitude. The existence of more than two sensors in a sensor
fusion approach allows a more accurate estimate or avoid erroneous estimation results,

thus providing redundancy and a more robust or reliable estimate.

This chapter presents some approaches to design mobile robots attitude estimators,
based on sensor fusion, resorting to KF and CF techniques. These estimators can be
implemented in mobile robots navigation systems for dead-reckoning localization or
integrated in a global self-localization system, when aided by a system that can estimate the

global position in the environment (Carreira et al., 2012a,b, 2013, 2015b).
Thus, this chapter is organized as follows:

* The design of a KF for mobile robot attitude estimation, merging the signals provided
from a digital compass with the odometry sensors, is presented in section 2.2. This
estimator will be integrated in the self-localization systems presented in chapters 3 and
4, that use ceiling grayscale and depth images to obtain the robot position, respectively.
Later, this estimator will also be integrated in some PCA-based localization systems

implementations detailed in chapter 6.

* In section 2.3, alternative approaches to design estimators based on CF to estimate
variables is presented and analysed. These new class of estimators are designed to
merge the signals provided by several sensors based on complementary filtering.
Aiming to fuse signals provided from three sensors to estimate the attitude of a
mobile robot, this class is analysed in detail, taking into account the sensors that are
merged. This class is complemented with the design of a Kalman filter, keeping the
complementarity propriety. The results are analysed considering a simulation scenery

in section 2.4.
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* With the purpose of implementing the optimal CF-based attitude estimators in a
mobile robot platform, where the signals are processed by a digital processor, section

2.5 presents the design of equivalent discrete-time CF estimators.

* To validate the estimators design, the discrete-time CF are implemented in a real
mobile robot platform and its pose is estimated by dead-reckoning, in section 2.6,
using real data extracted from three sensors installed on-board. This attitude
estimator will be integrated in a self-localization system, using ceiling depth images,

and applied in the navigation system detailed in the chapter 5.

* Finally, section 2.7 presents some conclusions about the designed estimators,

presenting same advantages and disadvantages of the different approaches.

2.2 Kalman filter design for optimal attitude and angular

slippage estimation

This section presents the design of the KF for mobile robot attitude estimation that will
be implemented and experimentally validated in the PCA-based self-localization system,
using vision images captured from the ceiling, detailed in the chapter 3 (Carreira et al.,
2012a,b). In addition, this KF for attitude estimation will be integrated in the extended
PCA-based self-localization system detailed in chapter 4, that computes the robot position
from ceiling depth images corrupted with missing data (Carreira et al., 2015a), and in other

implementations presented in chapter 6.

When a differential drive mobile robot is moving, disturbances due to uncertainties on
the wheels radius, incorrect distance between wheels, asymmetries on the axis, etc. cause
slippage between the attitude that can be obtained from odometry and reality. In order to
estimate the attitude of the robot, considering these phenomena, this section proposes the
implementation of an attitude and bias estimator designed by Pascoal et al. (2000).
Following this approach, a new state (s,) is adopted in the attitude kinematic model,

extending it to explicitly take into account the angular slippage.

Thus, the kinematic model that describes the attitude, taking into account the angular
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slippage is:

z,l}:a)+sa+;41 (2.1)

Sa= 0+ (2.2)

where s, is the angular slippage and w is the angular velocity obtained from the odometry,
i.e. w = w,. It is assumed that s, is constant or slowly varying i.e. 5, = 0) and the noise in the
odometry and the slippage velocity are assumed to be disturbed by zero-mean uncorrelated
white Gaussian noise, y; ~ N (0, aiz). Expressing the previous equations in a state-space form,

T
with state vector x = [ Y s, ] , the dynamic model is defined as:

F B G
—_— — —_—
0 1 1 1 0
X = X+ W+ Ha (2.3)
0 0 0 01
z:[l 0]x+ya (2.4)
—_——
H

T
where p, = [ Ho Mo ] is the corresponding discrete process noise and y, is the white

Gaussian noise present in the compass measurements ..
Applying the KF design approach, the classical estimator model is obtained:

% =F%+Bw +K(z— HR) (2.5)

z

Hx (2.6)

where K = [ K; K, ]T is a the Kalman gain matrix, computed through the stochastic
characterization of the uncertainty present in the sensors measurements. Being R the
covariance of the white Gaussian noise associated with the attitude sensor (measurement
noise), and Q the covariance of the white Gaussian noise associated with the odometry

(process noise), the optimal gains can be obtained as usual, i.e.
K=PH'R™! (2.7)
where P is the covariance of the estimation error, solution of the algebraic Riccati equation,

FP +PFT —~PH'R'HP+Q = 0. (2.8)
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Figure 2.1 presents the corresponding attitude estimator block diagram where 1 is the
attitude measured in the compass, 1., and ¥ is the angular velocity provided from the

encoders’ odometry, w,.

© =

Figure 2.1: Kalman filter block diagram for attitude estimation.

The KF to provide optimal estimations requires the computation of the optimal gains for
the matrix K, resorting to a classical Kalman filter design. This can be achieved through the

stochastic characterization of the uncertainty present in the sensors measurements.

Since the attitude estimator is to be implemented in a digital processor, a discrete model
must be obtained. Following the assumption that the angular velocity w is constant between

sampling instants, i.e. Zero Order Hold (ZOH) assumption, the discrete-time linear model

results:
F B G
1T T T T
x(k+1) = x(k) + w(k) + u(k) (2.9)
0 1 0 0 T
20=] 1 0 [xk+y® (2.10)
H

where T is the sampling time. The corresponding KF for discrete-time optimal estimation is

represented by the compact structure given by:
%(k+1) = Fx(k) + Bw(k) + K[z(k) — HX(k)] (2.11)

T
where K = [ K, K, ] are the Kalman gains, computed based on the discrete Kalman filter

design as follows:

K =PHT(HPH' +R)™! (2.12)
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being P computed by solving the discrete-time algebraic Riccati equation (Brown and

Hwang, 1997).

The robot angular velocity can be computed from the odometry numerical differential as

the follow:

ST (LR LR e R 213)

where r is the wheels radius, [ is the distance between wheels, @, and «; are the right and
left accumulated wheels angles, respectively, computed from the encoder pulses count. This
estimator, relying on the numerical differentiation of instantaneous odometric readings, is

represented on the block diagram of Fig. 2.2.

-1
; Kzﬁ% z r
- +

K;

Figure 2.2: Block diagram of attitude estimator with numerical differentiation.

The use of a numerical differentiation on the instantaneous sensor readings must be
avoided, as this operation amplifies the noise present. Since the accumulated angles of the
wheels (a, and a;) are directly available from the hardware, the attitude measurement can

be calculated by:

r

bolk) = (@, — )} (2.14

This change in the odometry signal leads to the design of an equivalent KF, as shown in the
Fig. 2.3. The estimate of the angular velocity will be used in the LPV, equation (3.26), being

obtained through a numerical differentiation of the estimated attitude of the robot:

Pk (k1)
T

(k) = (2.15)

This solution, although calculated with a numerical difference, is filtered by the attitude

estimator. Thus, the attitude estimator uses the raw data provided from the encoders,
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Figure 2.3: Block diagram of attitude estimator without numerical difference.

instead of measurements obtained from their direct numerical difference, which operation

increase the sensors noise.

2.3 Complementary filters design for attitude estimation:

continuous-time

2.3.1 Complementary filter design for multiple sensors fusion - CF™

With the great development of MEMS, an increasing number of sensors are available in the
market, becoming easier and cheaper to purchase sensors to be implemented in measuring
systems. Moreover, considering that each sensor has its advantages and limitations, it is
usual the use of more than one sensor to estimate the same variable. When redundant
measurement systems are applied to estimate the same variable, CF is typically
implemented in sensor fusion. CF have been widely used to merge two signals, using a LPF
and a HPF, with complementary frequency bands. One of the methods used to design CF is
the use of 15 order filters, whose Transfer Functions (TF) that relates the measured variable

with the estimated are given by the following equations (Brown and Hwang, 1997):

1
1(5)= —— (2.16)
Ty(s) = Tfjl (2.17)

where Tj(s) and T,(s) are the LPF and the HPF transfer function, respectively, and 7 is the
time constant, inversely proportional to the cut-off frequency, T = 1/f.. The Bode diagrams

corresponding to the equations (2.16)—(2.17) are depicted in Fig. 2.4.

However, when it is intended to combine signals provided from more than two sensors,
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Figure 2.4: CF Bode diagram with two inputs.

using the complementary filter techniques, it becomes necessary to implement estimators
with more than two inputs. This section presents an approach to design CF with multiple
inputs (CF™), increasing the number of possible combinations to implement the sensor
fusion. This method allows the CF design to estimate a variable, taking into account the
number and the type of available sensors. Thus, the approach presented in this section
proposes an estimators class inspired on a CF, denoted as CF™, that merges signals
provided by several (m) sensors, using only part of frequency spectrum from each one. The
implementation of all sensors together will cover the whole spectrum, providing
distortion-less estimates of the unknown quantities. = This means that one sensor
complements others in frequency domain, thus the name complementary. The CF™
estimator considers m sensors signals merged in different, yet complementary frequency
bands. The frequency spectrum is split in m bands. The complementarity is achieved if the

estimator output has an unitary magnitude gain over whole frequency spectrum.

Consider the CF design to estimate a variable i(t), abbreviated in the sequel by v,
combining m filters with frequency bands complementary between each other. Lets
consider 1(s) the Laplace Transform (LT) of the signal ¢, and T(s), i = 1,...,m the TF of each
filter that composes the CF estimator, the global TF that relates the measured variable 3 (s)

with the estimated gﬁ(s) is:
P(s)=P(s) ) _Ti(s) (2.18)
i=1

Considering that each filter has a complementary frequency band with each other, it is a
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required condition that the sum of TF has unity gain for all frequency spectrum.

iTi(s) =Ti(s)+ Th(s)+...+ T, (s) =1 (2.19)
i=1

Consider the follow generic TF that relates to the measurement variable, 1(s), with the

estimated 1,5(5),

() bps"+b, 5"+ + by
(s)  a,s"+a, 15" +...+ag

T(s)= Ld (2.20)
P

Thus, to ensure the equality presented in equation (2.19), the numerator and
denominator coefficients, must be equal, i.e., ag = by,a; = by,...,a, = b,. To design a CF that
receives signals provided by m sensors, the equation (2.20) will take the order n = m -1,
with purpose to be decomposed in m filters TF, such that the sum ensures the necessary
equality of equation (2.19). It is assumed, in this estimator, that the higher order
coefficients has a unitary value, a, = b, = 1. Attending to this assumptions, the proposed
CF™ is composed by a combination of m filters with complementary frequency bands,

where the TF corresponding to each filter is given below:

ap

Ty (s) = 2.21
1(s) s"+a,_ 1" +... +as! +a ( )
1
as
T>(s) = 2.22
2(5) s"+a,_1s" 1+ +as! +ag ( )
-1
a,_15"
T,-1(s) = 1 2.23
m-1(8) s"+a,_ 15"+ . +agst +a (2.23)
Sn

S ost4a, s+ +ags! +ag
where Ty (s)+ To(s) +... + T,,,_1(s) + T,,,(s) = 1.

Figures 2.5-2.7 presents the Bode diagrams corresponding to the TF given by equations
(2.21)—(2.24), for different inputs number. Thus, as it is possible to observe the Bode
diagrams depicted in both figures, the equation (2.21) represents a LPF, the equation (2.24)
represents a HPF and the remaining equations (2.22)—(2.23) represents Band-Pass Filters
(BPF). Both filters were designed with the same order number, according with number of

CF inputs n = m — 1. Analysing the Bode diagrams it is possible to observe that the CF
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Figure 2.5: CF Bode diagrams with three inputs (m = 3).

o

=

[}

°

2

c

=)

(o]

=
= LPF gain
== BPF1 gain
= BPF2 gain
== HPF gain

Global gain N

Frequency

Figure 2.6: CF Bode diagrams with four inputs (m = 4).
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Figure 2.7: CF Bode diagrams with five inputs (m = 5).

covers all frequencies spectrum with unity gain, whatever the inputs number used in

sensor fusion.

The sensor fusion implementation with more measured signals has several advantages.
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In addition to increasing the number of signals used in sensor fusion, allows to adjust the
sensors to different CF frequency bands, availing the best that each one can contribute to
the estimated variable. Nowadays there are different sensors, with inherent characteristics
to each one, where the use of their signals in different frequency bands leads them to
produce different estimates. For example, consider a sensor fusion system design where the
estimation can be obtained through the signals provided from three types of sensors:
position (1), velocity (i) and acceleration (1)), that are available to be implemented. In
spite of, in real applications it has been usual to implement certain measurements
combinations in the LPF and the HPF, when a CF is used to merge two signals with these

three measurements types it is possible to implement a maximum of nine different

combinations (see Table 2.1).

Table 2.1: CF sensor fusion combinations.

no LPF HPF

O 0 N O U s W
R I SR e S o
e e e e e

However, with the implementation of a CF with three inputs, as it is depicted in Table
2.2, there are more possibilities for combining them in the different frequency bands. In
section 2.3.2 the design of CF with three inputs will be analysed with more detail, presenting

the block diagrams of some of these combinations.

As seems obvious, when the number of signals in a sensor fusion increases, the
combinations possibilities increases significantly. Table 2.3 shows the maximum CF
combinations that can be possible to design, given the sensors’ number that is intended to

merge, relating with the different measurements types that can be obtained from them.
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Table 2.2: CF3 sensor fusion combinations.

no LPF BPF HPF
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Table 2.3: Maximum CF™ possible combinations taking into account the available sensors
types and the inputs’ number.

CF inputs 2 sensor types 3 sensor types

2 inputs 22=4 32=9
3 inputs 23 =38 33 =27
4 inputs 24=16 34 =81

5 inputs 2° =32 3% =243

m inputs 2m 3"
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2.3.2 Complementary filter design with three frequency bands - CF3

In the section 2.3.1, an approach was presented to merge signals provided by a set of sensors,
based on complementary filtering methodology. This section aims the design and analysis
of a CF, merging the signals provided by three sensors. This estimator, denoted as CF3, is
characterized by having three inputs, which signals are merged in complementary frequency
bands, as referred above (Carreira et al., 2015b). The CF3 is composed by a LPF, a BPF and
a HPF. Complementarity is achieved if the estimator output has an unitary magnitude gain

over whole frequency spectrum.

Lets focus on the CF? design to estimate the attitude of a mobile robot with three on-
board sensors. Assuming that the sensors provide measurements related to the attitude, the

filters are complementary if the following equality holds:
Tl (S) + TQ(S) + T3(S) =1 (225)

where T(s), T,(s) and T3(s) are the transfer functions from each of the sensors i = 1,...,3 to

the robot attitude 1, i.e. the CF® output.

Furthermore, being K; and K, positive parameters, then, one possible TF that relates the
LT of the measured attitude i(s) with its estimate lﬁ(s), is:

_ 52+K15+K2
s2+Kis+ K,

i(s) (s) (2.26)

This second order transfer function can be decomposed into three transfer functions,
ensuring the equality given by equation (2.25), for the purpose of obtaining the transfer

function that relates each input with the CF? output:

P(s) = T (s)9p(s) + To(s)9(s) + T3(s)1(s) (2.27)

where T;(s) is a HPF, T,(s) a BPF, and T3(s) a LPF, characterized respectively by the following

transfer functions:

2
s

Ti(s) = Tk K (2.28)
Kls

Ty(s) = (2.29)

52 + K15 + Kz

K;

Ts(s) (2.30)
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Figure 2.8: CF? Bode diagram.

Figure 2.8 shows the Bode diagrams corresponding to the transfer functions given by
equations (2.28)—(2.30). Unitary gain along the whole frequency spectrum is thus obtained.

All filters have the same two eigenvalues, i.e. the roots of the characteristic equation, given

by:

Ky + /K? - 4K,

PTi,5 =\~ 5 (2.31)

and the zeros for each filter can be obtained as follows,

zr; ={0, 0} ,zp, ={0} ,zp, ={} (2.32)

Reorganizing the transfer function given by equation (2.26), the model of a CF® could be

analytically represented as the differential equation:

%

P=P+ K-+ Kp-9) (2.33)
with the corresponding block diagram depicted in Fig. 2.9.

Notice that the CF? has three inputs, allowing to merge the measurements provided by
three sensors, each one corresponding to a different physical quantity, that can be
denominated generically as (attitude) position (1), velocity (1), and acceleration (). The
position signal is filtered by the LPF, the velocity by the BPF, and the acceleration by the
HPFE. The filters gains can be computed based on its parameters without the need to know

the stochastic noise and any system physical model. Hence, to implement the CF3, it is only
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©n =

+_% K

Figure 2.9: CF3 block diagram.

needed to take into account the CF property along the frequency spectrum, and the
characteristic of the individual sensors used, allocating the sensor signals to the

corresponding filter input.

To analyse if the obtained CF? is optimal, the model given by equation (2.33) has been
written with a space-state representation, considering the state and output vectors

T
x= [ 1 ] and z = %, respectively:

x = Fx + By + K(z - H) (2.34)
z = Hx (2.35)
with:
0 1 0 10
Fcps = ,Bcps = ,Hcps = (2.36)
0 0 1 0 1

and the CF? gain matrix is given by:

0 0
Keps = . (2.37)
K, K

Notice that the gain matrix K¢gs is sparse, corresponding to a non-convex estimation
problem. The most important consequence is that optimality is lost in general, i.e. tuning
the gains K; and K, does not render the CF® optimal. To attain optimality, a linear Kalman
filter must be designed for the problem at hand. The design of the equivalent optimal

estimator will be presented in section 2.3.3.
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2.3.2.1 Alternative CF3 structures

The sensor fusion approach based on the CF3 depicted in Fig. 2.9 considers that each
sensor measures a different physical quantity, related with the same variable. In this case, a
position variable is estimated based on position, velocity and acceleration measurements.
However, as it was discussed in section 2.3.1, the sensor fusion based on complementary
filtering allows the possibility of different combinations according with the available
sensors. For example, looking to the 1° line of Table 2.2, it is possible to observe a sensor
fusion considering three position signals. This fusion combination can be obtained by
changing the architecture model depicted in Fig 2.9 by other equivalent, with 3 inputs

position, which is shown in Fig. 2.10

1 + 1 ++ ¢
QKo [ & L é
+ s s

Figure 2.10: CF3 block diagram with three inputs (LPF: ¢, BPF:¢p, HPF:9)).

As it was detailed in Table 2.2, this approach allows to obtain other alternative CF3
structures, tacking into account the sensors intended for use in the sensor fusion. Now,
considering a practical application which aims to estimate the attitude angle of a mobile
robot, merging the signals providing by three sensors, with two different physical quantities,

i.e., one velocity plus two position sensors.

Analysing the Table 2.2, it is possible to find three combinations with one velocity and
two position signals inputs. Figures 2.11, 2.12 and 2.13 show the architecture of the
combinations number 2, 4 and 12, respectively. All of these CF3 models are represented by
the same transfer functions, equation (2.27), and have the same frequency response. Thus,
it is possible to conclude that the proposed CF? design methodology also allows to obtain
CF® equivalent estimators, changing the filter structure, while keeping the transfer

functions of each filter.
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Figure 2.11: CF? block diagram with three inputs (LPF: 1), BPF:ip, HPF:9)).
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Figure 2.13: CF? block diagram with three inputs (LPF: ¢, BPF:yp, HPF:9)).

2.3.3 Optimal complementary Kalman filter design with three frequency
bands - CKF3

The section 2.3.2 presents an estimator design to merge the signals provided by three
sensors. Although the parameters can be easily tuned according with the desired frequency
bands, looking to the gain matrix Kcps shown in equation (2.37), it is possible to observe
that it is sparse, with a corresponding non-convex estimation problem (Carreira et al.,
2015b). To attain optimality, a linear Complementary Kalman Filter (CKF?), equivalent to
the CF?, is proposed in this section, for the problem at hand. In that case, the gain matrix
has the same dimensions than the presented in equation (2.37) but the Kcggs matrix is full.

Such approach allows the design of a fusion solution that best suits the sensors
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Ky
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Figure 2.14: CKF? block diagram.

characteristics, preserving the corresponding filter frequency band, while providing

optimal estimates.

Pursuing the classical Kalman filter design approach, a full Kalman gain matrix Kcgps

is obtained, with four gains to be determined, i.e.,

K1 K
Kexps =| 0 2. (2.38)
Ky Ky
Using (2.38) in the model, equations (2.34)—(2.36) leads to the CKF? filter shown in Fig.
2.14. Notice that two more gains are now present in this model, when compared with the
suboptimal model depicted in Fig. 2.9. Analysing the CKF? structure presented in Fig. 2.14,

it can be concluded that the transfer functions relating the signal from each sensor with the

corresponding filter output are as follows:

Ps) 1

Fy(s) = a(s)  (1+Kpp)s2 + (Kqq +kyp)s + Koy (2.39)
lﬁ(S) K12S +K22

FZ(S) a)(S) (1 +K12)52 + (Kll +K22)S+K21 (240)
lﬁ(S) Klls +K21

F3(s) = V() (1+Kpa)s2+ (K + Kpo)s + Koy (2.41)

where w(s) and a(s) are the LT of signals 1) and ¢, respectively. The global TF will be given
by the following equation:

A

$(s) = E1(s)a(s) + Fa(s)o(s) + Fs(s)ip(s) =
= Fy(s)5>9(5) + Fa(s)s9p(s) + F3(s)p(s) (2.42)
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Finally, equation (2.42) can be written as equation (2.27), being Ti(s) = Fi(s)s?,
T>(s) = Fy(s)s and T3(s) = F3(s). Moreover, analysing the transfer functions of each filter,
equations (2.39)—-(2.41), it can be concluded that the condition expressed by equation (2.25)

is also satisfied resulting a global transfer function as follows:

d(s) = (1+Kj2)s® + (Kq1 +Kap)s + Kp;
(1+Ky2)s2+ (Ky1 + Kpp)s + Ky

(s) (2.43)

In conclusion, the use of the structure associated to the linear KF leads also to a CF, with
the advantage of attaining optimal performance, preserving the minimal representation and

the stability.

Figure 2.15 shows the CKF3 block diagram and Fig. 2.16 the corresponding Bode
diagram. Once again, three filters working in complementary frequency bands and with

unitary global gain along the whole frequency spectrum are observed.

The Bode diagrams are designed according to the gain matrix, since there is a

Figure 2.15: CKF? block diagram with three inputs (LPF: 1, BPF:1, HPF:).
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Figure 2.16: CKF? Bode diagram.
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relationship between the filter gains and the corresponding system eigenvalues and zeros,
which can be obtained from the transfer functions of each filter. Thus, all filters have the

same two eigenvalues, given by:

| Ky + K +/(Kyq + Kp2)? —4(1 + KKy, 044
pT],Z,S - - 2(1 +K12) ( . )
and the zeros for each filter can be obtained as follows:
K3 Ky
={0, 0} ,zp. =150, ——=} ,zp. =<3——"5%. 2.45
s { } ZT, { K1 } 2T, { Ko ( )

For the CKF? to provide optimal estimations, it requires the computation of the optimal
gains for the matrix Kcggs, resorting to a classical KF design. This can be achieved through
the stochastic characterization of the uncertainty present in the sensors measurements.
Being R the covariance of the white Gaussian noise associated with the LPF and BPF
(measurement noise), and Q the covariance of the white Gaussian noise associated with the
HPF (process noise), the CKF? optimal gains can be obtained as usual, i.e., by the equation
(2.7), where P is the covariance of the estimation error, solution of the algebraic Riccati

equation, computed by equation (2.8).

2.3.3.1 Alternative CKF3 structures

As with the CF3, the CKF? also allows to obtain alternative structures to merge the signal
provided by the same three sensors (see Fig. 2.17-2.19). The implementation of these
alternative structures enable to merge the signals from each sensor, considering different

combinations of frequencies bands. These structures are all represented by the same

P
K11 —
ll.’ 1 TK 1 ++ 1 ++ 1!’
s 2/ 5 s
- + +
P

=y LKZZ
Kiz

Figure 2.17: CKF? block diagram with three inputs (LPF: i), BPF:1, HPF:).
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Figure 2.19: CKF? block diagram with three inputs (LPF: i, BPF:p, HPF:¢)).

transfer functions, the same equation (2.43), and the same frequency response, as the

structure developed above and presented in Fig. 2.14.

2.3.4 Optimal Kalman filter design - KF?

This section presents the optimal estimator design to merge the signals provided by three
sensors, based in Kalman filtering. This estimator, denoted as KF3, is based in the sensory
system global model, and is developed through the physical variables of each sensor

implemented in the particular estimation process.

Thus, lets consider an estimator design to estimate the attitude of an indoor mobile robot,
merging the signals provided by a digital compass, odometry and rate gyro. Analysing the

sensors measuring physical variables, it is possible to obtain the equations that relates the
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mobile robot attitude (1) and angular velocity (¢) with the signals provided by each sensor:

Ye=19 (2.46)
Yo=+e (2.47)
w,=1-b (2.48)

where ., P, and w, are signals provided by the digital compass, odometry and rate gyro,

respectively, e is error caused by the odometry slippage, and b is the bias existing in the rate

gyro.

The sensor models presented in equations (2.46)—(2.48) can be written in a space-state

T
representation, considering the state and output vectors x = [1/; b e] and

T
z= [ Ve W, ] , respectively, and w = w,:

x=Fx+Bw+pu (2.49)
z=Hx+Dw+y (2.50)
with:
010 1
1 00 0
Fxps=10 0 0 [,Bxpz=| 0 |,Hgps = ,Dgps = (251)
1 01 0
0 00 0

Pursuing the Kalman filter design approach, the classical estimator model is obtained:

% = F& + Bw + K(z — H%) (2.52)

Z

Hx (2.53)

where K is a full Kalman gain matrix, with six gains, as shown below:

K1 Kiz
Kkrps=| Ky Ky |- (2.54)
K31 Ksg

Figure 2.20 presents the KF® block diagram, that can be obtained from the equations
(2.49)-(2.54).
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Figure 2.20: KF3 block diagram with three inputs (LPF: ¢, BPF:¢p, HPF:1)).

Analysing the KF3 structure presented in Fig. 2.20, it can be concluded that the transfer

functions relating the signal from each sensor with the corresponding filter output are as

follows:
P(s) K152+ (Kq1K30 — Ko1 K31 + Kpp)s + Ky K3p — KoKy
Fi(s) = 0e) den(s) (2.55)
P(s)  Kyas?+Kpos
B R EETE) (250
P(s)  s2+Ksps
F3(s) = o)~ (den(s)) (2.57)

with den(s) given as follows:
den(s) =s> + (Ky1 + Ky + K3p)s® + (K11 K35 — Kp1 k31 + Koy + Kpp)s + Kp K3 — KppK3p - (2.58)
resulting in the global transfer function given by the following equation,

P(s) = F1(s)1p(s) + Fa(s)ip(s) + F3(s)w(s) =
= F1(s)(s) + Fa(s)y(s) + F3(s)syp(s) (2.59)

Lets defined T (s) = F1(s), To(s) = F»(s) and T3(s) = F3(s)s, the global transfer functions in

equation (2.59) can be rewritten as follows:
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P(s) = Ty (s)ip(s) + To(s)ip(s) + T3(s)p(s) (2.60)
P(s)  s3+(Kyp + Kyp + Ksp)s? N (Ky1k3o =K1 K31 + Koo + Kz:z)S+
(s) den(s) den(s)
Ky1ksp —KyoKzp
g (2.61)

Thus, it is possible to conclude that KF? is designed with a KF structure, but it is also a

complementary filter, preserving the complementary equality presented in equation (2.25).

Looking to the Bode diagram presented in Fig. 2.21 it is possible to observe that, with
KF3 estimator, once again, the three filters work in complementary frequency bands and
with unitary global gain along the whole frequency spectrum.

20

0

LP filter
-80 RN : BP filter M
= HP filter

Global gain

7100 1 1 1 T
Frequency [rad/s]

Figure 2.21: KF? Bode diagram.

The KF? Bode diagrams are, once again, designed according to the gain matrix, since
there is a relationship between the filter gains and the corresponding system eigenvalues
and zeros, which can be obtained from the transfer functions of each filter. Thus, all filters
have the same three eigenvalues that are obtaining solving the cubic polynomial presented

in equation (2.58) and the zeros for each filter can be obtained as follows:

| =(Ky1K32 = Kp1 K31 +Kap) | \(K11K3p — Ko 1 K3y + Kpp)? — 4K (Kp1 K3, — K K31)
ZT = + »
1 2K11 2K11

2T, = {0 , ——} sz, =10, 0, —=K3,}. (2.62)

Once KF? is designed through the Kalman filter approach, the optimal gains for K are

computed based on white Gaussian noise associated with sensors. Being R the covariance



2.3 - Complementary filters design for attitude estimation: continuous-time 53

of the white Gaussian noise associated with the LPF and BPF (measurement noise), and Q
the covariance of the white Gaussian noise associated with the HPF (process noise), the KF?
optimal gains can be obtained as usual, i.e., by the equation (2.7), where P is the covariance
of the estimation error, solution of the algebraic Riccati equation, computed by equation

(2.8).

2.3.4.1 Alternative KF3 structures

Similarly to CF® and CKF?, the KF? also allows to obtain alternative structures to merge the
signal provided by the same three sensors (see Fig. 2.22-2.23). The implementation of these
alternative structures allows to merge the signals from each sensor, considering different
combinations of frequency bands. These structures are all represented by the same transfer
functions, equation (2.61), and the same frequency response, as the structure developed

above and presented in Fig. 2.20.

P
—1 K11
P p + + ++L ]
% - Ky % L6 % R
+ +
[
— K
oy 2
— Ky
+
+
K3z é_'—
1
S
K3 I+

Figure 2.22: KF block diagram with three inputs (LPF: 1), BPF:¢p, HPF:9)).
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Figure 2.23: KF3 block diagram with three inputs (LPF: 1, BPF:¢), HPF:1).

2.4 Simulation results

The proposed estimators developed in section 2.3 were tested and simulated for the
attitude estimation of a mobile robot. The estimated attitude was obtained from the
measures provided by different combinations of three sensors with different characteristics,
namely a rate gyro, a compass, and odometry. The simulated trajectory has a shape of a
square with rounded corners. The robot kept straight during 600 s and turned smoothly
90° to the left during 10 s. After four times, the robot was back to the initial position
having performed the round corners square trajectory. In the performed simulations, the

following noises associated with the sensors were added to the model:

* Rate gyro - Gaussian noise pg ~ N(0,2 x 107%) and a bias of 0.8°/s. However, the bias
can be compensated, without disturbing the estimator input signal, because it has been
observed in a real experiment that after the temperature stabilization that occurs in
20 min the rate gyro bias remains approximately constant (see Fig. 2.24);

+ Compass - Gaussian noise yi, ~ N(0,2x1073) and a magnetic perturbation of 20sin(t.);

+ Odometry - Gaussian noise p, ~ N (0,4 x 107%) and a bias of 0.5°/s. Such a value could

change in a real control loop implementation.

Once the sensors stochastic characteristics were known, the attitude estimation was

simulated considering several fusion alternatives, with the corresponding optimal gains.
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For the two sensor fusion case (CF), the attitude was estimated by the classical KF with two
inputs, thus optimal but with only a subset of the sensors available. For the three sensor
fusion case, the CF? (Fig. 2.11-2.13), the CKF?® (Fig. 2.17-2.19) and KF? (Fig. 2.20 and Fig
2.22-2.23) solutions were exploited. In the last two cases the estimators parameters were
tuned, resulting in optimal gains. Tables 2.4 and 2.5 show the Mean Square Error (MSE) for
the different combinations, considering the classical CF structure (with two inputs) and the

proposed CF3, CKF3 and KF3 structure with three inputs, respectively.

Table 2.4: MSE for different CF - simulation results.

LPF HPF MSE [ rad? ]
¥, ¢, 201x1073
¥, P,  2.02x1073
e W,  2.62x1072
e W, 2.53x1072
Vo W, 1.41 x 102
v, U, 1.41 x 102

Table 2.5: MSE for different CF3, CKF? and KF3 combinations - simulation results.

MSE [ rad? |

CF? CKF? KF?

v, Y. P, 222x107% 1.91x107% 1.86x1073
O Y, Y 299%x107% 1.91x107° 1.86x107°
ve WU, P, 3.22x1072 2.70x1072 2.69x1072
ve Y, ¥, 3.05x1072 2.61x1072 2.62x1072
Yo ¥, ¥, 1.46x10%° 1.46x10%> 1.46x10?
o Y. ¥, 1.46x10* 1.46x10> 1.46x10°

LPF BPF HPF

x10”

Ang. rate [rad/s]
N

Rate gyro
4 = Estimated | |

0 10 20 30 40 50 60 70 80 90
Time [min]

Figure 2.24: Rate gyro bias - experimental results.
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Analysing Table 2.4 it can be observed that the CF inputs combination that provides
estimations with less MSE is the one that has the rate gyro signal as input of the LPF and the
odometry as input of the HPF. The same combination adding now the compass as input of
the BPF, thus resulting in a CKF® or KF?, is the best solution. See Table 2.5 where a slightly
better performance is achieved. Comparing the results presented in Table 2.5, it is possible
to conclude that KF? provides better performance than CKF3. Furthermore, the addition of
more one sensor increases the estimator robustness when in presence of erroneous signals

or sensor faults.

2.5 Complementary filters for attitude estimation: discrete-time

Lets consider the purpose of implementing the developed CKF?® and KF? in a digital
processor to estimate the mobile robot attitude, merging the signals provided by three
sensors: compass, encoders and rate gyro. The first two sensors provide attitude (“position”
measurement) and the last sensor provides angle rate (“velocity” measurement) Once the
sensor fusion is performed by a digital processor, it is assumed that the signals are constant
between two sampling times (ZOH assumption). To that purpose, the discrete-time

complementary filters design will be presented in this section.

2.5.1 Optimal discrete-time complementary Kalman filter design - DCKF3

Aiming the sensor fusion implementation with CKF? in a digital processor, a Discrete-time

Complementary Kalman Filter (DCKF?) to estimate the variable must be developed.

The DCKF? design is developed considering the sensors physical measurements that
will be merged and keeps the TF complementarity, providing optimal estimates. The step

invariant discrete-time linear model, for a sampling time T, is given by:

%(k + 1) = Fx(k) + Bw(k) + K(z(k) - Hx(k)) (2.63)

z(k) = Hx(k) (2.64)

where w(k) is the sampled angle rate, denoted previously as “velocity”, and the system
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matrices are:

Fpckps = 01 ,Bpckrs = . s Hpckps = (2.65)

corresponding to the block diagram depicted in Fig. 2.25. The discrete Kalman gain K is a
full matrix, with a structure similar to that represented in equation (2.38), computed now

based on the discrete KF methodology, through the equation (2.12).

Figure 2.25: DCKF? block diagram (LPF: i, BPF:1, HPF:w).

Analysing equations (2.63)-(2.65), it can be observed that the DCKF® model was
obtained from an estimator that receives [ k) k) w(k) ]T signals in the LPF, BPF and
HPF inputs, respectively. However, as shown in section 2.4, for some noise conditions, the
best solution to perform the sensor fusion may need different input signals. In this case, the
signals provided by the rate gyro, compass and odometry sensors corresponding to have a
DCKF? structure that receives [ w(k) k) (k) ]T as inputs. Formally, two of these
quantities are measurements in the Kalman filter and one is an input. Hence, an equivalent
structure has been designed to cope with the connection of the rate gyro, compass and
odometry sensors in the correspondent DCKF? input, respectively, being the corresponding

block diagram depicted in Fig. 2.26.

Analysing this filter, the transfer functions that relate the signals from each sensor with
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Figure 2.26: DCKF? block diagram (LPF: w, BPF:i, HPF:9)).

the filter output are as follows:

Fi(2) = ig; e ;:n Z(_Zl) 1 (2.66)
Fy(z) = iz; B SPR Tlgzi)(i)z + Kz (2.67)
Fyfz) = LP)Z; _(-TK11 GT_Zﬁl);ze:(;TKsz (2.65)
where
den(z) =(1-Kyy—Kj; + TKyy + TKpp)z 2+ (Kyy +K1p = 2)z7 1 + 1. (2.69)
The global transfer function is given by:
(2) = Fi(2)9(2) + F2(2)i(2) + F3(2)(s) (2.70)

Establishing Ti(z) = Fi(z), Tr(z) = F»(z) and Tz(z) = F3(z)1‘[1 the complementary

Tzl

property in the discrete-time is once again satisfied, i.e.
Tl(Z)+T2(Z)+T3(Z): 1. (271)

Thus, the complementary property is also preserved for the discrete-time filters DCKF?.

2.5.2 Optimal discrete-time Kalman filter design - DKF?

With the purpose of implementing the KF? to estimate the mobile robot attitude in a digital

processor, a Discrete Kalman Filter with three input signals (DKF?) must be implemented.
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The attitude estimator detailed in this section will be implemented in the self-localization
system used in the navigation experiments presented in chapter 5. The design of this
estimator is developed considering the sensors physical measurements that will be merged,

assuming that the signals are constant between two sampling times (ZOH assumption).

Lets consider the KF® continuous model given by equations (2.52) — (2.53),
parameterized with the state-space matrix (2.51). The step invariant discrete-time linear
model, for a sampling time T, is given by:

x(k+1) =Fx(k) + Bw(k) + K(z(k) — Hx(k)) (2.72)

z(k) = Hx(k) (2.73)

where w(k) is the sampled angle rate and the system matrices are:

1 T 0 T
1 0 0
Fpkps=| 0 1 0 [,Bpxkps=| 0 |Hpkps = (2.74)
1 0 1
0 0 1 0

corresponding to the block diagram depicted in Fig. 2.27. The discrete Kalman gain K keeps
a full matrix, with a structure similar to that represented in equation (2.54), now computed

based on the discrete Kalman methodology, through the equation (2.12).

Figure 2.27: DKF? block diagram (LPF: ¢, BPF:, HPF:w).

Similarly to the previous discrete-time estimator (DCKF?), the DKF? is implemented in

the same real application, to estimate the mobile robot attitude, merging signals provided
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by rate gyro, compass and odometry sensors. Thus, to achieve a DKF? structure that receives
w(k) (k) (k) | asinputs,thesame approach than the presented in section 2.5.1 must

be implemented to obtain an equivalent structure.

Notice that analysing equations (2.72)—(2.74), it can be observed that the DKF3 model
was obtained from an estimator that receives | (k) (k) w(k) ! signals in the LPF, BPF
and HPF inputs, respectively. Hence, an equivalent structure has been designed to cope
with the connection of the rate gyro, compass and odometry sensors, respectively, in the

correspondent DKF? input. The corresponding block diagram is depicted in Fig. 2.28.

Figure 2.28: DKF? block diagram (LPF: w, BPF:1, HPF:9).

2.6 Experimental validation

Aiming to validate the proposed estimators in a real application, some experiences were
performed to estimate the mobile robot attitude, using a robotic platform with a
differential drive configuration. Such a platform is equipped with two encoders coupled to
the motors, a digital compass located on the extension arm (robot rear part) to avoid the
magnetic interference from the motors, and a rate gyro over the platform (Fig. 2.29). These
sensors are connected connected by the Universal Serial Bus (USB) to a laptop, placed on

top of the platform, that estimate the mobile robot attitude in real-time.

To test the mobile robot attitude estimation, the DCKF? (section 2.5.1) and the DKF?

(section 2.5.2) were tested considering a trajectory combining both straight lines (constant
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Figure 2.29: Mobile robot platform.

attitude) with semi-circumferences (linear attitude changing), allowing to assess the
localization system operation under different experimental conditions. The tests were
performed with a 0.1 m/s robot velocity and 5 Hz of sampling frequency. During the robot
motion, the real mobile robot trajectory was measured allowing the comparison of the
estimated position by the dead-reckoning with the real one (ground truth test) and the
corresponding error is analysed. To allow for a ground truth analysis, singular points of the
real path were marked at the end of each trajectory. The ground truth path was obtained by

interpolation of the marked singular points.

Looking to Table 2.6, it is possible to observe that DKF? estimator provides error with less
uncertainty than DCKF?. Figure 2.30 shows the attitude and the angular velocity estimated
by the DKF3, where is possible to see that the estimated variables (position and angular
velocity) are very close to the ground truth. Analysing the results depicted in Fig. 2.31, it

can be observed that the dead-reckoning results are close to the ground truth trajectory.

Table 2.6: DCKF? and DKF? estimation error variance - experimental results.

quantity DCKF3 DKF3
Y [rad] 1.9x1072 1.6x1072
@ [rad/s] 5.3x107% 3.2x1073
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Figure 2.30: Attitude and angular velocity estimated with DKF? - experimental results.
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Figure 2.31: Dead-reckoning estimated with DKF? - experimental results.

2.7 Conclusions

This chapter presented the design of an optimal attitude and angular slippage estimator for
mobile robots. This estimator aims the development of a self-localization system that will
be detailed in chapter 3. As will be shown with experimental results, the integration of this
estimator in a self-localization system will aid it in the global pose estimation, using only

on-board sensors, and avoiding the use of the usual model linearization.

In addition, the design of several alternatives to attitude estimators were developed,
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extending the by now classic sensor fusion CF design. Usually, CF has been used in sensor
fusion design to merge two signals, using a LPF and a HPF, with complementary frequency
bands. In this chapter, an approach to design estimators based on complementary filtering,
denoted as CF™, to merge the signals provided by several sensors was presented and
analysed. The CF™ estimator considers a set of m sensors signals merged in different, yet
complementary, frequency bands. The estimator output has a unitary magnitude gain over
whole frequency spectrum achieving, thus, the complementarity propriety. The proposed
approach, besides expanding the inputs number of the sensor fusion, presents the
possibility to combine different sensors measurements by the frequency bands. This means
that the proposed approach allows to increase the possible combinations according to the

number and characteristics of signals used in sensor fusion based on CF.

Aiming the design of a mobile robot attitude estimator, to merge the signals provided
by three sensors, the CF®> was presented and analysed. This estimator corresponds to a
particularization of the CF™, when three inputs were considered. Although the CF?
parameters can be easy tuned according with the desired frequency bands, its estimations
corresponds to a non-convex estimation problem. The most important consequence is that
optimality is lost in general, i.e., tuning the gains K; and K, does not render the CF? an

optimal estimator.

Then, the problem at hand was reformulated and designed as an optimal linear Kalman
filtering (called as CKF?) to perform the same sensor fusion. The optimality was achieved

resorting to an optimal Kalman gain with the same dimension than the CF? gain matrix.

Finally, an optimal estimator to merge the signals provided by three sensors, based in
Kalman filtering, denoted as KF3, was designed to estimate the mobile robot attitude. The
KF? is based on the sensory system global model, and is developed through the physical
variables of each sensor implemented in the particular estimation process. Thus, a KF? to
estimate the attitude, merging the signals provided by a digital compass, odometry and
rate gyro, was presented and analysed. This optimal estimator will be implemented in the

navigation system detailed in chapter 5.

With the purpose of implementing the optimal estimators (CKF® and KF?) in a digital

processor, to estimate the mobile robot attitude, the equivalent discrete-time CF estimators
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were designed, denoted by DCKF? and DKF3, respectively. The mobile robot attitude
estimator merges the signals provided by three sensors (compass, encoders and rate gyro)
by a digital processor. All discrete estimators were developed considering the sensors

physical measurements that will be merged.

Moreover, all designed estimators are shown to preserve the complementary property,
i.e., the sum of the three transfer functions of the respective sensors add up to one. Although
it is possible to design an infinitude of estimators based on the approach proposed in this
chapter, only several of these new filters were presented and analysed, taking into account

the estimator design for mobile robot attitude estimation.



PCA-based 2D localization system for mobile

robots using ceiling vision

3.1 Introduction

The problem of localization without resorting to external sensors and with bounded error
estimates has been a major challenge to the scientific community in the area of mobile
robotics; see Thrun et al. (2005) and the references therein. The inputs to the localization
system are, usually, the measurements provided by the sensor package installed on-board,
like compasses, accelerometers, cameras, time of flight cameras, encoders, ..., and the robot
has to autonomously use these on-board sensors to be able to look at the environment and

rapidly answer the questions: where am I? What am I facing?

The use of vision systems for robot localization is very common due to the ability to
obtain information about the environment (Corke, 2011). Many vision systems compute the
robot pose (position and attitude) from features of the environment (Maohai et al., 2013;
Scaramuzza et al., 2009) or detecting landmarks (Han et al., 2013; Huang et al., 2012; Yuan
et al., 2016).

Although many robots use cameras to look around itself to get its global pose in the
environment, others use a single camera looking upward (Jeong and Lee, 2005; Jo et al.,

2012). The use of vision from the ceiling has the advantage that images can be considered
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without scaling and are less affected by occlusions due to obstacles moving around.
Moreover, ceilings are usually static, increasing the mapping database reliability. However,
the computational complexity of such algorithms in order to obtain features is not
negligible, thus the implementation in real-time systems still demands the search for other

approaches of reduced complexity.

Since such feature based techniques are computationally heavy, the use of PCA in mobile
robots for self-localization has been explored (Maeda et al., 1997; Artac et al., 2002; Paya
et al., 2007), but using front or omnidirectional cameras. Oliveira (2007) proposes the use of
PCA as a positioning system in a terrain reference navigation of UV, using signals extracted

by a sonar point downward. However, the results were only obtained in simulation.

Beyond the problems of image processing for self-localization, another challenge is to
deal with the fusion of the PCA-based positioning system with the odometry data that is
given by the robot kinematics. Mobile robot kinematics (e.g. differential drive) are, in
general, non linear. This fact prevents the direct use of a linear KF, that provides optimal
estimates with stable error dynamics. To tackle this problem, many localization systems
use the EKF to estimate the robot pose merging the odometry with specific features extract
from the environment structure, around the robot (Ganganath and Leung, 2012; Nguyen
et al., 2016; Yuan et al., 2016), or on the ceiling (Jo et al., 2012; Hwang and Song, 2011;
Rusdinar et al., 2012). However, even though it can give a reasonable performance, the EKF
is an non-optimal estimator and it may diverge in consequence of wrong linearization or

sensor noise (Bailey et al., 2006).

To avoid problems mentioned above, the design of position estimators for UVs, using
the estimates provided from an attitude estimator was proposed and simulated by Oliveira

(2007); Batista et al. (2010a).

This chapter proposes and experimentally validates an on-board self-localization system
composed by a PCA-based positioning system using ceiling vision and two KF to estimate
the global position and attitude of a mobile robot with differential drive kinematics. Based
on Oliveira (2007), where the data of a sonar pointed downward to the ground are used
to compute an UV position, through the PCA algorithm, this approach considers a mobile

robot using a video camera looking upward, which ceiling data are used to obtain the robot
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position. Thus, the proposed self-localization system estimates the robot attitude with the
optimal KF detailed in section 2.2. The choice of a LPV model allows the use of a time-
varying KF to estimate the position, guaranteing stability. The self-localization system was
implemented in a mobile robot, using only on-board sensors, and experimentally validated

in an indoor environment (Carreira et al., 2012a,b,c).
This chapter is organized as follows:

* The PCA technique is introduced in section 3.2, leading to the nonlinear positioning

system.

* A proof-of-the-concept of PCA-based localization system is presented in section 3.3,

where motivation’s experimental results were performed in 1D self-localization.

* The 2D linear position estimator, based on a LPV model for differential drive mobile

robots, is proposed and detailed in section 3.4.

* A large set of experiments are reported in section 3.5, that experimentally validate
and allow to analyse the performance of the proposed PCA-based 2D positioning
system and the overall architecture able to solve the localization problem for indoor

autonomous mobile robots.

* Finally, in section 3.6 some conclusions about this chapter are drawn.

3.2 PCA-based nonlinear positioning system

This section presents the fundamentals of the proposed positioning system that will
integrate the self-localization system. In the proposed methodology, the mobile robot
position finds its global position in the environment resorts to PCA, usually denoted as

Karhunen-Loeve (KL) transform.

The basic idea of this technique is based on the conversion of a set of observable signals,
possibly correlated, in a new set of uncorrelated variables, for dimensionality reduction.
Thus, each captured signal (images in the proposed approach) from the environment is
converted into a correspondent eigenvector, that represents a good approximation to the
original, but with lower dimension. This allows to achieve a small and extremely compact

representation of the dataset, when compared with the initially acquired. Therefore, the
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comparison of new signals with the dataset is performed using the fewer data, becoming
faster to compute. In addition, the PCA is computed using only linear computation,
allowing to achieve an optimal approximation of the stochastic signals, minimizing the

mean square error.

Based on Oliveira (2007), the proposed PCA-based positioning system provides the
mobile robot position on an indoor environment from the ceiling images captured by a
camera installed on board, pointed upward (Carreira et al., 2012a,b,c). Essentially, the
mobile robot positioning is based on the pattern comparison problem, through the PCA,
between the current image and others previously acquired on the mapping step, and stored

in the database.

3.2.1 PCA-based signals compression

This section address the construction of the PCA database, that will be implemented to
create the environment map. Consider a set of M stochastic signals x; € RN, i=1,..., M,
each corresponding to the stacked version of an image acquired with the camera installed

on-board the mobile robot and represented as a column vector with mean:
LM
m, = in (3.1)

The purpose of the KL transform is to find an orthogonal basis to decompose a stochastic

signal x, from the same original space, to be computed as:
x=Uv+m, (3.2)

where vector v € RN is the projection of x in the basis, i.e., around the mean value of the

ensemble data, given as follows:

v=UT(x-m,) (3.3)

Matrix U = [u; u; ... uy | should be composed by the N orthogonal column vectors of

the basis, verifying the eigenvalue problem:

Rxxll]' = /\]‘ll]', ] = ].,...,N, (34)



3.2 - PCA-based nonlinear positioning system 69

where R, is the covariance matrix and A; is the covariance associated to the j"h component,

computed from the set of M signals using:

=

__1 - T
Rxx—m' (xz mx)(xz mx) . (3'5)

1l
—_

Assuming that the eigenvalues are ordered, i.e. A; > A1, >... > Ay, the choice of the first n
principal components leads to an approximation to the stochastic signals given by the ratio
of the variance associated with the first n and the total (N) components as follows:

n
_ Z.j:l /\j

=N (3.6)
Yiz14

This step is the key to the large dimensional reduction and, thus, a computational
complexity reduction. Usually, the PCA can achieve high rations for ., with the selection of

few components (n < N).
Analysing the PCA algorithm it is possible to conclude that:

i) the PCA is an optimal (in terms of mean squared error) algorithm and compresses a
high dimensional dataset into a lower dimensional database, through linear
transformations;

ii) the model parameters can be computed directly from the data;

iii) the low dimension of the obtained model, allows the signals processing by

computationally inexpensive operations, ~ O(nN).

These advantages suit specially the problem of mobile robot navigation, using low-cost

systems installed on-board, and requiring reduced memory and computational resources.

Let’s assume a scenario in the area of indoor mobile robotics (e.g. industrial or similar
environments), where a navigation system has to be developed and installed on-board a
mobile robots. Based on Oliveira (2007), the steps to implement a PCA-based positioning

system using ceiling data will be outlined next:

1. The environment that will be mapped should be partitioned in mosaics with fixed
dimensions. This allow the achievement of a PCA-based positioning system with

constant resolution;
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2. Asetof M images with dimension N, by N, are captured from the ceiling. The number
of signals M to be considered depends on the mission scenario dimension, on images

overlapping and the positioning system resolution;

3. The two-dimensional data captured from the images is reorganized in a vector form,
e.g. stacking the columns, a set of M stochastic signals x; € RN, N = NyN,. If a
sub-sample and/or image crop is present, N is the dimension of the extracted pixels
from each image to the database. A circular crop removes non-significant parts to
compare rotated images (Heras et al., 1997). In this case, when the PCA-based
positioning system is running to compute the robot position in real-time, the same

approach (sub-sample and/or image crop) must be implemented;
4. The KL transform is computed, using the equations (3.4) and (3.5);
5. The eigenvalues must be ordered and the number n of the principal components

should be selected, according with the required level of approximation.

The following data should be recorded for later use:

* The data ensemble mean m,;

* The matrix transformation with n eigenvectors

* The projection on the selected basis of all the mosaics, computed using

vi=Ul(x;-m,), i=1,...,M; (3.8)

¢ The coordinates of the center of the mosaics

(Xi,yi), i=1,...,M. (39)

3.2.2 PCA-based positioning system

Based on Oliveira (2007), during the mission, at the time instants t; = Lk (where L is a
positive integer), the acquired image k will constitute the input signal x; to the PCA-based

positioning system. The following tasks should be performed:
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1. Compute the projection of the signal x; into the basis, using

Vi = Uy (% —my); (3.10)
2. Search the mosaic that verifies

TpcA = ml_in Vi —vill2; (3.11)

3. Given the mosaic i which is closest to the present input, its center coordinates (x;,y;)

will be selected as the (x,v)pca(k) measurements.

The relation f between rpc4 allows to obtain the positioning system error covariance R

(observation noise), that will be used in the 2D position estimator design:
RZf”PCA (312)

where f is a parameter chosen according to the environment. It is important to remark
that the robot should travel on the environment at the same distance to the ceiling (locally)
as when the images were collected. Notice that the ceiling does not need to be planar or
horizontal nor at the same height globally. Thus, no scaling corrections are needed. The
PCA-based positioning system using ceiling vision can be straightforwardly extended to
incorporate data from other sensors installed on-board mobile robots, such as information
from ToF cameras or structured-light 3D scanners (e.g. Microsoft Kinect) looking upward,

as it will be show in chapter 4.

3.3 Motivation: PCA-based 1D localization system for mobile

robots

Aiming to achieve motivation results, the proposed PCA-based positioning system was
experimentally validated in a self-localization system along a straight-line (1D
localization). The experiments resorts to a mobile robotic platform with the differential
drive kinematics. This platform has a laptop that controls the motors through a closed loop
motor controller and has a webcam pointing upwards to the ceiling, both connected by
USB. The estimated localization was obtained from a KF that merges the position obtained

from the PCA-based positioning system with the odometry (Carreira et al., 2012c).
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3.3.1 1D Model

The mobile robot kinematic model that describes the movement in a straight line (1D) is,

X=u+b+m (3.13)
b=0+u, (3.14)
considering the following assumptions:

* the slippage velocity is constant or slowly varying (i.e. b = 0);
* the noise in the actuation (motors are in closed loop) and the slippage velocity are

assumed as zero-mean uncorrelated white Gaussian noise, y; ~ N(0, aiz).

T
Expressing the model dynamics in a state-space representation with x = [ x b ] ,

F B G
—_— — —_—
01 1 1 0
X = X + U+ . (3.15)
00 0 0 1 || p
=1 0 |x+y (3.16)
———
H

The output of this system z is the measurement given by the PCA-based positioning
system described in the previous section. Since the position estimator is processed in a
digital processor, the discrete model is obtained assuming that the vehicle velocity u is

constant (ZOH assumption) between two consecutive processing times, resulting:

F B G
] T T T%2
x(k+1)= (k) +| © |uk)+ (k) (3.17)
0 1 0 0 T
4@:[1 o]qm+yw) (3.18)
H

The design of a linear time-invariant Kalman filter for the model described above
follows the classical approach referred in the previous chapter (see equations (2.11)-(2.12))

and detailed by Brown and Hwang (1997).
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3.3.2 Experimental results

The mobile robot self-localization methodology proposed in this work is tested for the
aforementioned mobile robot travelling along a 3 m length straight line. Ceiling images are
captured with a constant distance and referenced, allowing for the creation of the PCA
eigenspace (the image database referred in section 3.2.2) to capture the principal
components of the environment. To create the eigenspace, gray scale images with 320 by
240 pixels are sub-sampled (25 : 1) and transformed into vectors, x; € RN, i=1,...,M,
where M stands for the number of images and N stands for the number of pixels of each
image. Notice that since this is a 1D experiment only one coordinate is necessary, along the

direction of movement.

The covariances to be used in the KF design were considered as constant along the
experiments, being Q and R the covariance error in the actuation and the pose estimator,

2

respectively. The value of Q = 4.1 x 107 m? was obtained measuring the covariance error of

2 was obtained

the robot motion along one predefined path. The value of R = 6.8 x 1073 m
measuring the covariance error of the pose estimator (position given by the PCA-based

positioning system) when the robot moves along the path with images in the eigenspace.

To study the PCA-based positioning system performance, 31 ceiling images (with a
distance of 0.1 m), were captured with the mobile robot travelling with a constant velocity
of 0.125 m/s along the straight line, as mentioned above. The images have been
subsampled with a step of 5 pixels in width and height to reduce the amount of processing
data (25 : 1). Analysing the eigenvalues and selecting components that explain the
variability of the images in an excess of 80%,m results on an eigenspace (image database) of

4 eigenvectors.

3.3.2.1 Monte Carlo performance tests

To analyse the mobile robot self-localization methodology proposed, a Monte Carlo test
composed of 10 experiments as described above has been repeated. Images were captured
at 20 Hz and the PCA-based positioning system was acquired. Figure 3.1 gives the
localization results obtained in one of those experiments. The results show that the PCA

algorithm provides a good approximation to the real robot localization. However, some
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position errors are observed in instants 6 s, 13 s, 18 s and 22 s (approximately). This
happen because the PCA algorithm sometimes finds most similar images in the eigenspace
in distant locations. It is important to remark that the results from the KF smooth out the
position errors present in the PCA-based positioning system. Figure 3.2 shows the

estimated errors for 5 experiments.
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Figure 3.1: Results of PCA-based positioning system and localization estimates from Kalman
filter.
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Figure 3.2: Localization errors of tests along a straight line.
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3.3.2.2 Stability validation

A second test is performed to analyse the positioning system global stability when the initial
position coordinates do not match the robot real initial position. Thus, it is possible to check
that the estimator is able to correct the initial position error, as predicted by the stability
properties of the KF. In this case, the robot was placed 1 m ahead of the usual initial position.
The eigenspace was again created with a distance between acquire images of 0.1 m (same 31
images as in the previous set of tests) and the results presented in Fig. 3.3 show that the
positioning system needs less than 1.5 s to provide an accurate estimate of the mobile robot

localization.
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Figure 3.3: Results of positioning system when the robot starts 1 m ahead of the KF initial
position.

3.3.2.3 Real-time slippage estimation

Another experiment is realized to analyse the localization system performance. Thus, a
set of tests have been performed considering that the mobile robot moves with a constant,
artificially imposed, wheel slippage. Two tests are reported considering that the mobile
robot travels with a slippage in the wheels, that leads to a constant velocity below 0.1 m/s

and 0.2 m/s, respectively in Fig. 3.4 and 3.6, relative to the commanded velocity.

The estimation errors are depicted respectively in Fig. 3.5 and 3.7. Results show that
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Figure 3.5: Error of positioning system when the robot moves with a slip velocity of 0.1 m/s.

the localization system is able to accurately estimate the mobile robot real position in all

situations. The KF estimates present initial higher errors for higher values of slippage

(above 0.2 m/s). After a transient of about 5 s (see figure 3.8), the localization system is able

to estimate and correct the wheels slippage in real-time and the results obtained in the

remaining of the experiments have similar performance as the ones obtained in the
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experiments without slippage.

= [l
B 00N U W

Position [m]

0.5

Error [m]
o

Time [s]

15 20

= = Desired position
PCA position

Estimated position

Figure 3.6: Results of the positioning system when the robot moves with a slip velocity of
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Figure 3.7: Error of positioning system when the robot moves with a slip velocity of 0.2 m/s.

3.3.2.4 Preliminary PCA performance analysis

The PCA-based positioning system design is based on the database construction

(eigenspace), from a set of images captured along the path. However, a trade-off between



78 Chapter 3 - PCA-based 2D localization system for mobile robots using ceiling vision

0.1 T T T T

01 -

Slippage [m/s]

0.3 1 1 1 1

Time [s]

Slippage: 0 m/s
Slippage: 0.1 m/s
Slippage: 0.2 m/s

Figure 3.8: Results of bias in KF for different wheels slippery velocity.

the number of images in the database and the accuracy of the positioning system must be
found. A trade-off will always be found relating the number of images in the database
(eigenspace size) and the accuracy of the proposed positioning system. A preliminary study
on the impact of changing these parameters will be reported in this section. The results
from a set of tests where the image acquisition step varies in the interval [0.05; 0.4] m, i.e.,
using between 61 and 8 images, respectively, were performed creating different
eigenspaces. Hence, the mobile robot positioning system performance has been tested

considering an increase between the eigenspace points used (Table 3.1).

Table 3.1: PCA-based positioning system and localization system with different image
acquisition steps.

2
PCA grid [m] Sample time [s] No. images stored in PCA PCA o’ [;’nCJ\ with KF
0.05 0.4 61 5.45x1073  3.80x1073
0.1 0.8 31 6.63x1073  4.36x1073
0.2 1.6 16 1.06x1072  5.25x1073
0.3 2.4 11 1.36x107%2  3.41x1073
0.4 3.2 8 6.43x1072  3.84x1072

Results show that the PCA-based positioning system with KF was able to identify the
correct mobile robot position based on ceiling captured images, even when the distance
between knowledge points is increased, reducing the number of images in the eigenspace

(Fig. 3.9). For a distance between frames up to 0.3 m, results show that the position error is
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small, not exceeding 0.15 m. For longer distances between frames, e.g. 0.4 m, the position
estimate accuracy presents more degradation. However, even in this case, the error is below
0.4 m, which allows to conclude that the error is less than the distance associated with the

image acquisition intervals.
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Figure 3.9: Results of PCA together with a KE.

3.4 Sub-optimal 2D position estimator

This section presents the design of a sub-optimal 2D position estimator, based on the PCA
nonlinear positioning system just introduced, applied to a mobile robot with differential
drive kinematics (Carreira et al., 2012a,b). To this purpose, a LPV model is derived for the
differential drive robot kinematics. The LPV design aims the definition of a new model,
parameterized with a different variable than the states, with linear dynamics but
non-stationary (Shamma, 2012). This approach aims to avoid the use of nonlinear models

that lead to the design of EKF with well known stability drawbacks.
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3.4.1 LPV model for differential drive robots

The classical differential drive robot kinematics model is given by,

X =ucost (3.19)
Y =usiny (3.20)
Y=w (3.21)

where u is the common mode input velocity. The deterministic continuous-time model
defined by equations (3.19)—(3.21) is nonlinear, which is a strong limitation for the design
of a linear estimator, as a KF. However, the model can be rewritten, increasing the state
space and choosing carefully new state variables, so that the non-linear system becomes a
LPV model. To achieve that structure, differentiating the equations (3.19)—(3.20), using the
information in equation (3.21), and considering that digital control will be used with a

ZOH present (1 = 0), the follow equations are obtained:

X¥=-uwsiny = -wy (3.22)

V=uwcos = wx (3.23)

T
Choosing as state vector x = [ x X Y 9 ] , the LPV model is obtained as follow:

F(w)
(001 0 o0
0 0 0 —w
X = X (3.24)
0O 0 0 1
0O w 0 O
1 0 0 O
y= x (3.25)
0 01 O
—_—
H

3.4.2 Discretization

Considering that the LPV model of the differential drive robot is to be implemented in a

digital processor with a zero-order hold present, and following the common assumption
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that w is constant between sampling instants (ZOH assumption), a stochastic discrete-time

version of equations (3.24)—(3.25), is given by:

[ sinleD) 1-cos(wT) | [ 7 LecoswT) wT—sin(@T) ]
(k+1) 0 cos(wT) 0 -—sin(wT) ” 0 Sln(u()uT) 0 _1—co;(wT) "
x(k+1)= . x(k)+ : w
1—cos(wT) sin(wT) )T—sin(wT) 1—cos(wT)
| 0 sin(wT) 0 cos(wT) | 0 1—602)(wT) 0 sm(a(:)T)
(3.26)
1 0 0 O
z(k) = x(k) + y1(k) (3.27)
0 010
—
H

where p; is the corresponding discrete process noise and y; is the noise present in the
measurements given by the PCA-based positioning system, assumed approximately
Gaussian. The explicit time dependence w(k) on matrices F and G is omitted, for better
legibility. In the case where w(k) = 0, i.e. along straight lines, the matrices that describe the

model degenerate into:

1 T 0 0]
Fw(k) = lim F(w(k)) = 0100 (3.28)
@(k)—0 0 01T
[0 0 01
(7 L2 0 o
G(w(k) = lim G(w(k)) = oo (3.29)
w(k)—~0 o o T T
(0 0 0 T

The kinematic model describes trajectories with constant angular rate and velocity
(Gaspar et al.,, 2011; Li and Jilkov, 2003; Song et al., 2012). In this LPV model, the
parameter variable, w(k), is the instantaneous angular rate estimated by an optimal
attitude KF from on-board sensors (equation 2.15). Thus, it describes the kinematic of

trimming (equilibrium) trajectories for each instantaneous angular rate of the differential
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drive mobile robot and can be applied in dead-reckoning localization (section 2.6) or

merged with a global position system in a time-varying KF, as detailed next.

3.4.3 Observability

To verify that the proposed estimator can lead to an estimator for the state at hand, an
observability study is carried out. Assuming that constant angular rate, @, is considered, i.e.
trimming trajectories, the LPV model presented in equations (3.26)—(3.27) allows the use of

the classical test that results on the computation of the observability matrix:

(1 0 0

0
0 0 1 0
H 0 1 0 0

0, HF(@) | |0 0 0 1 (3.30)
HF(o)? 0 0 0 -
HF(@)® 0 @ 0 0
0 -@> 0 0

0 0 0 -&” |

which verifies rank(0,) = 4, allows to conclude that the model is completely observable.

3.4.4 Position Sub-optimal estimation

The position of the differential drive robot can be estimated resorting to a linear
time-varying KF, parameterized by the angular velocity estimate @&(k) and using
positioning measurements (xpca (k), ypca(k)), provided by the PCA-based nonlinear system,

as depicted in the architecture diagram shown in Fig. 3.10.

Given the observability of the LPV model and assuming a zero-mean uncorrelated
Gaussian noise for the errors in process noise p ~ N (0, (f’f) and for the PCA-based position
system disturbances y; ~ N (0,07%), the KF position estimator is implemented by the

following equation:

x(k +1) =F(w(k)X(k) + K(K)([ xpca(k) pea(k) 17 —HE(K)) (3.31)

Note that the proposed position estimator is sub-optimal due to two main reasons: i)

the system dynamics are parameterized by @, that is corrupted by sensor noise leading to
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the presence of multiplicative noise disturbances, and ii) the PCA-based nonlinear
positioning system provides measurements that are not Gaussian, as its performance
depends on the amount of discriminating information on the images and the grid size.
Moreover, the Gaussian assumption is validated with experiments, as depicted in Fig. 3.15

and discussed later in the experimental section.

Applying the usual approach of KF design, for a process noise with covariance Qy(y;),
the covariance of the predicted estimation error for the LPV model presented in equations

(3.26)—(3.27) is given by:
P(k) = F(w(k))P(k)F(w(k))" + G(w(k))QiG(w(K))" (3.32)

After the measurement of a new position from the PCA-based positioning system, the error

covariance is updated resorting to:
P(k) = P(k) - P(k)H" (HP(k)H" + Ry (k))”'HP (k) (3.33)

where Ry (k) is the covariance of the observed uncertainty, for time instant k, as described in

equation (3.12), that now could be given as follows:

Rl(k) :ny'frPCA(k) (334)

Considering the uncertainty of the estimator P(k) and in the PCA-based positioning
system Rj(k), the Kalman gain that is applied in the global position estimator for instant k

is obtained as follows:

K(k) = P(k)HTR; (k)" (3.35)

The Kalman gain K is a dynamic gain proportional to the estimation error uncertainty
and inversely proportional to measurement uncertainty in the PCA-based positioning
system. This 2D position estimator provides estimation with stable error dynamics, for any

initial conditions in the state vector.

While the attitude estimator can estimate the angular slippage, through the state s, (see
section 2.2), if an extra state would be considered to describe the linear slippage s;, being

implemented in this LPV model, this new quantity is not observable. However, resorting
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to the algebraic estimate of the total common mode velocity i, the linear slippage can be

obtained from the follow equation:

S=u—t=u—+/(x)?+(p)? (3.36)

3.5 Experimental results

The proposed on-board self-localization system architecture (Fig. 3.10) is composed by the
optimal attitude estimator (section 2.2), the PCA-based positioning system (section 3.2.2),

and the 2D position estimator (section 3.4.4).

u
image - .
——— | Circular crop (%, 9)pca
: and — PCA (%9)
: image rotation Position N
estimator
: KF
4 : . o )
: Attitude LPV .
: and DY
a, . . ¥
angular slippage
o estimator 3
_ (KF) :

Self-localization sensor :

Figure 3.10: Architecture of the localization system.

The following notation is used in Fig. 3.10:

* u - commanded linear velocity;

* ¢ - attitude angle given by the compass;

* a, - angle given by the encoder of the right wheel;

* a; - angle given by the encoder of the left wheel;

* (x,v)pca - coordinates given by the PCA-based positioning system;
* (%,7) - estimated robot coordinates in the world referential;

* @ - estimated angular velocity;

* 1] - estimated linear velocity;

* §, - estimated angular slippage.

* 3; - estimated linear slippage.
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The experimental validation of the proposed self-localization system is performed
resorting to a differential drive mobile robotic platform equipped with two encoders
coupled to the motors, a webcam pointing upwards to the ceiling and a compass, located in
a rear-extension arm to avoid the magnetic influence of the motors (Fig. 3.11). See the

experiment in Carreira et al. (2012a) for details.

Camera looking upwards

Compass

Figure 3.11: Mobile platform with webcam and compass.

3.5.1 Environment

To create the ceiling image database, snapshots were captured at pre-specified grid locations,
with the robot in the same attitude, as shown in Fig. 3.12. A PCA eigenspace is computed

covering a 5 m x 4.5 m area, with a 0.3 m grid (in x and p axis). To that purpose, the gray
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Figure 3.12: Grid map to create a PCA eigenspace.
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scale images are cropped with a circular mask, as depicted in Fig. 3.12 to create a rotation
invariant shape . The pixels representing the images inside the circle are then arranged into
a vector. In order to reduce the amount of processing data, with negligible information loss,
the images are subsampled with a 3 pixels step in width and height (data ratio reduction
of 9:1). An image database of 13 eigenvectors is obtained selecting the components that

explain the images variability in an excess of 85%.

Considering the covariances Q = Q(k) and R = R(k) used in the KF design, which are
respectively the error covariance in the actuation system and in the sensors, being the
measurement tests performed with a sampled frequency of 5 Hz. The error covariance in
the differential actuation is represented by Q,,, while the variable Qy is the error covariance
in the common-mode actuation. For the measurement uncertainty, R, is the error
covariance in the attitude sensor, while R,y is the error covariance in the positioning
system. Thus, to parameterize the attitude estimator, the value Q, = 2.44 x 107> (rad/s)?
was obtained measuring the error covariance in the differential actuation along predefined
circular trajectories. The digital compass error covariance, measured using circular
trajectories, is Ry = 9.4 x 1073 rad?. For the position estimator, the error covariance in the

linear actuation Q; = 1.6 x 107> m?

, was obtained performing tests based on linear
trajectories. The error covariance of the PCA-based positioning system has been calculated
with the position error in a predefined trajectory and is given by

R,y =diag(| 1.32x1072 1.32x1072 |)mZ

3.5.2 Estimation on a lawn-mower trajectory

To test the mobile robot localization system, the proposed estimators were tested in a
lawn-mower trajectory. These trajectories have the advantage of combining both straight
lines with semi-circumferences allowing assessment the localization system operation
under different experimental conditions. Figure 3.13 depicts the results for a lawn-mower
trajectory where the robot starts at xo = 3.9 m, yp = 2.4 m, ug = 9o = 0.1 m/s, Xo = 0 m/s and
initial attitude 1y = 90 °. In the first experiment reported, the state of the KF were
initialized with the same values. To allow for a ground truth analysis, singular points of the
real path were marked at the end of each type of trajectory. The ground truth path was

obtained by interpolation of the marked singular points.
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Analysing the results of the ground truth test (see Fig. 3.13) it is possible to conclude
that the localization system provides an accurate estimate of the real trajectory. It is
possible to observe that the 1-sigma uncertainty of the position state estimates (see circles
over the estimated trajectory) includes the ground truth path but not the odometry of the

robot, as depicted in the zoom area, validating the filter consistency. Figure 3.14 shows that
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Figure 3.13: Results for a lawn-mower trajectory: 2D trajectory.
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Figure 3.14: Results for a lawn-mower trajectory: X and Y position over time.
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the PCA-based nonlinear positioning system provides a position measurement with some
error, due to the distance associated to the selected grid positions. However, although these
variations in the position provided by the PCA, the estimator is able to recover and smooth

the estimates (see Fig. 3.13 and 3.14).

It is also worth measuring the statistical distribution of the position estimation errors to
validate the zero mean error (estimator biasness), Gaussian distribution, and co-variance
(filter consistency) assumptions. Figure 3.15 shows the histogram of the position errors for
the coordinates x and p, respectively. The approximation to a zero mean Gaussian
distribution is not exact; nevertheless the non-zero mean is explained by the fact that the
trajectory is not random and due to the finite resolution of the PCA-based positioning
system (0.3 m). The values computed are £ = 1.07 x 1072 m and § = —2.95 x 1072 m, thus

very close to zero.
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Figure 3.15: Histogram of the estimated position error.

Figures 3.16 to 3.17 depict, respectively, the stabilization of the Kalman gains and the
estimators’ covariance along time. It can be observed that all estimators converge, in a few

sampling times.

Note that the variance obtained from the Ricatti equations for the uncertainty
propagation is of similar order to the values computed from the histogram, i.e. in the order

of 0.1 m, thus validating the filter performance.
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Figure 3.16: Evolution of KF gains during lawn-mower trajectory: attitude estimator (left)
and position estimator (right).
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Figure 3.17: Evolution of KF error covariances during lawn-mower trajectory: attitude
estimator (left) and position estimator (right).

As it can be observed in the presented results the localization system is always stable,
performing a good estimation of the localization, in spite of the low precision system used
to measure the position looking up to the ceiling. An odometry-based localization system
would necessarily diverge over time. The sensor fusion in the KF allows achieving an
accurate sensor with a performance much higher than the performance of each individual
sensor. In the previous tests it can be observed that during the curves the system degrades,
which can be explained by the inevitable errors presented in the information provided by
the compass and the consequent disturbance in the image rotation that will be compared

with the images in the PCA eigenspace.
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3.5.3 Global stability of position estimato

T

The global stability of the position estimator, when incorrectly initialized, is studied in this

section. Thus, some re-localizations were performed considering that each initial estimated

position starts from a different initial conditions,

as is presented in Table 3.2.

Table 3.2: Initial conditions of position stability validation in a lawn-mower trajectory.

x position [m] y position [m]

Robot position 3.9
Re-localization 1 4.4
Re-localization 2 4.4
Re-localization 3 2.9

2.4
2.4
1.9
1.6

The results are depicted in Fig. 3.18 and Fig. 3.19, allowing to conclude that, in spite of

the large initial estimated position error, the sys
Analysing Fig. 3.19, it is possible to conclude

approximately 4 seconds.

tem converges to the correct localization.

that the position estimator stabilizes in

4.2
3.9
3.6
3.3
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Figure 3.18: Results of position stability tests for

a lawn-mower trajectory: 2D trajectories.
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Figure 3.19: Results of position stability tests for a lawn-mower trajectory: First 10 s of
trajectory over time.

3.5.4 Global stability of attitude estimator

Another important stability challenge is to assure that the estimator is able to correct the
trajectory when the mobile robot starts with an incorrect attitude estimate. This challenge is
more severe than the initial incorrect position estimate, because the robot odometry guides

it to a much different trajectory.

Considering the initial conditions summarized in Table 3.3, the results presented in Fig.
3.20 show that the attitude KF converges in less than 0.5 s. As the proposed model for the
differential drive mobile robot is a LPV model, function of the estimated angular velocity,
this small stabilization time leads also to a small position estimate stabilization time, in the
order of 3 s. Moreover, Fig. 3.21 shows that, as seems obvious, if only odometry were used,
the mobile robot would be completely lost after starting in a wrong initial direction. A zoom

of the initial path shows that the attitude estimator converges successfully even considering

Table 3.3: Initial conditions of attitude stability validation in a lawn-mower trajectory.

attitude [ ° |

Robot position 90
Re-localization 1 10
Re-localization 2 180

Re-localization 3 270
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the worst scenario, i.e. the opposite direction.
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Figure 3.20: Results of attitude
convergence.
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Figure 3.21: Results of attitude stability tests for a lawn-mower trajectory: 2D trajectories.
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3.5.5 Global stability with wrong initial position and attitude

A more robustness validation experiment was performed, combining the two tests
described previously, i.e, the simultaneous attitude and position stability. For this purpose,
three incorrect initial conditions for both position and attitude have been considered (see

Table 3.4 for details).

Table 3.4: Initial conditions of position and attitude stability validation in a lawn-mower
trajectory.

x position [m] vy position [m] attitude [ ° |

Robot position 3.9 2.4 90
Re-localization 1 4.4 2.4 0

Re-localization 2 4.4 1.9 315
Re-localization 3 2.9 1.6 225

The results, depicted in Fig. 3.22, show that considering the incorrect initial conditions,
the robot would follow, in open-loop, the same lawn-mower trajectory, but in a different
direction. Considering these conditions, the position estimator could diverge from the robot

real position. Instead, the results are always stable and exhibit fast convergence.
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Figure 3.22: Results of stability tests considering a wrong initial position and attitude (map
2D).
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3.5.6 Common and differential modes slippage estimation

Finally, another important issue to be considered is the localization in the presence of
slippage, both on attitude and on linear position. Slippage is caused by systematic errors
which greatly degrade the performance of odometry self-localization, due to the
uncertainty in the dimensions of the robot, incorrect calibration, usage degradation, etc.
The explicit angular slippage estimation (differential mode) is possible due the
characteristics of the designed model (see section 2.2). The linear slippage estimation

(common mode) is computed algebraically, as previously detailed in section 3.4.4.

To analyse the angular slippage estimation, new experimental tests were performed,
considering an imposed angular slippage of 1°/s. The results are presented in Fig. 3.23,
illustrating that self-localization method proposed is able to cope with this real life
phenomena. Figure 3.24 shows the estimated angular slippage $§, and its cumulative
average $,. The signal §, exhibits some large variations around the correct angular slippage,
probably due to the system noise. Nevertheless, the plot of the signal accumulated average
4, shows that the estimated angular slippage mean value is close to the imposed angular

slippage of 1°/s, thus validating the estimator 3,.
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Figure 3.23: Results of angular slippage estimation: 2D trajectories.
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Figure 3.24: Results of angular slippage estimation: differential mode slippage convergence.

To analyse the common mode algebraic slippage computation an experiment was
carried out. Thus, an initial velocity 33(0) = 0.2 m/s was defined, whereas, in the real robot,
a command of u = 0.1 m/s is set. The linear slippage was computed from the estimated
velocities X and . The initial evolution of X and Y coordinates can be seen in Fig. 3.25. The
incorrect value of 9(0) initially affected the Y position, but it converged to the ground truth
path. The computed estimation of the linear velocity # and linear slippage 3; are depicted

in Fig. 3.26. Both 11 and $; converged to the correct value of 0.1 m/s.
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Figure 3.25: Results of common mode slippage position estimation: XY over time.
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Figure 3.26: Results of common mode slippage position estimation: common mode slippage

convergence.

3.6 Conclusions

In this chapter, a new localization system for mobile robots, operating in unstructured
environments, was presented and analysed. With the developed approach, the robot is able
to self-locate using only on-board sensors, without the need of any external landmarks. The
system resorts to PCA of images acquired by a video camera installed on-board, looking
upwards to the ceiling. This solution has the advantage of avoiding the need of extracting

features from the images.

While many existing localization systems use EKF to merge the environment perception
with the mobile robot model, in this system the mobile robot pose is estimated using only
linear KFs, avoiding the need of model linearizations. As motivation, the proposed
localization system for mobile robots to operate in unstructured environments was
experimentally validated along a straight line (1D localization). Several tests were
performed namely: i) Monte Carlo performance study; ii) global stability validation; iii)
real-time slippage estimation; iv) PCA performance analysis. All tests were successful and
allow to conclude that the robot motion fusion with the global position provided by a
PCA-based positioning system with ceiling vision, achieves accurate and stable estimates.
This motivate the proposed approach to be implemented in the design of a 2D

self-localization system for mobile robots with differential drive kinematics.
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For the 2D localization, this chapter proposes a self-localization system with an
architecture composed by three modules: a PCA-based positioning system; a linear KF to
estimate the attitude, the angular velocity and the angular slippage; and a linear
time-varying KF to estimate the position. The use of a LPV model for mobile robots with
differential drive kinematic allows to estimate the 2D position through a linear KF,

guaranteeing a global stability.

With the purpose of testing the performance of the developed self-localization system,
several experimental tests were carried out using lawn-mower trajectories: i)
self-localization tests with ground truth validation and Monte Carlo performance study; ii)
global stability validation for position and attitude estimation; iii) angular velocity
estimation and linear slippage algebraic computation. Results show that the
self-localization system has fast convergence and guarantees global stability, even when the

estimator starts from incorrect positions and attitudes.






Extended PCA-based localization using
corrupted depth images

4.1 Introduction

The chapter 3 presented a self-localization system for a mobile robot working in indoors
unstructured environments. The implemented system resorts to a vision system with one
camera installed on-board the robot, capturing images from the ceiling. The proposed
self-localization system was experimentally validated, presenting accurate results and with

globally stable estimates.

The PCA shows to be an efficient algorithm, converting the images database with an high
compression ratio, when compared with the amount of captured data. Moreover, in opposite
to many localization systems that needs to extract specific features or landmarks to structure
the environment, the use of PCA allowed the creation of a self-localization system for mobile

robots, without the need of specific feature extracting.

In spite of vision being one of the most popular sensors in mobile robotics, witch data
can be used to solve the localization problem, this system still has a general limitation
related to different environmental lighting conditions that decreases the localization
systems robustness. This limitation was also felt during the course of the presented

experiments, due to the high sensitivity of the PCA methodology to lighting conditions.



100 Chapter 4 - Extended PCA-based localization using corrupted depth images

To avoid the problem mentioned above, some localization systems are based on ToF
sensors. The use of ToF sensors allows the acquisition of depth information about the
environment and presents a more robust system, able to cope with different light
conditions. Moreover, the ToF cameras allow the capture of depth images, where the sensor
is able to receive a grid with depth information from all field of view. However, it is

expensive to implement this type of cameras in many mobile robotic platforms.

In the last decade, the companies PrimeSense and Microsoft developed a device
primarily for video games, denominated as Kinect, that combines a RGB and a depth
camera. Since then, the Kinect device has been used in several robotic applications (Huang
et al., 2011; Theodoridis et al., 2013; Barbosa et al., 2015; Yuan et al., 2016; Nguyen et al.,
2016).

A very common problem in depth sensors, including the Kinect depth sensor, is the
existence of missing data in signals, caused by IR beams that are not well reflected, not
returning to the depth sensor receiver. When depth images are used to extract features, only
the available information is tacked into account. However, when all data is consider to map
the environment or to localize the mobile robot, the existence of missing data may disturb
the results. Oliveira and Gomes (2010) address the problem of the signals reconstruction
using PCA and suggest that the mean substitution is a simple technique to recover missing

data.

This chapter extends the PCA-based positioning system proposed in chapter 3 for use
of depth images corrupted with missing data. This PCA extension is integrated in the self-
localization system with the attitude estimator detailed in section 2.2 and the 2D position
estimator presented in section 3.4. The achieved algorithm improves the self-localization
system robustness, even in the case of varying illumination condition, as happen with the

robot operation normal along time (Carreira et al., 2013, 2015a).
Therefore, this chapter is organized as follows:

* Section 4.2 presents the mobile robot platform and the motivation for the use of Kinect
in the proposed localization system.
* In section 4.3 the PCA for signals with missing data is detailed.

* For performance analysis purposes, section 4.4 presents experimental depth image
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reconstruction results, using the PCA algorithm for signals corrupted with different

ratios of missing data.

* Motivation experiments considering the mobile robot localization along a straight line

are presented in section 4.5.

* In section 4.6, an architecture for mobile robot self-localization, composed by the
extended PCA-based positioning system and two KF is introduced, and the
experimental results for localization with missing data, estimation stability, and

localization in repeatability scenarios are presented.

* Finally, section 4.7 presents some conclusions.

4.2 The mobile robot

The experimental validation of the positioning system proposed in this chapter is performed
resorting to a mobile robotic platform with differential drive kinematics. A Microsoft Kinect
is installed on the platform, pointing upwards to the ceiling, together with a digital compass
located on the extension arm (robot rear part), with a similar approach to the presented in

section 3.5, as depicted in Fig. 4.1.

The Kinect includes a RGB camera with a Video Graphics Array (VGA) resolution (640 x
480 pixels) and a 2D depth sensor (640 x 480 pixels). The use of this sensor for mobile
robots localization could combine the capture of a RGB image and a depth map about the

environment, obtaining RGB-D images, as shown in Fig. 4.2. This image depicts the ceiling

Compass

Kinect looking upwards

Figure 4.1: Mobile platform equipped with kinect sensor and compass.
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view captured by the Kinect installed on-board the mobile robot. Note that it is possible to

observe both the 3D shape of the existing technical installations in the ceiling and its color.

The robot moves indoors, in buildings whose ceiling has some information (e.g. building-
related systems such as HVAC, electrical and security systems, etc.). It is possible to use
the signals captured by a Kinect looking upward (RGB image, depth map or both) by an

algorithm that can provide mobile robot global position in the environment.

Due to limitations found in image-based mobile robot localization approaches, regarding
lighting changes, and aiming the development of an efficient self-localization solution that
can work in places with uncontrolled lighting changes, only the Kinect depth signal is used,

resorting to an adaptation to the method proposed in chapter 3 to the problem at hand.

However, as it is possible to observe in Fig. 4.2, due to the geometry and properties of
some objects, several IR beams are not well reflected and, thus, can not be detected by the
depth sensor receiver. In the case of Kinect, such a problem results in the existence of points
with null distance (0 mm) inside the data array with the depth values (distances to various
points in the plane), that may lead to erroneous results in the localization system. In this
chapter an extension of a PCA-based positioning system will be presented, aiming to cope

with lighting changes common to usual vision systems, and experimentally validated.

Figure 4.2: RGB-D image of the ceiling view obtained by the kinect installed on-board the
mobile robot.



4.3 - PCA for signals with missing data 103

4.3 PCA for signals with missing data

In common PCA-based approaches, the eigenspace of acquired data is characterized by the
corresponding mean, equation (3.1), and covariance, equation (3.5). However, the existence
of missing data in signal x; corrupts the PCA mean value computation, creating an

orthogonal space with erroneous data.

Following the approach proposed by Oliveira and Gomes (2010), in the case where
missing data occurs, the covariance matrix is computed using only the non-corrupted data.
Thus, a vector 1 with length N consisting of boolean values is used to mark the real and
missed data of a signal x;. Then, considering the j™ component of an acquired signal x;, the

index 1;(j) is set to 1 if the signal x;(j) is available and it is set to 0 if there is a missing data.

Hence, to avoid the negative impact of the sensor signals missing data in the PCA-based
positioning system performance, an extension to this methodology is proposed in this
chapter. Thus, instead of considering all values of the M stochastic signals to compute the
mean ensemble, m,, and the covariance, R,,, only the correct data is used to compute the
orthogonal space, and the values corresponding to missing data are neglected. Thus, based

on the auxiliary vector, 1, the follow auxiliary counters are defined:

Considering the set with M signals, the mean ensemble for the j component is given

by:

| M
)= — , j=1,.,N 4.3
0 Z )xi(j (43)
and the covariance element R, (j, k), {j, k} = N is computed as follows:

. 1 . )
Realji k) = =g 2 LKy G)yilk) (4.4)

where y; =x; —m,.
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Considering the new mean ensemble and covariance of the PCA database computed
without corrupted data, equation (4.3) and equation (4.4), respectively, the decomposition
into the orthogonal space follows the PCA algorithm classical approach (see section 3.2.1
for more details), i.e. v = UT (x — m,). The matrix U = [u; u, ... uy ] should be composed by

the N orthogonal column vectors of the basis, verifying the eigenvalue problem:

Rxxuj = /\jllj, ] = 1,...,N, (45)

Assuming that the eigenvalues are ordered, i.e. A; > A, >... > Ay, the choice of the first
n < N principal components leads to stochastic signals approximation given by the ratio on

the covariances associated with the components, i.e. } , A,/ y AN-

4.4 PCA-based depth image reconstruction

As mentioned in the section 4.2, the self-localization system proposed in this chapter uses
depth images corrupted with missing data, captured from the ceiling. Thus, to validate the
concept of the image reconstruction resorting to a PCA eigenspace, a test of reconstructing

a depth image corrupted with missing data is performed.

In order to create the PCA eigenspace, a set of 125 depth images is captured along a grid
map with a distance of 0.3 m (in x and y axis) in an area of 5m x 4.5m. Considering that the
Kinect depth sensor has a resolution of 640 by 480 points, and with the purpose of reducing
the amount of data stored in the PCA eigenspace, the depth images are cropped to a depth
image with 120 by 160 points, extracting the central area of the images, and transforming

them into vectors x; € R192%0, i =1,...,125.

With the purpose to test the depth image reconstruction using the proposed extension
of the PCA algorithm, a new depth image is captured from the ceiling, corrupted with
about 15 % of missing data ratio. The depth image is shown on left side of Fig. 4.3, where
the black pixels correspond to the missing data. Applying the proposed algorithm, the
depth image reconstruction is performed, decomposing the captured corrupted signals into
the orthogonal space, obtaining the corresponding reconstructed image, according to the

following steps:

1. Identify the non-corrupted data in the vector 1;
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2. Substitute the corrupted data x;(j) by the corresponding mean m,(j);
3. Decompose the signal after the mean substitution into the orthogonal eigenspace v;
4. Compute the reconstructed depth image recovering the signals from the eigenspace

computed before.

Analysing the depth images in Fig. 4.3, it is possible to conclude that the PCA is able to
construct a similar depth image (right), removing all corrupt pixels present in the original
captured image (left). It is also possible to observe that pixels with non corrupted data
are not equal to the captured depth image. However, in this case, the PCA algorithm is
performing three important tasks at same time: i) compression of the acquisition database;
ii) removing the corrupted data of the depth image; iii) and computing an eigenspace to
compare the reconstructed depth image with the PCA database, without explicit features

extraction.

Figure 4.3: Captured depth image with corrupted data (left) and reconstructed through PCA
(right).

To analyse the robustness of the corrupted depth image reconstruction technique
proposed, a new test was performed, removing depth information from the acquired data.
The depth image reconstruction using PCA was simulated, adding from 20 % to 80 %
random missing data. Figure 4.4 shows the captured depth images with the added missing
data on the top, and the reconstructed images at the bottom. Analysing the results it is
perceptible that the reconstruction of the depth image, by the proposed PCA algorithm,
provides good results until a missing data ratio of about 60 %. More experimental results
showing how the amount of missing date can affect the localization system accuracy will be
presented next. However, observing the corrupted depth images, it is possible to see that
for higher ratios of missing data, there is too much degradation to reconstruct the

corrupted image.
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30

50 % 60 % 70 % 80 %

Figure 4.4: Captured depth image with added corrupted data (top) and reconstructed
through PCA (bottom).

4.5 Motivation: experimental results along a straight line (1D

localization)

As concept validation, the proposed self-localization method was initially developed
considering a straight line (1D localization), using the model detailed in section 3.3.1.
Thus, to create the PCA eigenspace, a set of 31 depth images has been captured along a
straight line with 3 m of length (sampling ratio of 0.1 m). Considering that the Kinect
depth sensor has a resolution of 640 by 480 points, and with the purpose of reducing the
amount of data stored in the PCA eigenspace, the depth images are compressed with a ratio

of 100: 1, and transformed into vectors x; € R3972 i =1,...,31.

The mobile robot follows along a straight line with constant velocity and the position
estimation has been obtained using the model detailed in section 3.3.1. The position
estimates are based on data obtained from the on-board sensors and the commands to the

actuators, assuming constant values between sampling times (ZOH assumption).

4.5.1 Monte Carlo performance tests

To analyse the mobile robot self-localization methodology proposed in this section, a Monte
Carlo test composed of 10 experiments, as described above, have been repeated. Images were
captured with a frequency of 5 Hz to be processed by the PCA-based positioning system;

Fig. 4.5 gives the localization results obtained in one of those experiments. The results show
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that the PCA algorithm provides a reasonable approximation to the real robot localization.
However, due to the existence of missing data, the position obtained by the PCA algorithm

often gives incorrect results.

Analysing Fig. 4.5, it is possible to see that the obtained position often reaches errors
greater than 0.1 m (distance at which the images are acquired to the eigenspace). Figure 4.6
shows results of three tests, where it is possible to see the existence of large perturbations
in the results of the PCA-based positioning system. Even the fusion of this results with the
odometry, through the KF detailed in section 3.3, is not always able to estimate the robot

position with accuracy. These wrong estimates happen because the PCA-based positioning
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Figure 4.5: Results of PCA-based positioning system and localization estimates from KF.

Position error of PCA localization

Test1
== Test2
= — =Test3

Error [m]

- EE
06 ‘ il ‘ ‘ Y.
0
Time [s]
Position error of PCA localization with a Kalman Filter

Test 1
== Test2
= — —Test3

Error [m]

Time [s]

Figure 4.6: Localization errors of tests along a straight line.
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system often provides results with large error. As it is possible to see, the position error

obtained by the PCA-based positioning system often exceeds 0.1 m.

4.5.2 Monte Carlo performance tests with missing data correction

Following the methodology proposed in section 4.3, successful tests have been made to
check the enhanced performance of the localization system in presence of missing data.
Thus, to validate this extension to the PCA-based approach, the same acquired depth data

has been considered.

Comparing Fig. 4.7 with Fig. 4.5, it is possible to observe that the proposed method is
able to eliminate the existing missing data and provide a position value with better accuracy.
Analysing the results presented in Fig. 4.8, it is possible to see that the results now obtained
present position errors smaller than 0.1 m. Once the proposed method is able to compute
the robot position with a better accuracy, its fusion with the odometry, through a KF, always

provides smoothly results and near to the real robot localization.

Finally, analysing the histogram of the position error obtained by the PCA-based position
system after the 10 performed tests (see Fig. 4.9), it is possible to see that the error of both

methods is approximately Gaussian with a mean error close to zero.
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Considering that the data to create the PCA eigenspace are acquired with 0.1 m of
distance, it is possible to observe that all estimated position errors are less than the
sampling distance of PCA eigenspace, while that considering signals with missing data,

only about 68 % of results (1 standard deviation) are inside of this distance.
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Figure 4.9: Distribution of the estimated position error for both methods, considering a PCA
grid with 0.1 m

4.6 PCA-based 2D localization using depth images

In order to solve the problem of 2D mobile robot localization, a new PCA eigenspace has
been created with a set of captured depth images along a grid map with a distance of 0.3 m

(in x and y axis) in an area of 5 m x 4.5 m. This is a manual process to ensure that all images
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are captured in the same direction and the depth sensor is in the right grid position (Fig.
4.10). The captured depth images are cropped with a circular mask allowing the rotation
and comparison of captured depth images when the robot is in the same position, but with
different attitude, during a mission. In order to compress the amount of data, the depth
images are sampled with a compression ratio of 100 : 1 and converted into a vector that will
be added to the PCA eigenspace. In section 3.5, a similar approach using a RGB camera was

followed, but the method revealed to be sensitive to lighting changes.

Acquisition
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(1.2) (2,25 3.2 (.2)

Circular Suhb
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— datasignal: x;

Captured
depth
image

e

Figure 4.10: Grid map and depth image processing to create a PCA eigenspace.

During the mission, the signal x is decomposed into the orthogonal space considering
only the non-corrupted data. Thus, before the projection of the depth image into the
orthogonal space, the mean substitution should be followed, i.e, all jth component of the
signal x; with corrupted data should be replaced by the corresponding mean value m,(j).
This method removes the effect of the corrupted data in its decomposition into the

orthogonal space, v = UT (x —m,).

The robot position [xy]” p 4, was obtained by finding a given neighborhood &, the mosaic

whose eigenvector is nearest to the acquired signal decomposed into the orthogonal space:
T T :
Villlxp]" pca = [xi 9il lla <0, rpca =min [lv-vill5; (4.6)

|7 are selected

Given the mosaic i that verifies this condition, its center coordinates [x; y;

as the robot position, obtained by the PCA-based positioning system.
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During an experiment, the data captured from the sensors (Kinect, compass and
encoders) has been used in a self-localization system based in two KF and the extended
PCA-based positioning system, as detailed in Fig. 4.11. The implemented architecture
allows the estimation of the robot attitude and position, as well as the angular motion
velocity and the robot angular slippage, using only the signals obtained by the on-board
sensors. To achieve these estimations, the self-localization system integrates the optimal
attitude estimator, detailed in section 2.2, and the 2D position estimator, presented in

section 3.4.4.

depth image Circul
ircular crop (X, ¥)pca
and —1 PCA :
image rotation Position : (£,9)
estimator ——
KF .
[ , @ (KE)
Attitude v G
and : p
« , : $
angular slippage
a : estimator . 4
. (KF) -

Self-localization sensor -

Figure 4.11: Architecture of the self-localization system using depth images.

The following notation is used in Fig. 4.11:

* 1 - attitude angle given by the compass;

* a, - angle given by the encoder of the right wheel;

* a - angle given by the encoder of the left wheel;

* (x,9)pca - coordinates given by the PCA-based positioning system;
* (%,7) - estimated robot coordinates in the world referential;

* o - estimated angular velocity;

* 3, - estimated angular slippage.

Detailing the architecture of the self-localization system presented in Fig. 4.11, the KF
depicted on the left of the figure implements the attitude optimal estimator model that is
responsible to estimate the mobile robot attitude and the angular slippage (see section 2.2
for details). Once all acquired depth images for the PCA database are taken with the same

orientation and compressed with a circular crop (Fig. 4.10), then, during a mission, the
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acquired depth images must be rotated to zero degrees of attitude, using the compass angle,
and compressed with the same circular crop. The position estimator (on the right of the
figure) implements the same LPV model detailed in the previous chapter (see section 3.4.4),

fusing it with the position obtained by the extended PCA algorithm presented above.

4.6.1 Results for 2D localization with classical PCA algorithm

To observe the effect of corrupted data in the mobile robot self-localization, the depth
images captured along the grid, after being subsampled and cropped with a circular mask,
as presented before, are compressed using the classical PCA algorithm. The selection of the
best eigenvectors is performed through eigenvalues that exceed 85 % of the total of the

eigenvalues, creating an eigenspace with 60 eigenvectors.

To test the mobile robot self-localization performance of the proposed approach in a
environment, several tests have been performed with the classical lawnmower type
trajectory, combining both straight lines and curves, with a 0.1 m/s robot velocity and 5 Hz
of sampling frequency. During the robot motion, the real mobile robot trajectory has been
measured, allowing the comparison of the estimated position with the real one (ground

truth test).

Analysing Fig. 4.12 it is possible to see that, due the existence of missing data, the
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Figure 4.13: Map with estimated position considering a ground truth path, without
corrupted data correction.

position obtained by the PCA algorithm often gives incorrect values, causing erroneous
estimations in the self-localization system. Figure 4.13 shows the results of the PCA-based
positioning system fused with the LPV model, in 2D localization. Analysing Fig. 4.12 and
Fig. 4.13, it is possible to conclude that the erroneous position obtained by the PCA, which
is caused by the corrupted data, leads the estimator to a far localization than the described

by the mobile robot (ground truth path).

4.6.2 Results for 2D localization with depth images reconstruction

Following the PCA algorithm extension proposed in section 4.3, a new PCA eigenspace was
created, computing the mean ensemble and the signals covariance, considering only the
non-corrupted data. Thus, choosing the best eigenvectors, which eigenvalues exceed 85 %

of the total, an eigenspace with 30 eigenvectors was created.

As it is possible to see in Fig. 4.14, the position results obtained by the extended PCA
algorithm are very close to the ground truth trajectory. Therefore, fusing the kinematic
model of the robot with the position obtained by extended PCA algorithm in the KF allows

estimating position values with a very good accuracy.

Figure 4.15 shows the position estimated with the ground truth trajectory and the
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position obtained by the odometry. Comparing the results of the odometry with the
estimated position it is possible to see an angular slippage in motion, that is increasing the
difference between the estimated attitude and the one obtained by the odometry along
time. This angular slippage is caused by systematic errors, such as uncertainties in the
dimensions of the wheels, eccentric shaft problems, misalignment of the shafts, etc. It is
possible to observe that in the initial part of the trajectory the estimator obtains a result

close to the odometry. However, the localization system can approximate the estimated
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position with the ground truth trajectory.

The Kalman gains stabilization along time are shown in Fig. 4.16, where it is possible to

see that they converge in few sampling instants.

Analysing the results of the attitude estimator in Fig. 4.17, it is possible to observe that
the estimated attitude is very close to the ground truth, allowing to conclude that this KF
provides results with good accuracy. Furthermore, analysing Fig. 4.18, it is possible to
observe the existence of an angular slippage of —0.5 rad/s (positive for slippage in clockwise

direction), that is detected at 40 s by the attitude estimator. Looking at Fig. 4.14 after 40 s
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Figure 4.16: Evolution of the Kalman filter gains: position estimator (left) and attitude
estimator (right).
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Figure 4.17: Evolution of the attitude estimated considering a ground truth path.
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Figure 4.18: Angular slippage estimated.

(instant which is detected angular slippage), the results of the position estimator are closer

to the ground truth path than the odometry.

Finally, analysing the histograms of Fig. 4.19, it is possible to conclude that the statistical
distribution of the estimated position errors is approximately Gaussian with a mean close
to zero. Moreover, comparing the variation of the distribution with the distance of the grid
map acquired to create the PCA eigenspace (0.3 m), it is possible to see that the proposed
self-localization system is able to estimate the position with an error less than the distance

between the acquired depth images.
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Figure 4.19: Distribution of the estimated position error for both axis.
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4.6.3 Results for 2D localization with imposed corrupted data

The results presented in the previous section show the performance of the proposed
algorithm in mobile robot localization considering depth images corrupted with missing
data, not exceeding 13 % of the signal data (Fig. 4.14). The presence of the corrupted data
in depth images is due to the geometry and properties of some objects that disturb several
waves, causing the presence of the missing data. Therefore, as it is possible to observe in
Fig. 4.14, the presence of corrupted data in the depth images is completely random along

the trajectory.

Thus, in order to analyse the robustness of the proposed PCA-based positioning system
in the presence of missing data, new self-localization tests have been performed simulating
depth images with a missing data ratio between 20 % and 90 %. For this test the same data
captured from the sensors used in the previous section is considered, but random
corrupted data on the captured depth images was added. The amount and position of the
missing data present in the captured depth images was analysed, guaranteeing that the
simulated corrupted data are randomly added in the non-corrupted data, keeping the same
ratio in all depth images along the experiment. Figure 4.20 shows the original captured
depth image in the initial position and the transformed data with the missing data added

randomly, respectively with a ratio of 40 %, 60 % and 80 % of the signal length.

a)

Figure 4.20: First captured depth image: original (a), and with added imposed corrupted
data ratio to a ratio of 40 % (b), 60 % (c) and 80 % (d).

Analysing the results, Fig. 4.21-4.22 show that the proposed method is able to find a
depth image close to the captured one along the travel, even with a ratio of 40 % corrupted
data in all signals. Thus, the fusion of the extended PCA-based positioning system with the
KF allows the estimation with accuracy, presenting similar results to the obtained with the

original data, where the ratio of missing data is less than 15 %, allowing the estimation with
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Figure 4.21: Estimated position along time with 40 % of imposed corrupted data.
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Figure 4.22: Map with estimated position considering a ground truth path, with 40 % of
imposed corrupted data.

accuracy, after the stabilization of the angular slippage.

Analysing the results using depth images with 60 % of missing data ratio, presented in
Fig. 4.23, it is possible to observe that the proposed algorithm is able to find the correct

eigenvector in most of the acquired depth images. However, Fig. 4.23 also shows instants of
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time in which, given the large amount of data corrupted (see Fig. 4.20), the algorithm found

principal components similar to another captured image in a far location. This localization

error, constant for several sampling times, led the KF to provide biased estimates, as it can

be seen in Fig. 4.24.
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Figure 4.23: Estimated position along time with 60 % of imposed corrupted data.
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Finally, Fig. 4.25 shows the estimation uncertainty of the PCA-based positioning system.
As it is possible to observe, the measurement accuracy is related to the ratio of corrupt data,
but its relation is non-linear. The estimation uncertainty is approximately equal in x and v
coordinates to low ratio of corrupt data, while for high ratios, the accuracy is different for
both axis. Moreover, analysing the results presented in Figs. 4.21-4.24 and the estimation
uncertainty in Fig. 4.25, it is possible to conclude that the extended PCA-based positioning
system is able to estimate an accurate position, considering depth images with corrupted

data until about 50 % of ratio.
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Figure 4.25: Uncertainty of the PCA-based self-localization system with imposed corrupted
data correction.

4.6.4 Global stability with wrong initial position and attitude

As shown in the previous chapter, the self-localization system stability is an important
characteristic since it ensures that the estimator always converges to the real value for any
initial condition. Considering that the proposed self-localization system is composed by
two KF, the system global convergence is only achieved if each one is globally stable. For
this purpose, three incorrect initial conditions for both position and attitude have been

considered, as it is detailed in Table 4.1.
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The results depicted in Fig. 4.26 show that, considering the incorrect initial conditions
the robot would follow, in open-loop, the same lawnmower trajectory, but in a different
direction. Considering these conditions, the position computed from odometry could
diverge from the robot real position. However, the two KF can stabilize the position close to
the real. Figure 4.27 shows that the KF results are always stable and exhibit fast

convergence to the ground truth.

Table 4.1: Initial conditions of position and attitude stability validation in a lawn-mower
trajectory.

xg [m] yo[m] ¢o[°]
Robot position 3.9 2.4 90
Re-localization 1 4.4 2.4 0
Re-localization 2 4.4 1.9 315
Re-localization 3 2.9 1.6 225
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Figure 4.26: Results of stability tests considering a wrong initial position and attitude
estimates (map 2D).
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Figure 4.27: Results of stability tests considering a wrong initial position and attitude
(estimation along time).

4.6.5 2D localization results for a longer trajectory

After the validation of the proposed PCA-based self-localization system considering depth
images corrupted with missing data, another test has been performed, expanding the
motion of the robot to a large area and longer trajectories. Thus, a set of 1115 snapshots
with depth images being captured in an area of 18.9 m x 9.6 m, along the grid map with a
distance of 0.3 m, keeping the robot with the same zero attitude (see Fig. 4.10). The
captured depth images are cropped with the same circular mask and sampled with a
compression ratio of 100 : 1 and converted into a vector that will be added to the PCA
eigenspace. Therefore, analysing the corresponding PCA eigenvalues and selecting the
same number of eigenvectors (30) of the previous experience, the selected components
explain the images variability in an excess of 93 %. This corresponds to a reduction of
99.9 % in the memory resources when compared with the capacity needed to store the

captured database, and 98.2 % when compared with the size after the sub-sample.

Since the physical structure of the environment when the test is performed is composed
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by equal equipments (pipes, HVAC units, light fixtures), distributed repetitively along the
ceiling, the increase of the mapping area to 18.9 m x 9.6 m led the acquisition of similar
images at different locations (Fig. 4.28). In consequence of the existence of repetitive
scenarios, when the PCA-based positioning system is comparing the eigenvector with all
eigenspace, it is easily possible to find depth images, similar to the image captured during a
mission, in a far localization. This causes large uncertainty in the position estimated by the

PCA algorithm and, in consequence, in all self-localization system.

Figure 4.28: Ceiling view of the environment with repetitive elements.

To solve the problem of localization in scenarios with repetitive elements, the searching
considering a neighbourhood 6 around the last mobile robot estimated position, proposed
in equation (4.6), has been applied. In the performed test, the neighbourhood radius is
variant and defined based on the eigenvectors distance obtained in last position estimation,
through the linear relation 6 = fs - rpc4. Considering the repeatability characteristics of the
environment and the eigenvectors distance, the linear relationship was tunned to
fs = 5x 107%. This value ensures the searching of the nearest eigenvector in a radius
between 1.5 m and 6.5 m around the estimated mobile robot position (%£(k),9(k)), as

depicted in Fig. 4.29.

To test the mobile robot self-localization performance, considering repetitive scenarios,
several tests have been performed along a predefined path with length of 93 m, combining
both straight lines and curves, in order to travel two laps inside the large mapped area,

following the same method of the last experiments. Thus, the robot was moving with a
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Figure 4.29: Radius of searching neighborhood around the robot along time.

velocity of 0.1 m/s and depth data is acquired with a 2.5 Hz of sampling rate and the real
mobile robot trajectory was measured, allowing the comparison of the estimated position

with the real one (ground truth test).

Figures 4.30 and 4.31 present the results of the self-localization system, considering the
PCA searching in a neighborhood, the position estimated by the KF and the robot real path,
measured in the ground. The results presented in Fig. 4.30 show that the extended PCA
algorithm, searching in neighborhood around the last robot estimated position, is able to
achieve an accurate position of the robot in a large area with repetitive scenario, allowing

good performance on the global self-localization system. Note that the precision of the grid
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Figure 4.30: Estimated position along time, searching in a neighborhood.
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with depth images is 0.3 m of distance.

In Fig. 4.31 it is possible to see that the self-localization system is able to converge the
estimated position with the ground truth path while the odometry of the robot diverges
completely from the real path. The blue circles represents the position uncertainty obtained
by the KF. As it is possible to observe in Fig. 4.31, when the robot is in the top area, the
uncertainty increases. The performance degradation occurs due to the fact that in this area
the ceiling has less information. Nevertheless, Fig. 4.30 and Fig. 4.31 show that the robot is

able to estimate its own position.

4.7 Conclusions

This chapter presented and analysed the use of ceiling depth images in a PCA-based
localization system, aiming the robustness improvement with different lighting conditions.
The existence of missing data in depth images is sometimes inevitable and it can induce a
positioning system to an erroneous localization. Thus, an extension of a PCA methodology
aiming to avoid the negative impact of missing data in signals has been developed and

experimentally validated, allowing the follow advantages: i) compression of the acquired
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database; ii) corrupted data remotion in the depth image; iii) creation of new eigenvectors

to compare the reconstructed depth image with the PCA database.

The implemented enhanced PCA-based localization system has been applied in a mobile
robot with a Kinect sensor installed on-board, looking upwards to the ceiling, where the
depth sensor often provides signals with missing data, caused by IR beams that not were

reflected.

All tests were successfully performed, allowing to conclude that the proposed approach
is useful in a number of mobile robotics applications where the existence of missing data is
inevitable and causes a localization systems performance degradation. The robustness test
allows to conclude that the proposed algorithm is able to estimate an accurate position,
considering depth images with corrupt data ratio up to 50 %. The method has been tested
in a environment with equal equipment installed repetitively in the ceiling at different
positions, causing repeatable scenarios in the acquired depth images during the robot
missions. Searching for the closest vector in a neighbourhood demonstrates the ability of
PCA to be implemented in a system localization with environment repeatability. Moreover,
the proposed method allows to validate the application of the Kinect depth sensor in a
mobile robot localization system based on an extension of a classical PCA algorithm to

operate in unstructured environments.

The integration of the PCA-based positioning system with linear KF allows to obtain a
localization system globally stable, under the Gaussian approach. The method was
successfully validated in a self-localization system, using only on-board sensors and

estimating the position with a global stable error dynamics.



Mobile robot navigation using a PCA-based

self-localization system

5.1 Introduction

Navigation is a crucial and an inherent task to the execution of missions for which mobile
robots are designed. When a map-based navigation is considered, the mobile robot must
move itself like a “goal oriented machine that can sense, plan and act” (Corke, 2011, p.
92). The previous chapters presented approaches on how a mobile robot can self-localize
in an indoor environment, using only its own sense, i.e., the data extracted from a sensors
package installed on-board. The navigation system detailed in this chapter resorts from the
knowledge about the ceiling mapping, covering the entire environment free-space along a

grid, to perform the mobile robot planning and acting tasks.

The use of roadmaps is common to plan the mobile robot path, being the Generalized
Voronoi Diagram (GVD) one classical approach to create routes, into the free space, defined
by a set of points into the free space that maximize the distance to the obstacles. When the
obstacles and free space are represented using an occupancy grid, it is common to obtain the
GVD based on a grid (Barraquand and Latombe, 1991; Yang and Hong, 2007; Kuderer et al.,
2014; Garrido and Moreno, 2015). The path is planned using minimization algorithms, such
as the Dijkstra algorithm. This approach reduces the planning complexity to a few possible

routes and, simultaneously, ensures that one safety path to the destination is found.
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In addition to planning, the position control along the path is needed to ensure that the
robot follows it until reaches the goal position (Aicardi et al., 1995; Park and Kuipers, 2011;
Bascetta et al., 2016). Navigation Functions (NF) are a type of Artificial Potential Fields
(APF) that has the advantage to plan and control the mobile robot along an environment,
ensuring an unique minimum located in the goal. This approach was implemented to
control the pose of one non-holonomic mobile robot (Tanner and Kyriakopoulos, 2000;
Tanner et al., 2001), multi-robots teams (Loizou and Kyriakopoulos, 2003; Dimarogonas

et al., 2006; Widyotriatmo and Hong, 2011) or UAV teams (Chen et al., 2007).

In this chapter, the navigation system using the PCA-based self-localization system
described in previous chapters is detailed and experimentally validated. The developed
system configures the environment from the ceiling mapping as an occupancy grid. Then,
implementing the approach proposed by Barraquand and Latombe (1991), the GVD
corresponding to the real environment free space is build. Based in Tanner and
Kyriakopoulos (2000) and Loizu et al. (2004), a motion controller resorting to a Dipolar
Navigation Function (DNF) was defined to drive the robot toward temporary goals, along a
waypoints’ set. Then, the robot moves toward the goal along a safety path, while its pose is

estimated by the PCA-based self-localization system.
Thus, this chapter is organized as follows:

* The proposed navigation system architecture, that integrates the PCA-based
self-localization system, is presented in section 5.2, being also detailed the main steps
for its implementation.

* The section 5.3 address the path planning steps to achieve the waypoints’ set toward
a goal. Thus, this section details the GVD construction corresponding to the ceiling
mapping and the implemented approach to select these waypoints.

* The local controller based on a DNF is detailed in section 5.4, aiming to control the
robot motion toward each waypoint.

* The section 5.5 illustrates the experimental results obtained with the navigation of
a mobile robot in an indoor real environment, using the PCA-based self-localization
system for ceiling depth images.

* Finally, in section 5.6 some conclusions about this chapter are drawn.



5.2 - Navigation architecture 129

5.2 Navigation architecture

This section presents the proposed navigation system architecture for indoor mobile robot,
using the self-localization system addressed in this chapter. This system allows the
navigation from a point to another, using only on-board sensors and the knowledge about
the environment acquired during the ceiling image mapping for the PCA database. The

proposed navigation system for indoor mobile robots is depicted in Fig. 5.1.
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Figure 5.1: Navigation system architecture.

The developed navigation system is designed for indoor mobile robots navigation, using
the PCA-based self-localization system detailed in chapters 3 and 4. In this self-localization
systems, a set of ceiling depth images are acquired from the environment along a grid,
covering all environment free-space (see Fig. 4.10). The acquired ceiling depth images are
converted to an eigenspace, through the PCA algorithm (section 4.3), to create a

compressed database. The images acquisition process and the PCA compression is only
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performed once, allowing the robot to know its environment, in which it will move.

Taking into account that the implemented self-localization system requires, initially, an
off-line mapping, the navigation system is designed to take advantage of the knowledge
acquired during this process. Thus, after the eigenspace computation, the robot workspace
is defined through an occupancy grid according with the PCA databse. To configure the
robot workspace, the occupancy grid was marked as free or occupied, as the ceiling image

was captured or not in the corresponding grid position.

The occupancy grid definition allows to compute a roadmap into the robot free space,
represented by a GVD. Similar to the eigenspace construction, the GVD-based roadmap is
computed only once. Later, the roadmap is used to plan all paths that the robot will perform
within its workspace. The configuration space, performed in this off-line process, requires
the definition of a safety free space limit. Thus, all free cells that are in the occupancy grid
external border are also set as occupied. This process creates a virtual obstacle around the

workspace, usefull to create the GVD.

Aiming to perform a mission, before the robot starts its motion towards a goal, a path
planner computes the shortest route on the roadmap between these two positions. The
reference path will be defined by a set of waypoints, corresponding to the GVD vertices,

found along the shortest route.

To start the mission, the first waypoint is considered as a temporary goal that the robot
will have to reach. To move the robot toward this goal, a DNF is implemented to generate a
smooth path through the potential field gradient of a local world. In the implemented
approach, the temporary goal is the attractive field, while the boundary of a circular world
around it is the repulsive field, that repels the robot to the center. The DNF gradient is
computed in a closed loop, being the mobile robot pose given by the estimates results

obtained from the PCA-based self-localization system.

Finally, to generate the mobile robot motion, a controller defines the velocity that is sent
to each wheel so that the robot follows the DNF negative gradient. When the robot gets
closer to the temporary goal, it is changed to the next one. This process repeats until the

mobile robot reaches the final goal.



5.3 - Planning using a GVD-based roadmap 131

5.3 Planning using a GVD-based roadmap

The proposed navigation system uses a roadmap to define the path that takes the robot
from a point to another. Roadmaps are usually implemented by robots in a similar way as
highways are used along a journey. Thus, to move from a point to another using an highway
network, the driver plans the path to take an highway near to the start place. Then he plans
the path along the highway until reach near to the destination place. Finally, he plans the

path from the highway departure point to his destination (Choset et al., 2005, p. 108).

5.3.1 Generalized Voronoi diagram

The roadmap implemented in the navigation system was defined by a GVD, which is a
method to design a roadmap that maximizes the distance between the robot path and the
obstacles (Choset et al., 2005, pp. 118-119). The roadmap represented by a GVD is
composed by a set of points, denoted as Voronoi edges, equidistant to the two most nearby
obstacles. When more than two edges intersect at the same point, this correspond to a meet
point (also called as vertex), equidistant to three or more obstacles. Thus, in a GVD-based
roadmap, the edges are equivalent to the roads and the vertices to crossroads. In the
implemented approach, a set of GVD vertices positions are selected in the planning step,

defining the waypoints that will be used as temporary goals.

The use of a GVD has the following advantages: i) it reduces the free space size
represented by an occupancy grid to a few set of points connected between them,
decreasing significantly the complexity in the planning step; ii) it ensures the definition of
a path between the start and goal positions, avoiding the obstacles represented on the map;
iii) it defines a clearance path, since the most of planning is done along points, which

position maximizes the distance to obstacles.

To construct a roadmap it is assumed that the robot is moving inside an workspace W
occupied with obstacles. Lets consider an ith obstacle, WO,, inside the workspace. This
representation in a configuration space is defined by a set of positions, q, that are intercepted

by the robot, R(q). Thus, the corresponding obstacle space is defined as follows:

Q; =qeQIR(q)[ |WO; %0 (5.1)
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and the free space is defined as the set of all points that are not intercepted by any obstacle,

eree:Q\[UQi] (52)

The GVD is a roadmap that splits the free space in regions which positions, q, are closer

as follows:

to an obstacle, i, than all others, a. These regions, denoted as Voronoi regions, are defined
as:

Fi =q € Qfrecldi(q) < dg(q), Ya =i (5.3)
where d;(q) is the closer distance between a configuration, q, and an obstacle Q;, defined
as the closer obstacle, and d,(q) the distances to all the others. The distance to the closer
obstacle QQO; is defined by the follow equation:

di(q) = cglgigi d(q,c¢) (5.4)

Being QO; and QO; the space occupied by two obstacles, the GVD is the set of points
equidistant to both:
Sij =x€Qld(i) =d(j) (5.5)

The definition of the two-equidistant points S;; restricts the Voronoi region boundary
points:

Fij=q € S;jldi(q) = dj(q) < d,(q),Ya (5.6)

The GVD is finally defined by the union of the two-equidistant faces:
GVD:UU]—'U (5.7)
i

5.3.2 GVD-based roadmap definition from the wave front algorithm

As detailed in section 5.2, the mapping for the PCA-based positioning system is performed
by the capture of ceiling depth images, covering the entire free-space along a grid. This
information is used to configure the workspace as an occupancy grid. Thus, free cells
correspond to grid positions where ceiling depth images were captured, and occupied cells
where it was impossible for the robot to capture them. This occupancy grid is composed by

a binary information, where zero (0) is used to mark free cells and one (1) for occupied
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cells. Note that, as described above, the free-space cells corresponding to the workspace

boundary are also marked as occupied to create, this way, a “virtual wall” around it.

The GVD construction for discrete grid configuration spaces is computed by a distance
grid, using the brushfire algorithm (Choset et al., 2005, pp. 128-129) to find cells common to
several obstacles. Barraquand and Latombe (1991) propose the application of a wave front
expansion procedure to define the distance grid and, in parallel, the points that belong to

the GVD.

Thus, lets consider the occupancy grid described above, where the occupied cells are
labeled with one (1) and the free cells are labeled with zero (0). According to this approach,
the grid distance is computed by the application of a wave front propagation from the
obstacles and the external workspace border, along the free-space. Thus, all boundary
points are labeled with a distance equal to zero (d(q) = 0). Then, all neighbors cells to the
boundary that are inside Qf,,, are labeled to one (d(q) = 1); next, all cells neighboring to
those that have d(q) = 1 and are inside Qy,, are labeled with two (d(q) = 2); etc. The wave
front is, then, propagated until all free cell are labeled with the corresponding distance to

the closer obstacle.

In parallel, the GVD is defined by the set of points where the “waves” propagated by
the obstacles and environment boundary meet. The points where the wave front collides
have the same distance to two different obstacles and, then, these are the points on the
GVD (Choset et al., 2005, pp. 128-129). When the wave front collisions results in multiple
neighbors, the points selected to the GVD are defined through a thinning algorithm
(Haralick and Shapiro, 1991, pp. 170-171).

5.3.3 Path connectivity using a GVD-based roadmap

Path planning is an essential task to move from a point to another. Usually, when a driver
moves toward a destination place, he plans the pathway before the motion start. The path
is usually select by choosing the shortest distance between two places. In the case where an
highway system is available, the driver searches for points close to his current localization to
take the highway and the desired destination to deliver it. Then, he searches for the shortest

route, using only the highway system, which links these two points.
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The mobile robots path planning using a roadmap has a very similar approach to
traveling along an highway. Thus, before the mobile robot starts the motion from the

current position to another, it needs to plan its own path.

Lets consider a mobile robot located in a position qg € Q... that will move towards a
P qs free

destination position qg € Q... The path planning consists in the definition of the q € Q..

points set that allows the connection between qs and qg. This connection is performed by

the follow roadmaps properties (Choset et al., 2005, p. 109):

* Accessibility: there is a path from qs € Q. to some q4 € RM;
* Departability: there is a path from q; € RM to some qg € Q,;

* Connectivity: there is a path in RM between g and qg.

Lets analyse the case where the path is defined between two points coincident in the
roadmap, i.e., s = q; € RM and q¢ = q; € RM. Since the GVD is defined by a set of points
that define a roadmap inside the free space (RM(q) € Qy,..¥q), there is a path that connects

qs and qg, defined by a set of q € Q.. Vq.

However, when qs¢RM and qg#RM, which is the most common, the connection between
qs and qg requires their connection to the roadmap. This connection is performed by the

accessibility and departability proprieties (Choset et al., 2005, pp. 121-123).

Since q5 € Qfr.. and qs€RM, the start point is inside a Voronoi region F; € Q. of an

obstacle QO;. Being the Voronoi diagram a set of points, S;;, that are equidistant to two

j’
neighbour obstacles Q0; and QO;, then, all points between qs and the shortest point g € RM
are inside #;. This means that moving q away from the closest obstacle can be achieved as

q. and the accessibility can be ensured.

A similar approach, but in reverse direction, can be done to ensure the departability
propriety. Thus, q, can be achieved by moving qg in the direction to the GVD until reach a
point q € RM. All points between qé and qg are inside the Voronoi region F; € Q. of the
obstacle QO;, the closest to qg. Thus, it is possible to connect q; and qg with a set of points

q € Qfree, ensuring the departability propriety.
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5.3.4 Path planner using the Dijkstra algorithm

In the proposed navigation system architecture (Fig. 5.1), the path planning to the
destination is a task executed before the robot starts the corresponding motion. The path is
planned by the search for one that, using the roadmap the bulk of planning, minimizes the
distance from g to qg. In the implemented approach, the shorter path is computed by the
Dijkstra algorithm (Dijkstra, 1959). The Dijkstra algorithm is a classical approach to search
for the short path between two points, being also used in GVD-based roadmaps (Wein
et al., 2005; Bhattacharya and Gavrilova, 2008; Dong et al., 2010).

The graph used by the Dijkstra algorithm is defined by all points connection that
compose the GVD, being the weights established by the distances between them. The
connection of points distributed along a grid induces a graph where the nodes corresponds
to cells and the edges is the connections between them (Choset et al., 2005, p. 523). The
graph is completed by adding two nodes corresponding to qs and qg. Each of these nodes
are connected to another in the GVD, corresponding to q4 and qg, respectively. Thus, the
node corresponding to q; is found by the euclidean distance minimization to qs. The
definition of the node corresponding to q; is performed in a similar way. The weights

assigned to these added edges are set to the corresponding euclidean distance.

The shorter path is composed by a set of edges connecting the start and goal nodes,
wherein the sum of their lengths is the minimum. The Dijkstra algorithm begins by
analysing the length of all the edges connected to the start node, and sets it as precedent to
the next node, whose edge is the shorter. Then, the same methodology is applied to nodes
at the next level, i.e., from the nodes that are connected to the start node. The edges lengths
connected to each node are analysed and each one is defined as precedent to a next node,
that is connected by the shortest edge. Once all precedence of the second level nodes are
defined. The method is repeated for the next levels until the goal node is reached and its

precedence is set.

At that time, once all precedences are defined from the goal until the start nodes, the
shortest path, using of GVD, is defined by these nodes and the edges that connect them.
Finally, the GVD vertices positions along the planned path are extracted, defining the set of

waypoints that the robot must follow, and the goal position is added.



136 Chapter 5 - Mobile robot navigation using a PCA-based self-localization system

5.4 Local planning and control using navigation functions

In addition to the path planning problem, a mobile robot navigation system must be able to
safely move it until reaches the destination. Since the path is composed by a set of
waypoints extracted from a roadmap that maximizes distance to the existing obstacles in
the environment, the robot pose control along these points ensures a collision free motion,
when the workspace has no changes. Despite the experiences presented in this work does
not yet consider the existence of other obstacles in the environment, this section presents
an approach that will allow, in the future, to add this issue to the navigation system. Thus,
in addition to the global path planning, a local planner is designed to control the robot

motion, while it is moving to temporary goals along the path.

The APF is a classical obstacle avoiding algorithm, proposed by Khatib (1986), usually
implemented in mobile robot navigation. This approach is based on the idea of magnetic
fields applied to a (magnetic) body in a space. Thus, the trajectory is a point moving over an
artificial potential force field, caused by attractive and repulsive fields. The attractive field
is produced by the target (local goal) and the repulsive fields are caused by other obstacles

that may exist round the robot.

NF is a type of APF, developed by Rimon and Koditschek (1992), to plan paths through
potential field gradients, ensuring only one minimum located on the goal. This approach
considers that the robot moves attracted by a field in the target, while a boundary of
workspace and obstacles with circular shape act as repulsive fields (Choset et al., 2005, pp.

93-96). Thus, the NF is defined by a combination of three functions:
pE=Pocgooy (5.8)
where each one adds special characteristics to the NE. Thus:

* Q= % is the APF function that combines the attractive (y) and repulsive () functions;
* o(x) £ ;A5 is a function that constrains the values of the potential function from the

range [0,00[ to [0,1];

1/k

* 04 =2 x/"is a function that ensures only one minimum in the NF, located in the goal.

Thus, consider a mobile robot with radius r,, located in a position q = [ x v ]T and

moving towards a desired position qq =[ x; 1y, |7, inside a bounded workspace !. A map
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@:F—[0,1]isaNFif ¢ is:

* smooth on F, i.e., at least the second partial derivative exist;

* polar and with a unique minimum at qq;

* admissible on F, i.e., is uniformly maximal on the boundary of F;

* a Morse function, i.e., the critical points are non-degenerative and a any small

perturbation can avoid local minimumes.
The NF can be described as follows:

Yd

p=—r
(Vd'“rﬁ)

=

where:

* %4 = |lq—qqll?, is a function that represent the attractive potential field, computed from
the distance towards the goal;

* Bisafunction that represent the repulsive potential field, defined by the environment
boundary and the obstacles;

* kis an integer positive tuning coefficient.

In the classical NF, it is assumed that the robot is moving in a circular world, centered
inqo=1[x v |7, with radius r, being the corresponding repulsive function given as
follows:

Bo = —lla - qoll® + p (5.10)
where py =1y —1,.

Considering that the local world has a set of M circular obstacles with radius r;,
i=1,2,..,M, located in the position q; = [ Xi i ]T, the repulsive function corresponding

to each obstacle is given as follows:

Bi = lla—qill* - p7 (5.11)

where p; =r1; +1,.

IThe configuration and gradient vectors are arbitrarily referred as row or column. In line with the remaining
systems of this work and because it is the convention most commonly used in the robotics community they are
defined as column vectors. (Choset et al., 2005, p. 483)
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Finally, the global repulsion function, f, is computed by combining all the repulsive

functions as follows:

M M
ﬁzl_[ﬁiZﬁol_[ﬁi (5.12)
i=0 i=1

The mobile robot motion control using APF consider that there is a point q moving along
T
the negative gradient of the potential function, i.e., @ = -V¢, with Vo = [g_‘f ‘;—‘5] . The NF
gradient represented by the equation (5.9) is given by:

_ Vya (vt + ﬁ)% —yaV((ra*+ ﬁ)%)

> (5.13)
(de+ﬁ)k
where:
Vya=2(q-qq) (5.14)
V(0 + ) = £ (0 + A1) (kY (ra) 7a + ) (5.15)

The repulsion field gradient is given as following:

M M
VB = Z[Vﬁi H /5]'] (5.16)
=0

j=0,j#i
where:

oqoq) Lifi
VB = 2q-a) =0 (5.17)

2(q—q;) ,ifi>0
5.4.1 Dipolar navigation functions with non-holonomic constrains

The control using a classical NF is made by moving the mobile robot through its negative
gradient with an holonomic motion, i.e., without consider any kinematic constraints.
However, when a mobile robot with differential drive kinematics is controlled by a NF, the

corresponding non-holonomic constrains must be taken into account.

Lets consider a mobile robot with differential drive kinematics, located at a position q

with an attitude @, represented by the configuration state p = [ q7 o ]T.  The
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corresponding kinematic model is described by the follow equation:

X cos(yp) 0

p=|y|=|sin(y) 0 ! (5.18)
. w
i 0 1

Aiming this technique implementation in mobile robots with differential drive
kinematics, Tanner and Kyriakopoulos (2000) and Loizu et al. (2004) and Loizou and
Kyriakopoulos (2008) propose the use of NV with dipolar potential fields to provide
suitable trajectories for those constraints. Thus, to create a DNF for the navigation of one
differential drive mobile robot towards a desired pose pa =[ qq7 1, ], the equation (5.9)
must be modified as follows:

g=—L1 (5.19)
(ya* +Hup)"

where the attractive function is redefined to y; = ||p—pql|> and H,,, assume a pseudo-obstacle

form that drives all trajectories to the desired pose, being defined by the follow equation:

Hyp = €un + M (5.20)

with €,, a positive coefficient and,
7 = || (@ - ga)Tng|” (5.21)
ng = [ cos(ypy) sin(ty) ]T (5.22)

Attending to this modification, the DNF gradient represented by the equation (5.19) is

given as follows:

1

L (ya*+ th/g)% =V ((ya* + Hup)¥)

. (5.23)
(7/dk +thﬁ)k
where
V((rd*+ thﬁ)%) = % ((ra*+ Hof)F ) (Y (ya) 7a* ! + Ho VB + BVH,) (5.24)
Vya=2(p-pa) (5.25)
. (2(x = x4) cos*(pa))
VH,, = [‘95?3” agfh 8g;h] = (2(y = ya) sin®(¢a)) (5.26)

—sin(2¢) ((x—x4)* = (¥ = 34)?)
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Once computed the partial derivative of all function included in DNF, its gradient is

defined by the corresponding partial derivatives in the cartesian axis, as follows:

T
_|9¢ Jdp I¢
V(P_[W %9 W] (5.27)

5.4.2 Optimal NF parameter computation to avoid local minimum

As described above, the NF allows the definition of a potential field with no local minimum.
According with the APF methodology, the motion follows the NF negative gradient. To
ensure the absence of local minimum, the attractive gradient Vy; must dominate over the

repulsive gradient Vp for all q inside the workspace.

Koditschek and Rimon (1990) analysed that increasing the parameter k, it is possible to
eliminate critical points inside the workspace. Following this approach, there is a minimum

value for k, from which the NF negative gradient tends to y,;, from any q.

Thus, lets consider the NF gradiente depicted in equation (5.13). This function has

critical points for Vg = 0, which can be obtained as follow:

1

VVd(de+/5)% =7aV((vd"+B)¥) (5.28)
Simplifying the equation (5.28), the critical condition is simplified as follow:
kBVya =yaVp (5.29)
Taking the magnitude for both sides, it is possible to obtain the follow equation:

2kp =~/yallVBIl (5.30)

Thus, the sufficient condition for the equation (5.30) ensures no critical points is given

as follow:
\Y,
k> M (5.31)
2p
for all q € Q.

According with Loizou and Kyriakopoulos (2003), when non-holonomic constrains are

consider, the repulsive function is replaced by S = H,;;, 8, leading to a sufficient condition to
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avoid critical points given as follow:

J7allvs
g s Yyl (5.32)
25

for all q € Q.

5.4.3 Non-holonomic control using dipolar navigation functions

Aiming to drive a mobile robot with non-holonomic constraints using a DNF, a motion

controller to take into account those restrictions must be applied.

To analyse the control stability, lets consider a Lyapunov function candidate defined by

the DNF detailed above:

V(p)=(p) (5.33)

the corresponding Lyapunov function derivative is given as follow:

: d
V(p)= 5 +VV(p)p =V (p)p (534)

When the non-holonomic constraints are considered, replacing the equation (5.18) in

equation (5.34), the Lyapunov function derivative become as follows:

V(p):u(g—fcos¢+g—(§sin4})+w3—z (5.35)

Loizu et al. (2004) propose the following control laws to stabilize a mobile robot with

differential drive kinematics constraints using a DNF:

0 op . o’ d¢?
u:_Kusgn(a—fcos(wa—(ypsmm)((a—f +8—;P )+||q—qd||2) (5.36)
Kw(’ubnh_lzb) 1A<0
0=y 0 (5.37)
~Kogg JA >

where K, and K|, are positive constants and:

J J
a—fcos(v,b) + a—fsin(lp) (5.38)

J dp> dp®
5= K5 -9 -K (5252 )+ la-aal

1% d
yp = atan2 (a—fsgn ((a-qa)"nq), a—(zsgn ((q- CId)Tnd)) (5.39)
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To analyse the control laws stability, the equations (5.36)—(5.37) are replaced in the

equation (5.35), according with the level of A.

Thus, when A <0, the equation (5.35) becomes as follow:
oo dp 1o . dp o .
V(p) =—K,sgn (ﬁ cos() + 8_3) sm(l,b)) (W cos(y) + a_y sin(1)

2 2
((8—(P +‘Z—‘§ )+||q—qd||2)+1< LU

ox “ P
J J dp’ dp’ J
=-K, a—fcoswna—fsin(w)]((a—f 3y )+||q—qd||2)+1<w£<¢nh—¢>:
=A<0 (5.40)

On other hand, when A > 0, the equation (5.35) becomes as follow:

V(p) = —Kusgn(aa—(i cos(y) + i—fsin(w))(g— cos(y) + a—sin(gb))

dp? d¢? d
((—(P + 22 )+|Iq—qd||2)—K £ =

ox  dy “ oy
__x | 99 ; I 99’ 2\ _g 29
_Ku ax COS(¢)+ ay Sln(lp)'(( ax + ay + ||q_qd” _Ka) 81,b <0 (541)

Analysing the equations (5.40)—(5.41) it is possible to conclude that the control laws
application, equations (5.36)- (5.37), leads to V(p) < 0, attracting the mobile robot to the

desired pose.

5.5 Experimental results

5.5.1 Environment roadmap

To validate the proposed navigation system some experiments were performed. Thus, set of
1571 depth images from the ceiling was captured along a grid with 0.3 m, placing the robot
in different positions (keeping the same attitude), covering all free space, and the eigenspace
was created (see section 4.6 for more details). As detailed in section 5.2, an occupancy
grid was built using the information about the existence of depth images captured from the
ceiling. The cells where images were captured are defined as free space and the remaining

as occupied. Aiming to improve the GVD accurancy, the occupancy grid was resized with a
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scale 1: 3. The GVD roadmap was computed using the wave front algorithm, (section 5.3.2),
and the GVD vertices (points intercepted by more than two GVD edges) were defined as the
set of possible waypoints. These points are stored to be used by the DNF-based controller,
during the robot motion, as the local circular worlds center and the corresponding goal

positions.

Figure 5.2 shows the final distance grid and the corresponding GVD-based roadmap.
In this figure, the grayscale represents the distance to the obstacles (black area), while the
blue lines and circles represents the edges, computed with the front wave algorithm, and the
vertices (the set of possible waypoints), respectively. The GVD-based roadmap is depicted

in a metric map in Fig. 5.3.

Figure 5.2: GVD-based roadmap over a distance grid to the obstacles (black: occupied space;
blue lines: edges; blue points: vertices; grayscale: distance to obstacles, increasing with
brightness).

y [m]

7 8 9 10 11 12 13 14 15 16 17 18 19
x[m]

Figure 5.3: Occupancy grid with GVD-based roadmap (black: occupied space; blank: free
space; blue lines: edges; blue points: vertices (possible waypoints).
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Having defined the roadmap, the next step is to plan a path for the robot motion. Thus,
its actual position (qs) and the destination (qg) are connected to the corresponding closest
points in the roadmap, and the shortest path on the GVD is computed through the
Diskstra’s algorithm (section 5.3.4). Finally, the waypoints’ set that will be used by the
DNF-based controller as temporary goals is selected according with the planned path and

the destination point (qg) is added.

Attending of plan execution, the robot movement results from a DNF defined on a local
workspace, centered on the waypoint, and using it as temporary goal position. The DNF is
designed to drive the mobile robot toward its center, with a desired attitude in the direction
to the next waypoint. Thus, the robot is moved attracted by the temporary goal while is
repelled by the circular world boundary around. This potential field guides the robot to

follow a path close to the GVD-based roadmap.

When the robot gets close enough to the temporary goal, the goal is changed to the next
waypoint and a new DNF is defined to drive it in direction to the next one. This process is

repeated until the mobile robot goes through all waypoints and reaches its destination (qg).

5.5.2 Self-localization system integration

To validate the proposed navigation system in a real environment, some experiments were
performed in an industrial-like indoor environment, containing several systems, such as,
electrical and HVAC systems, lights, technical gutters, among others (see Fig. 4.28). To
carried out the experiments, a mobile robot platform was equipped with a Kinect device,
looking upward to the ceiling, a rate gyro, a compass and encoders coupled to the motors

(Fig. 5.4).

\\ \ Ra;—e gyro

Motors with encoders

Figure 5.4: Mobile platform equipped with kinect device and motion sensors.
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The PCA-based self-localization system is integrated with the DNF-based controller in a
closed loop, as depicted in Fig. 5.1. The experiments was performed with the PCA-based
positioning system using depth images (see section 4.3 for more details). Thus, during the
motion, the depth image captured from the ceiling is rotated and decomposed into the PCA
eigenspace to obtain the robot position. Since the robot is moving in an environment with
repetitive elements, the searching by similar images in the PCA eigenspace is performed
considering a neighborhood radius, 6 = 3 m, around the last robot estimated position (see
4.6 for details). The results obtained from the extended PCA algorithm for corrupted depth
images are merged with the LPV, through the time-varying KF designed to estimate the
mobile robot global position (section 3.4.4). The robot attitude is estimated by the KF
designed to merge the signals provided by three sensors: rate gyro, compass and encoders’

odometry (section 2.5.2).

To move the mobile robot toward the goals (temporary or final), the position and
attitude estimated by the self-localization system are used in a DNF-based controller, that
drives it through an APF. Thus, the DNF gradients are computed for the estimated pose,
p=[% v ¢ |7, and the new mobile robot linear and angular velocity are obtained from
the corresponding control laws defined in the equations (5.36)— (5.37). Attending that the
LPV model is designed for trajectories with constant velocity, a states replacement are
made allowing the position estimation with different velocities. Thus, the linear velocity
sent to the mobile robot is projected onto the cartesian axes, considering the estimated

attitude and the corresponding states used in the LPV model are replaced by these new

value, i.e., ¥ = u cos(tp) and p = usin(e)).

5.5.3 Path following via waypoints

T
In this experiment, the robot departs from the position q3 = [6,0 3_3] m and attitude

T
s = 0 ° toward a goal qg = [12,0 9,6] m and attitude Pg = 180 °. To carry out this motion,

the waypoint set defined in the planning step is detailed in Table 5.1.

The experiment is performed considering that the mobile robot is commanded by the
controller with the gains tunned to K, = 0.3 and K, = 0.5. It was considered that, along

the motion, the temporary goal (waypoint) changes to the next when the corresponding
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Table 5.1: Goals defined in the path planning step.

x position [m] y position [m]

Temporary goal no 1 13.3 2.4
Temporary goal no 2 17.1 2.4
Temporary goal no 3 17.3 3.7
Temporary goal no 4 17.4 6.5
Temporary goal no 5 16.4 7.2
Temporary goal no 6 15.9 8.7
Temporary goal no 7 15.2 8.7
Temporary goal no 8 15.2 9.7
Temporary goal no 9 12.9 9.7
Final goal (qg) 12.0 9.6

distance error is less than 1 m. The robot motion stops its mission when the distance to the
goal position is less than 0.1 m. During the motion, the linear and angular velocities are

saturated with u,,,, = +0.15 m/s and w,,,, = +1 rad/s, respectively.

To observe the real path described by the robot while it was moving, some points were
marked on the floor. After the experiment, these position points were measured in the

cartesian axes to obtain the ground truth.

Figure 5.5 shows the robot trajectory obtained in this experiment. As it is possible to
observe, the estimated trajectory is close to the ground truth points, that represents the real
mobile robot trajectory. Moreover, it is also possible to observe that the traveled path is
made toward the waypoints and, each time that the robot gets close to this temporary goal,
it changes the direction to the next. Analysing the Fig. 5.5, it is possible to conclude that
this approach succeeds in driving the robot closely to the path of largest clearance with a

smooth trajectory.

The results provided by the PCA-based positioning system along the experiment are
depicted in Fig. 5.6. Analysing these results, it is possible to observe that, sometimes, the
PCA-based positioning system provides positions measurements with some error. This
happens due to the distance associated with the database grid because the PCA algorithm
sometimes finds similar images in distant locations. Although the variations in the
positioning obtained from the PCA algorithm, the KF is able to decrease these errors and

smooth the robot estimated positions, that are provided by the self-localization system.
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Figure 5.5: Map with path following via waypoints - experimental results.
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Figure 5.6: Mobile robot position along time - experimental results.

5.5.4 Path following via waypoints with wrong initial position

Another experiment was performed to move the mobile robot toward the same goal
position, qg = [12_0 9,6]T m, but considering that the self-localization estimator is
initialize with a wrong position. Thus, despite the real mobile robot departs from the
position q5 = [6,() 3,3]T m and attitude ¢, = 0 °, the self-localization is initialized with the

position states £(0) = 8.0 m and 9(0) = 1.5 m.

Analysing the results depicted in Fig. 5.7 - 5.8, it is possible to observe that, despite the

wrong estimated position, the self-localization system converge to the real trajectory. This
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means that, once stabilized the position estimation, the robot may be correctly driven to its
destination. In addition, it is possible to observe in Fig. 5.8 that the self-localization system

stabilize in approximately 5 seconds.
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Figure 5.7: Map with wrong initial position - experimental results.
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Figure 5.8: Mobile robot position along time with wrong initial condition - experimental

results.

5.5.5 Path following via waypoints with one intermediate goal

Another experiment was performed, considering a navigation toward a destination, but
adding one intermediate goal along the path that most be visited. In this experiment, the

T
mobile robot departs from the position qg = [6,0 3,3] m and attitude g = 0 ° toward a
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T
goal qg = [1,0 9_7] m and attitude g = 180 °, passing by one intermediate goal in the
T
positions qq, = [12,9 9,7] m.

Since the path is composed by one intermediate (qg, ) and a final goal (qg), the planning
step is performed two times along the experiment. Thus, a first planning is computed to
define the waypoints to drive the mobile robot to qg, . Then, the DNF-based controller moves
the robot toward this intermediate goal, along the first waypoints’ set. When it is close to
the first intermediate goal, the second planning is computed from the current estimated
position to the final goal qg. Table 5.2 shows the set of temporary goals, selected in both

path planning steps, aiming to carrying out this mission.

Table 5.2: Goals defined in the path planning step with one intermediate goals.

x position [m] y position [m]

Temporary goal no 1 13.3 2.4
Temporary goal no 2 17.1 2.4
Temporary goal no 3 17.3 3.7
Temporary goal no 4 17.4 6.5
Temporary goal no 5 16.4 7.2
Temporary goal no 6 15.9 8.7
Temporary goal no 7 15.2 8.7
Temporary goal no 8 15.2 9.7
Temporary goal no 9 (qg,) 12.9 9.7
Temporary goal no 10 4.0 9.8
Final goal (qg) 1.0 9.7

In this experiment the controller gains was tunned to the same values, K;, = 0.3 and
K, = 0.5. It was considered that, along the motion, the temporary goal (waypoint) changes
to the next when the corresponding distance error is less than 1 m, and robot motion stops

when the distance to the final goal position is less than 0.3 m.

Figure 5.9 shows the mobile robot trajectory described in this experiment. Analysing
these results, it is possible to observe that the estimated trajectory is also close to the
ground truth. Looking to the top of the figure, it is possible to see a slight difference
between the ground truth points and the estimated trajectory. This happens because the
robot moves under a poor ceiling, i.e., with very few information. Figure 5.10 shows the

positions provided by the PCA algorithm along time. Analysing these results it is possible
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to see that, at the end of the trajectory (after about 140 s), the positions provided by the
PCA algorithm have large variations.
navigates under a ceiling with very few information, and even those have repeatability.

However, the KF can smooth these variations, estimating a mobile robot position close to

the ground truth.

Figure 5.9:
experimental results.

Figure 5.10: Estimated position along time with one intermediate goal - experimental

results.

This shows what can happen when the robot

y [m]

9 10 11
x [m]

12

13

Map with path following via waypoints

m]

X Position [

Y Position [m]

e
cubB

o wo

14

15 16 17 18 19

GVD edges

@® GVD vertices

@  Start/goal position
Waypoints
Robot path

% Ground Truth

with one intermediate goal -

o

20

100 120
Time [s]

160

PCA localization
Estimated position




5.5 - Experimental results 151

5.5.6 Path following via waypoints in a closed loop

A last experimental test was performed considering the robot motion along a large
trajectory, in a closed loop. In this experiment, the robot starts from the initial position
qs = [1,8 10,0]T m and attitude g = 180 ° toward to a final goal qg = [1,0 9,7]T m and
with the same attitude (¢, = 180 °). Instead these positions are close, to carry out this

T
mission, two intermediate goals are defined in the positions qg, = [6,0 2,4] m and

T
qg, = [12,9 9,7] m, respectively. These intermediate goals will do the robot describe a

large lap, in a loop closed.

Since the path is composed by two intermediate goal (qq, and qg,) and a final goal (qg),
the planning step is performed three times along the experiment. Thus, a first planning is
computed to define the waypoints to drive the mobile robot to qg, and the DNF-based
controller moves the robot toward this intermediate goal. When it is close to the first
intermediate goal, another planning is computed from the mobile robot current pose to the
second intermediate goal qg,. The process repeats until the mobile robot reaches the final
position qg. Table 5.3 shows the set of temporary goals, defined in all planning steps, in

order to carry out this mission.

Table 5.3: Goals defined in the path planning step to describe a large trajectory.

x position [m] y position [m]

Temporary goal no 1 1.0 9.7
Temporary goal no 2 1.0 7.2
Temporary goal no 3 0.9 3.0
Temporary goal no 4 3.3 2.0
Temporary goal no 5 5.1 2.3
Temporary goal no 6 (qg,) 6.0 2.4
Temporary goal no 7 13.3 2.4
Temporary goal no 8 17.1 2.4
Temporary goal no 9 17.3 3.7
Temporary goal no 10 17.4 6.5
Temporary goal no 11 16.4 7.2
Temporary goal no 12 15.2 8.7
Temporary goal no 13 15.2 9.7
Temporary goal no 14 (qg,) 12.9 9.7
Temporary goal no 15 4.0 9.8

Final goal (qg) 1.0 9.7
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Figure 5.11 shows the mobile robot trajectory described along the experiment. As it is
possible to observe, despite the start and the final goal position are close, the mobile robot
describes a long trajectory, passing by the two intermediate goals. Along the experiment the
robot position estimated by the self-localization system is close to the ground truth points

and the robot reaches the final goal, after describing a large trajectory with about 45 m.

Figure 5.12 shows the robot position computed by the PCA algorithm and the estimated
by the self-localization system along time. Analysing these results it is possible to observe
that the PCA-based positioning system provide accurate results where the ceiling has rich
information (up to about 220 s), while where the ceiling has very few information (after
about 220 s), the obtained position results presents with greater error. However, even in this
case the KF is able to smooth the trajectory, using the information provided from the motion

sensors, improving thus the estimation results.

y [m]

2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19
x [m]

GVD edges

@® GVD vertices

@ Start/goal position
Waypoints
Robot path

% Ground Truth

Figure 5.11: Map with path following along a large trajectory with two intermediate goals -
experimental results.

Analysing the results obtained with this experiment, it is possible to conclude that the
integration of the PCA-based self-localization system in a navigation system allows the
mobile robot motion along a large trajectory in a closed loop, providing estimates close to

the ground truth.
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Figure 5.12: Estimated position along time in a large trajectory - experimental results.

Finally, this experiment was repeated so that the robot describes two laps in a closed
loop, i.e., a path with approximately 90 m. Thus, the same sequence of planning and path
following control was performed three times, aiming to describe the first lap. Then, the same
planning and path following control steps was repeated, from the current robot estimated

pose, in order to describe the second lap.

Figure 5.13 shows the map with the estimated trajectory described by the robot along
this experiment, and the Fig. 5.14 depicts the corresponding position along time. Analysing
these results it is possible to observe that the robot describes similar trajectories in both laps.
Moreover, looking to Fig. 5.14, it is possible to see that in the results provided by the PCA-
based positioning system up to about 300 s are similar to those achieved after this time. This
mean that, when the robot returns to the same place, the PCA algorithm provides similar

position results.

In addition, it is also possible to observe that the estimates in the top of Fig. 5.13 is
less accurate than presented in the rest of the trajectory. As preciously mentioned, these
estimates are obtained in an area where ceiling has very few information and even those with
scenery repeatability, leading to the PCA algorithm to provide less precise positions. These
results correspond to the instants 220 — 300 s and after 520 s (approximately) depicted in
Fig. 5.14. However, as can be observed in Fig. 5.13-5.14, even that the position provided by
the PCA algorithm may be less accurate in areas where the ceiling has very few information,
when the robot returns to an area with a rich ceiling, the PCA-based positioning system

returns to provide accurate results, improving the estimates obtained by the self-localization
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Figure 5.13: Map with path following along a large trajectory with two laps in a closed loop
- experimental results.
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Figure 5.14: Estimated position along time in a large trajectory with two laps in closed loop
- experimental results.

system. This means that, the positioning system provides similar results when the robot
returns to the same place and captures depth images that can be distinguished from the

rest.

Finally, it should be noted that, after a navigation with approximately 90 m, in which
the final trajectory is traveled in an area with few ceiling information, when the robot stops
close to the final goal (at the experiment finish) its estimated position has an error of e, =

0.16 m and e, = 0.27 m, relating to the real measured. This means that the robot reaches the
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destination with an error smaller than the ceiling mapping grid size, i.e., smaller than the
position resolution provided by the PCA algorithm (0.3 m). This is achieved even finishing
each lap with bad conditions, such as, capture ceiling depth images with few information

and repeatability.

5.6 Conclusions

This chapter presented a navigation system for mobile robots using a PCA-based
self-localization system. In the proposed approach, a roadmap based on GVD, a global path
planner and a DNF was combined to define a set of waypoints and control the mobile robot

motion toward to destinations positions.

Thus, the information about the captured images for the PCA database was used to
define an occupancy grid that represents the workspace. Such grid was useful to build a
roadmap based on a GVD, from which a set of waypoints to guide the robot can be
obtained. The possible waypoints corresponds to the GVD vertices, i.e., points on the GVD
that are intercepted by more than two edges. A path planner using Dijkstra algorithm was
implemented to search for the shortest path between the robot position and its destination,
using the GVD-based roadmap. Then, a set of waypoints was selected, aiming to be used as
temporary goals. The DNF implementation along the selected waypoints in the path
planning step allows to control the motion of a mobile robot with differential drive

kinematics close to the GVD-based roadmap.

In order to analyse the proposed PCA-based navigation system some experiments were
performed in a real environment, using a mobile robot motion equipped with on-board
sensors. The experimental validation was performed considering different conditions: i)
navigation via waypoints between two locations in the environment; ii) navigation with
wrong initial estimates; iii) navigation along a large mission with one intermediate goal
that must to be visited along the mission; iv) navigation along a large trajectory, in a closed

loop, with two intermediate goals.

The experimental results showed that the mobile robot reaches the destination position.
Moreover, during the motion, the self-localization system provides estimates close to the

real trajectory described by the mobile robot. Even in case where the estimator starts from
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a wrong position, the self-localization system stabilizes in few seconds, allowing a good

navigation toward its destination, close to the ground truth points.

Moreover, experimental results shows that the mobile robot can navigate along large
trajectories, localizing itself only with the information provided from motion sensors
installed on-board and the comparison of ceiling depth images with a database previous
collected, through the PCA algorithm. This approach allows the implementation of a
navigation system where the robot can know that it returned to the same place, without the

need to recognize specific features from the environment that was previous viewed.



Mobile robots implementations using

PCA-based localization

6.1 Introduction

In the chapters 3 and 4 a self-localization system for mobile robots, resorting to a PCA-
based positioning system was detailed and experimentally validated using video or depth
images, respectively. As described, the position provided by this algorithm is unique in
the environment, being obtained by the corresponding position to the most similar image
stored in the database. This chapter presents some implementations addressing a PCA-based

localization system for mobile robots, using depth images extracted from the ceiling.

Thus, the enhanced PCA-based self-localization system using ceiling depth images is
integrated in a closed loop control system to stabilize the mobile robot pose. In the
implemented approach the mobile robot is commanded by the pose controller proposed by
Aicardi et al. (1994), while its global pose is estimated by the self-localization system

detailed in section 4.6.

In addition, in this chapter an alternative approach to implement the PCA-based
localization for mobile robots in unstructured environments, using depth images captured
from the ceiling, and resorting only to on-board sensors is presented. The method resorts to

a PCA-based positioning system, filtered in a Bayesian probabilistic grid and combined
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with the attitude estimator (section 2.2) and the 2D position estimator (section 3.4.4) to
estimate the mobile robot pose. In the implemented system, the environment information
is captured only with on-board sensors installed in a differential drive robot. To avoid the
negative impact caused by the corrupted data existing in the 2D depth sensor, the PCA
extension to reconstruct depth images proposed in section 4.3 is applied in this approach

(Rodrigues et al., 2013b).
Thus, this chapter is organized as follows:

* Section 6.2 details the integration of the PCA-based self-localization system using
ceiling depth images (chapter 4) in a closed loop control system to stabilize the
mobile robot pose. The implemented system is validated with experiments in a real
indoor environment.

* Section 6.3 presents a self-localization system that merges the PCA-based positioning
system with a ML, through a probabilistic grid-map. The PCA-based ML system is
experimentally validated using depth images captured from the ceiling and the results
are shown in this section;

* Finally, section 6.4 presents some conclusions about the work described in this chapter.

6.2 Mobile robot pose control using a PCA-based self-localization

system

Control is a crucial task for a robot to perform missions. A common problem in mobile
robots is the motion control towards a certain static pose. In this section, the PCA-based
self-localization system is integrated in a closed loop to control the mobile robot pose.
Thus, in the proposed approach, the controller proposed by Aicardi et al. (1994) were
applied to stabilize the mobile robot pose, while its global localization is estimated by the
self-localization system described in section 4.6. The results is experimentally validated by

the mobile robot pose stabilization in a real environment.
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6.2.1 Kinematic error

Lets consider a differential drive mobile robot located in a global position
T

Xp = [ X v Uy ] , with non null distance to a goal position. The robot is moving in the

inertial world X;Y; with linear and angular velocity, u and w respectively. The kinematic

model is defined by the follow equation:

cos(¢p,) 0O
X =| sin(y,) 0 ! (6.1)
w
0 1

The design of the pose controller should allow to move the mobile robot to a position
T
Xg = [ Xy Vg ] and an attitude aligned with the goal frame, being the corresponding error

depicted in Fig. 6.1.

Yg

Yr

Figure 6.1: Pose error definition.

The following notation is used in Fig. 6.1:

* x, and y, are the actual mobile robot position;

* 1, is the actual mobile robot attitude;

* Xg and y, are the mobile robot goal position;

* ey and e, are the error in cartesian coordinates, defined by e, = x, —x, and e, =y, - y;,

respectively;
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* ¢is the distance error between actual and goal position;
* ais the angle between the robot frame and the distance vector;

* O is the angle of the goal vector with respect with inertial frame.

Analyzing the Fig. 6.1, it is possible to define the mobile robot pose error in polar

e=Je? +e,?

a = - +atan2(ey, ex) e>0 (6.2)
O=¢+a

coordinates:

leading to the kinematic model, defined for a non null distance error (e > 0):

é=—-ucos(a)

d:—w+u% e>0 (6.3)

sin(a)
a

6 =+u

6.2.2 Controller for mobile robot pose stabilization

The mobile robot stabilization to any desired pose consists in the definition of a control law
applied to the equation (6.3), that asymptotically drive the mobile robot to a null limiting

T
point [ 0 0O ] , guaranteeing an asymptotic system stabilization towards the goal.

Thus, applying the approach proposed by Aicardi et al. (1994), a candidate Lyapunov
function composed by two terms V; and V,, that are related with the distance error vector,

T
e, and the “alignment error vector”, [ a 6 ] , respectively, is given as follows:

1 1
V=Vi+V,= EAe2+§(az+hez), ALh>0 (6.4)
——— e
Vi v,

The pose stabilization is guaranteed if the candidate Lyapunov function, equation (6.4),
is always positive (V > 0) and its derivative, with the applied control function is negative
(V < 0), for all positive parameters A and h. Thus, deriving the equation (6.4), it is obtain

the follows:

V=V, +V,=Xeé+ (ad+hO0) (6.5)
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Replacing the equation (6.3), in the equation (6.4) it becomes as follows:

sin(a) (a + h0)

V =—deucos(a)+a|-w+u (6.6)
. . a e
Vi .
V2
Aicardi et al. (1994) propose the follow control law for the linear velocity:
u = (ycos(a))e, y>0 (6.7)

where y is a positive parameter. The application of this control law in the term V;, becomes

as follow:

Vi = —A(ycos*(a))e? <0 (6.8)

This means that the application of the control law, equation (6.7) ensures the first term
of equation (6.6) is non-increasing along time and lower bounded by zero and allows an
asymptotic convergence to a non-negative finite limit, validating the first term of the

Lyapunov function.

Repeating the same process to the second term and replacing the equation (6.7) in the

equation (6.6), it becomes:

cos(a)sin(a)

Vi=a|-w+y (a + hO) (6.9)

Aicardi et al. (1994) propose the follow control law for the angular velocity:

w0 ka+ 7/cos(a)sm(a)

(a+ho), k>0 (6.10)
which ensures the asymptotic convergence of the second term:

V, =ka®?<0 (6.11)

Thus, the addition of the equations (6.8) and (6.11) leads to the derivative of the original

Lyapunov function, presented in equation (6.4), as follow:

V=V, +V,=-A(ycos®(a))e* —ka’ <0 (6.12)
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that is a negative semi-definite function, validating the Lyapunov function and ensuring an
asymptotic convergence to the limit point. According with the analyze detailed by Aicardi
et al. (1994), the controller can stabilize the mobile robot pose through a smooth path when

the controller parameters y, k and h are tuned as follows:

h>1, 2y<k<(h+1)y (6.13)

6.2.3 Pose control system architecture

Aiming to implement a mobile robot pose stabilizer controller, the PCA-based

self-localization system is integrated in a closed loop control system, as depicted in Fig. 6.2.

depth Circul
- ircular crop (%, )pca
1mage and PCA .
image rotation Position e
( ) Pose Differential estimator 9
xyy i KF s
$ stabilization | (@) ervT e @ (KE) (£,9,9)
controller moblie . LPV
robot Attitude xf;
ag,) estimator
: (KF)
Self-localization sensor

Figure 6.2: Pose control system architecture using the PCA-based self-localization system.

The architecture presented in this section implements the PCA-based positioning system
using depth images (see details in section 4.3). Thus, during the motion, the depth image
captured from the ceiling is rotated and decomposed into the PCA eigenspace to obtain the
robot position. The results obtained from the PCA algorithm, (x,y)pca, are merged with
the LPV, through the KF detailed in section 3.4.4, to estimate the global robot position. The
robot attitude is estimated by the KF detailed in section 2.2, that merges the signals provided
by the digital compass, ¢, with the odometry, a(;,). As detailed in chapters 3 and 4, this

self-localization system estimates the mobile robot global pose (%, 7, 1).

To stabilize the mobile robot in the desired pose, a closed loop controller defines the
action to be sent to the motors, in order to reduce the error between the pose estimated

by the PCA-based self-localization system and the desired one. Thus, the distance error,
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e and the “alignment error”, [ a 6 ]T, are computed using the equation (6.2). The new
mobile robot linear and angular velocity are obtained from the corresponding control laws,
i.e., from the equations (6.7) and (6.10), respectively. Considering that the LPV model is
designed for trajectories with constant velocity, a similar approach to that of section 5.5.2
is implemented. Thus, the linear velocity sent to the mobile robot is projected onto the
cartesian axes, considering the estimated attitude, and the corresponding states used in the

LPV model are replaced by these new values, i.e., ¥ = u cos(1)) and 9 = usin(i).

6.2.4 Experimental results

To analyze the pose controller performance using the PCA-based self-localization system,
some experiments are performed using a mobile robot with a differential drive kinematics

equipped with on-board sensors (see section 4.2 for more details).

To create the PCA database, a set of 110 depth images is captured from the ceiling, along
a grid map with a distance of 0.3m (in x and y axis). The PCA eigenspace is then computed,
implementing the approach detailed in section 4.6. The selection of the best eigenvectors is
performed through eigenvalues that exceed 85 % of the total of the eigenvalues, creating an

eigenspace with 52 eigenvectors.

All experiences are performed aiming to control the mobile robot pose in
Xg = [1,5 1.5 ()]T, when it starts from a set of different initial poses, presented in Table
6.1. The controller gains are tuned to y = 0.5, k = 1.2 and h = 4, and it is assumed that the
mobile robot arrives to the goal pose when the following condition is reached: e < 0.05 m
and |0| <5 °. During the motion, the linear and angular velocities of the robot are saturated

with u,,,, = 0.15 m/s and w,,;,, = 1.5 rad/s.

Analyzing Fig. 6.3, it is possible to observe that the mobile robot describes a path
around the stabilization point and stops with the desired pose. The described trajectories
are different, according to the initial relative pose. Although it needed to perform a
maneuver when the robot starts in front of the goal position, it always arrives with positive
linear velocity, i.e., moving in forward direction. Figure 6.5 shows the mobile robot attitude
along time for all experimental tests. Analyzing these results, it is possible to see that,

while the controller is attracting the mobile robot to the stabilization point, its attitude is
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Table 6.1: Initial position and attitude of the mobile robot in posture stabilization tests.

x position [m] vy position [m] attitude [°]

Testno 1 2.4 1.5 0
Test no 2 2.1 2.1 0
Test no 3 1.5 2.4 0
Test no 4 0.9 2.1 0
Test no 5 0.6 1.5 0
Test no 6 0.9 0.9 0
Test no 7 1.5 0.6 0
Test no 8 2.1 0.9 0
3
25l start 3 |
2 - .
E 15l ]
>
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Figure 6.3: Mobile robot path for different initial poses’ - experimental results.

also corrected to the desired goal.

Finally, these results show that the PCA-based self-localization system can be integrated

with a mobile robot pose controller, stabilizing the robot in the desired pose. Notice that the

IThe robots drawings are obtained from “CAS robot navigation toolbox” Arras (2004)
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Figure 6.4: Mobile robot attitude along time for different initial poses - experimental results.

Figure 6.5: Mobile robot attitude along time for different initial poses - experimental results.

accuracy obtained in the final pose stabilization is greatly reduced when compared with the
PCA-based positioning system grid resolution (0.3 m1). This is achieved because the position
obtained from the PCA-based system is merged with the LPV model, before it is used by the
controller. Moreover, the pose controller only uses the results provided by the two linear KF,

to estimate the position and the attitude respectively, that are globally stable.

6.3 PCA-based baeysian grid method for mobile robots
positioning
The approach detailed in this section implements the PCA-based positioning system,

resorting to ML methodology. The ML algorithm, that is an application of a Bayes filter, is

often used in robot navigation, where the mobile robot position is achieved through a
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probabilistic grid-map (Thrun et al., 2005; Choset et al., 2005). This approach implements
a multi-modal probabilistic function to represent the probability about the robot position,
allowing the tracking of multiple possible localizations, using a discretization of the

environment in a probabilistic grid-map.

The experimental validation of the positioning system proposed in this section has been
performed, resorting to the mobile robot platform described in section 4.2, i.e., a differential
drive mobile robot, with a Microsoft Kinect installed on the platform, pointing upwards to
the ceiling, and a digital compass, located on the extension arm (robot rear part), as depicted

in Fig. 4.1.

6.3.1 PCA-based grid-map construction

The PCA-based positioning system with ML detailed in this section also considers that the
mobile robot moves in an indoor environment, under a ceiling with some informations (e.g.
building-related systems such as HVAC, electrical and security systems, etc.). The depth
information provided from ceiling images is used to build the environment grid-map and,
during the motion, to implement the Bayesian filter. Note that, as detailed in section 4.2,
due to geometry and properties of some objects, several IR beams are not well reflected and,
thus, can not be detected by the depth sensor receiver. This results in the existence of points

with null distance (0 mm) inside the data array with the depth values (see Fig. 4.2).

To avoid the erroneous results provided by the computation with corrupted depth
signals, the environment grid-map was build using the PCA for signals corrupted with

missing data, as detailed in section 4.3.

Thus, to build the environment grid-map, consider a set of x; € RN, i = 1,..., M acquired
by a Kinect depth sensor installed on-board the mobile robot, into two dimensional space. If
the environment map has an obstacle-free grid with the size, M = M, M,, where M, and M,
are the number of mosaics (ceiling depth images) captured in x and y axis, respectively. The
environment grid-map is composed by the corresponding main eigenvectors, computed as
described in section 4.3. Thus, each cell of the grid-map stores the depth image eigenvectors
)7

v;, and the global coordinates, [x; y;]", where it was captured.

In the approach presented in the section 4.6.5, during the mission, the signal x has been
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decomposed into the orthogonal space v, and the position provided by the PCA-based
positioning system, [x; yi]lj;CA' is given by the mosaic i that corresponds to the eigenvector

v; most similar to v, through the equation (4.6).

However, in the approach presented in this section, the position provided by the PCA-
based positioning system has been obtained, integrating the eigenvectors distance with the

predict motion, through a Bayesian probabilistic grid.

6.3.2 Bayesian positioning system with PCA-based probabilistic observations

The ML provides the robot localization through a grid, that represents the probability that
the robot knows about its own position. This algorithm applies the Markov assumption,
where knowledge of the previous state and current inputs is enough to predict the
probability of the current state. Thus, ML can estimate the states x in the instant k based
only in the instant k — 1. The ML is a multi-modal algorithm that allows the tracking of
multiple possible positions, disambiguating the possible repetitive information, and

compute the right mobile robot position.

During an experiment, when the robot is moving, the probability about the robot states
is continuously updated with the robot motion prediction and consequent observation,
following the Markov algorithm in discrete instant k, where x(k — 1) is the state vector in
the previous iteration, u(k) is the commanded linear velocity, z(k) is the observation in the

current iteration and m is the environment grip-map (see Fig. 6.6).

Markov localization (x(k —1),u(k),z(k),m)
fori=1toMdo
P(x;(k)) = LiL; p(xi (k)i (k = 1), u(K))P(x; (k = 1))
P(x;(k)) = p(z(k)lx;(k), m)P(x; (k))
return P(x(k))

Figure 6.6: Markov localization algorithm.

The step corresponding to the correction of the measurement (or update) is performed
considering that the observation, z(k), is obtained by the signal captured from the Kinect

sensor and processed by the missing data correction algorithm. The final probability of the
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cell i in the instant k is given by the following equation:
P(x;(k)) = p(z(k)Ix;(k),m)P(x;(k)),i = 1,...,M (6.14)

where P(x;(k)) is the corresponding probability computed by the prediction step.

During a motion, the acquired depth image is rearranged to the signal x and, after apply
the mean substitution method in the corrupted data, i.e, all j™ component of the signal
x; with corrupted data is replaced by the corresponding mean value m,(j), the signal is
decomposed into the orthogonal space. Thus, the signal x is projected into the orthogonal
space, v = UT(x —m,), by the same enhanced PCA algorithm for mobile robot localization

using depth images corrupted with missing data, described in section 4.6.

The probability of the robot being in any position of the map is obtained by the distance

between the captured image and the corresponding image into the PCA eigenspace:
p(z(k)x;(k),m) = (1 -nlv-vil,),i=1,....M (6.15)

where # is a normalization factor, which ensures ) p(z(k)|x;(k),m) = 1, v is the eigenvector
of the captured image, v; is the eigenvector of the i image into the eigenspace and

p(z(k)|x;(k),m) is the probability to observe z(k) in the state x;(k), considering the map m.

Finally, the robot position given by the PCA-based positioning system with ML is
obtained finding the mosaic that has the maximum probability calculated through the
equation (6.14):

[x9)" = max(P(xi(K))i = 1,...,M (6.16)

6.3.3 Experimental results
6.3.3.1 Experimental setup

In order to perform an experience in a real environment, a set of ceiling depth images was
captured along a grid, in an area of 18.9 x 9.6 m. The depth images were cropped, sampled
with a compression ratio of 100 : 1 and converted into a vector to be added to the PCA
database. Then, the PCA eigenscape was created by component selection to explain image

variability to a minimum of 85 % (see section 4.6 for more details).
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The PCA-based positioning system with ML is integrated in a self-localization system
with the attitude estimator (section 2.2) and the 2D position estimator (section 3.4). The

system architecture is depicted in Fig. 6.7, being used the following notation:

* u - commanded linear velocity;

* . - attitude angle given by the compass;

* O, - angle given by the encoder of the right wheel;

* 0; - angle given by the encoder of the left wheel;

* (X, ¥)ML_pca - position coordinate given by the PCA-based positioning system with
ML;

* (%,7) - estimated robot coordinates in the world referential;

* 1) - estimated attitude;

* o - estimated angular velocity.

u
(%, ¥)ML-PCA
depth image . PCA :
Circular crop with : (£,9)
and Markov Position ——————
image rotation localization estimator :
I (KF)
P, @
: , LPV | )
0, : Attitude : b
= Estimator
6, (KF)

Self-localisation sensor -

Figure 6.7: Architecture of the self-localization system based on PCA with ML

Detailing the architecture of the self-localization system presented in Fig. 6.7, the KF
depicted on the left of the figure implements the optimal attitude estimator, presented in
section 2.2, to estimate the attitude and the angular velocity of the mobile robot. Once
all depth images acquired for the PCA database are taken with the same orientation and
compressed with a circular crop (Fig. 4.10), during a mission, the acquired depth images
must be rotated to zero degrees of attitude, using the compass angle, and compressed with
the same circular crop. The 2D position estimator (on the right of the figure) implements

the LPV model for differential drive robots as a function of the estimated angular velocity
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in a KF (section 3.4), fusing it with the position obtained by the PCA with ML algorithm,

detailed in section 6.3.2.

Resorting to this architecture, it is possible to estimate the mobile robot attitude with
global stable error dynamics and to improve the position estimated by the PCA-based

positioning system with ML.

6.3.3.2 Bayesian motion prediction

The method detailed in Fig. 6.7 applies the ML algorithm to compute the position of the
robot in a probabilistic grid, considering the position of the depth images captured to create
the PCA database. Thus, the state vector of the Bayesian filter is the position obtained by
the PCA with the ML algorithm: x; = [xp;;_pca yML_pCA]T. As presented in section 6.3.2,
the filtering step of the Bayesian filter is computed through a probabilistic grid based on
the PCA algorithm applied to the captured depth image. With the propose of computing
automatically the probability of the state transition in the prediction step, and assuming
that the robot moves in the direction given by the attitude estimator, the following method

has been applied.

Considering a grid with M, and M, cells in x and y axis, respectively, a probability map
with M, x M, is created and initialized with the same probability in all states P(x(0)) = ﬁ,

where M = M, x M.

During a mission, following the ML algorithm, the robot position probability map is
updated in a prediction step, considering the probability of the robot reaching a new state
x;(k) and the commanded linear velocity u(k) along the direction (k). This probability is
obtained by the sum of all possible ways for the robot to reach the mentioned state and is

given by the following equation:

™=

P(xi(k)) =
i=1

p(x;(k)x;(k — 1), u(k)P(x;(k=1)),i =1,...,M (6.17)

Once that the states are stored in a grid, the probability map computation in the
prediction step is performed considering the geometry of the grid and the velocity and

attitude of the robot, as shown in Fig. 6.8.
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Figure 6.8: Probabilities in prediction step.

Analyzing the probability state transition of Fig. 6.8 and considering that the robot is
moving with a velocity u in a direction with an attitude ¢, the probability states transition
is given as described above. The predicted probability for a robot being in x;(k) is computed

as follow:

9
Pxi(k) =1 ) piP(xi(k—1)) (6.18)
=1

where 77 is a normalizer, which ensures ) P(x;(k)) = 1 and p; the probability for a robot
moving from the cell I. Thus, considering that the robot is moving with an attitude ¢, the
possible way that is proposed in this section to compute the state transition probability from
each 8 neighbour cells (I =1...8) is given as follows:

(cos(ip +atan2(y; — o, xg —x1))? ifp; >0

pr= _ (6.19)
0 ifpi<=0

pr=1-pi(1=po) (6.20)
with 7 being a normalization factor, which ensure )} p; = 1, and pg being the probability that
the robot is kept in the same state.

Once p; < 1,1 =1...8, the exponent g is a tuning parameter that allows to increase the

probability between the states in the same direction of the robot attitude, reducing the
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probability between the states whose transition is caused by angular motion uncertainty

(diagonal direction in state transition).

Finally, considering that the robot is moving with a velocity u in a direction with an
attitude 1, on a probabilistic grid with size d, and commanded by a digital processor with a

sampling time T, the new predict states probability map x;(k) is obtained as follows:
Pxi(k)) = n(Li, (P P(xi(k = 1))+ po(1 =) - P(xg(k 1)) (6.21)

6.3.3.3 Results for 2D localization

To test the mobile robot self-localization performance of the proposed approach, an
experiment was performed in an environment with repeatability, along a predefined path
with about 93 m, combining both straight lines and curves and travelling two laps inside
the mapped area. During the experiment, the robot was moving with a velocity of 0.1 m/s

and the data acquisition was performed with a sampling frequency of 2.5 Hz.

Figures 6.9-6.12 show the probabilistic grid performed by ML with a filtering step
based on the PCA algorithm, where the “hot colors” (dark red) represent high localization
probability and “cold colors” (blue) the low localization probability. The blue areas in the
center, bottom and top of Fig. 6.9 represent unmapped areas which do not exist in the PCA

eigenspace and, so, have null probability.

Figure 6.12 shows that the bayesian algorithm is able to quickly disambiguate possible

repeatability of the scenery and to find the right position. This figure shows that after 30

Figure 6.9: Localization probability grid after 1 observation.



6.3 - PCA-based baeysian grid method for mobile robots positioning 173

samplings (12 seconds), the positioning system provides an high probability about the right

position of the robot, which can be validated with the results presented in Fig. 6.13.

Figures 6.13 and 6.14 present the results of the self-localization system, comparing the
position obtained by the PCA-based positioning system with ML, the global estimated
position by the KF and the real path of the robot measured in the ground. The results of
Fig. 6.13 show that the PCA-based positioning system with ML is able to achieve an
accurate position of the robot, allowing good performance on the global self-position
sensor. Note that the grid with depth images has an accuracy of 0.3 m, whereas most of the

position estimated is close to the ground truth, with less error than the grid dimension.

Figure 6.14 shows that the self-localization system estimates the path correctly while
the path estimated by odometry diverges completely from the ground truth path. The blue
circles represent the position uncertainty obtained by the KF. As it is possible to observe, the
uncertainty increases when the robot is in the top of the Fig 6.14. This happened because in
this area the ceiling has less information. Nevertheless, Fig 6.13 and Fig 6.14 show that the

robot is still able to estimate its position, even when uncertainty increases.

Analyzing the results of the attitude estimator in Fig. 6.15, it is possible to observe that
the estimated attitude is very close to the ground truth, allowing to conclude that this KF

provides results with good accuracy.

Finally, analyzing the distribution of the estimated position error in Fig. 6.16, can be

concluded that it is approximately Gaussian with a mean close to zero. The distribution is

Figure 6.10: Localization probability grid after 10 observations.
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Figure 6.11: Localization probability grid after 20 observations.

Figure 6.12: Localization probability grid after 30 observations.

non-zero mean Gaussian because the trajectory is not random and due to the finite resolution
of the PCA probabilistic grid (0.3 m). However, the mean error in both axis is very close to
zero being ¢, = 4x 1073 m and €y = 4% 1073 m, thus giving an positive indication for the

validation of the Gaussian error assumption of the KF design.
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6.4 Conclusions

This chapter presented some implementations using a PCA-based positioning systems. The
first implementation combines the PCA-based self-localization system integration, using
ceiling depth images with a closed loop to control the mobile robot pose. Thus, the
implemented approach used the raw data of depth images captured from the ceiling and
the signals of a compass and the encoders’” odometry to estimate the mobile robot global
pose. The pose error was computed from the estimations provided from the PCA-based
self-localization system. The experimental results showed that the developed estimator can
be integrated in a closed loop, stabilizing the mobile robot in the desired pose when it

starts from different initial conditions.

In addition, this chapter also presented an alternative approach to implement a
PCA-based positioning system for mobile robot global self-localization in unstructured
environments, i.e., that does not need any beacons or other artefacts structuring the
environment. The proposed method resorted to a PCA-based positioning system, filtered in
a Bayesian probabilistic grid and combined with two linear KF to estimate the mobile robot

global pose.

Considering that the existence of scenarios with repetitive elements or very similar in
different points of the environment is usual and can induce the positioning systems to a
erroneous localization of mobile robots, the Bayesian method presented in this chapter

presents a possible solution to this problem.

The integration of the Bayesian PCA-based positioning system with a linear KF allows to
obtain a suboptimal localization of the mobile robot. The sub-optimality is due to the non-
linear PCA-based positioning system behaviour. The obtained results show that the PCA-
based positioning system with ML implementation in the self-localization with linear KF
allows to achieve a mobile robot estimated position with an error distribution approximately

Gaussian.






Conclusions and future work

7.1 Conclusions

This work addressed the indoor mobile robot localization, using only sensors installed on-
board. It was considered that the robots navigate under static ceilings with rich information,
e.g. HVAC, electrical, security systems, etc. Notice that ceilings with these characteristics
can be found in industrial environments or similar. Along this work, it was implemented
and experimentally validated several algorithms that can be combined in an indoor self-

localization system architecture, designed for differential drive mobile robots.

To define the mobile robot global position, the implemented system used a video or
depth camera looking upward to the ceiling, acquiring grayscale or depth images,
respectively. In opposition to the most common approaches, that requires complex
algorithms to extract specific features or detect landmarks, the implemented approach uses
only the raw data extracted from images, achieving the global pose without the need to

structure the environment.

Aiming to achieve the robot global position in the environment, the self-localization
system resorts to the PCA of the ceiling images raw data, namely the KL transform. The
position is found by the eigenvectors comparison of the acquired image with an eigenspace,
representing the environment map. To obtain the mobile robot position, using the

proposed PCA-based positioning system, it is assumed that: i) the information about the
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environment map is stored on-board the robot in a compact database; ii) the ceilings are
static and contain enough information so that the robot can capture different images along

its motion.

Thus, to validate the proposed PCA-based positioning system, a manual mapping was
performed, acquiring a set of ceiling images, in known positions, covering the area where
the robot will move. The PCA algorithm application allows to store information about the
environment with high compression ratio. This greatly reduces the amount of data stored
on-board the mobile robot, when compared with the data dimension associated to the
captured from all mapping images. Consequently, this allowed to implement an indoor
mobile robot positioning system with low complexity and avoiding the need to structure

the environment, e.g., corners, lines or landmarks.

In addition to the problems of image processing for self-localization, another challenge is
to deal with the fusion of the PCA-based positioning system with the odometry data given by
the robot kinematics. Thus, to improve the self-localization robustness, the results obtained
from the PCA-based positioning system were merged with the robot kinematics using only

linear KF.

The combination of a PCA-based positioning system with a KF was experimentally
validated along a straight line (1D localization). This approach aimed to prove the system
concept before it has been expanded to a 2D localization. To perform these experiences, a
differential drive mobile robot was equipped with a video camera installed on-board,
looking upwards to the ceiling. The PCA eigenspace was created using a set of ceiling
images captured along a straight line. Several tests were performed to analyse the results
given by the PCA-based positioning system, and after their fusion with the odometry by a
KF: i) Monte Carlo performance study, ii) global stability validation, iii) real-time slippage

estimation, and iv) PCA performance assessment.

All tests were successfully performed, being possible to conclude that the use of the
PCA algorithm in ceiling images can be useful to achieve the robot position with reasonable
precision. In addition, it was possible to see that the PCA-based positioning system
combination with a linear KF improves the estimates accuracy, even if there is a wrong

initial estimate or slippage. This allowed to conclude that the proposed approach can be
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applied to mobile robot self-localization systems that operate in indoor environments,

under ceilings with rich information.

The purposed approach was extended to 2D localization and experimentally validated.
The self-localization problem of mobile robot with differential drive kinematics, using
images captured from the ceiling, led to two issues: i) ceiling images may appear rotated
when compared to those captured during the mapping; ii) differential drive kinematic is

non-linear, preventing the access to optimal estimates as provided by a KF.

The first issue was addressed by applying a circular crop in the image center. This
allowed to rotate the images to the same rotation used in the mapping, ensuring that data
can be compared. To solve the second issue, the position obtained from the PCA-based
positioning system was merged by a KF, through the implementation of a LPV model for
differential drive robots. This solution led to the self-localization system design with an

architecture conceptually composed by three modules:

i) an optimal attitude estimator, using the data obtained from a digital compass and
motion sensors installed on-board the robot;
ii) a PCA-based nonlinear positioning system that provides measurements on the absolute
2D position, using (grayscale or depth) images acquired from the ceiling;
iii) a sub-optimal 2D position estimator, based on a LPV model for differential drive

robots, parameterized by the estimated instantaneous angular rate.

With the purpose of testing the performance of the developed self-localization system,
several experimental tests were carried out: i) self-localization tests with ground truth
validation and Monte Carlo performance study; ii) global stability validation for position
and attitude estimation, and iii) angular slippage estimation and linear slippage algebraic
computation. Results show that the self-localization system has fast convergence and
guarantees global stability, due the KF properties, even when the estimator starts from

incorrect positions and attitudes.

Thus, the experimental results shown that the proposed system implementation can
solve the problem of mobile robots self-localization, using visual images captured from the

ceiling, without the need to extract specific characteristics from the environment, and
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providing globally stable estimates. To achieve these estimates, the self-localization system
requires that the robot have installed a camera looking to the ceiling, to obtain the global
position from the PCA algorithm, and a sensor that provides the robot global attitude in

the environment, such as a compass.

The use of images captured by a video camera installed on-board was enough to validate
the global stability of the propose self-localization system, despite the general limitation
related to different environment lighting conditions that often degraded the localization
systems robustness. This limitation was felt sometimes, causing a degradation in results

provided by the PCA-based positioning system.

To overcome this limitation, another prototype was build, but with a Microsoft Kinect
device looking upward to the ceiling, instead of the video camera. This allowed to update
the developed self-localization system to use depth images captured from the ceiling. Depth
images have the advantage of being robust to different lighting conditions. However, due
to the geometry and properties of same objects, several waves are not reflected, causing the
existence of missing data in depth images. Since the PCA algorithm consider all captured
data to map the environment or to localize the mobile robot, the presence of missing data

can disturb the results, induced the positioning system to erroneous localizations.

Thus, to avoid the negative impact of missing data in signals, an extension to reconstruct
corrupted signals was implemented in the PCA-based positioning system, aiming to use
depth images captured from the ceiling. To validate the concept of the image reconstruction
resorting to a PCA eigenspace, a test to reconstruct a depth image corrupted with missing
data was performed. The results show that the proposed PCA algorithm can reconstruct

depth images, providing good results until a missing data ratio of about 50 %.

This new approach was also experimentally validated to achieve the mobile robot
position along a straight line (1D localization) and in the 2D self-localization system. The
enhanced PCA-based positioning system implementation into the self-localization systems
was similar to the previous algorithm using gray images. The performed tests considered
was the follows: i) assessment of the depth images reconstruction robustness; ii) Monte

Carlo tests; iii) localization with imposed corrupted data.
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All tests were successfully performed, allowing to conclude that the proposed approach
is able to deal with the existence of missing data in depth images, avoiding the localization
systems performance degradation. Thus, the implemented algorithm to deal with
corrupted depth images allows: i) to compress the acquired database; ii) to remove missing
data existing in the depth image; iii) to create eigenvectors to compare the reconstructed
depth image with the PCA database. Moreover, the robustness test allows to conclude that
the proposed algorithm is able to estimate an accurate position, considering depth images

with corrupt data ratio up to about 50 %.

The self-localization system using depth images was tested considering a larger
environment. When the mapping area increased, the existence of equal equipment
installed repetitively in the ceiling at different places, became a reality in the considered
environment. This caused the existence of repeatable scenarios, where similar ceiling
images may be captured in different positions. When this happens, the search for the
robot’s position through the closest depth image can generate too many erroneous values.
To solve this issue, the PCA-based positioning system was implemented with a searching
for the closest vector in a neighbourhood around the robot estimated position. This
solution demonstrated the ability of PCA to be implemented in a system localization with
environment repeatability. However, since this search is not done in the entire database,
but only in a restricted area, this approach requires that the position estimator is initialized

close to the right position and within the neighbourhood radius.

Aiming to make the robot move autonomously in the environment, the PCA-based
self-localization system was integrated in a navigation system with a path planner and a
motion controller. The implemented system uses the information about the capture ceiling
images for the PCA database to define an occupancy grid that represents the workspace.
Such grid was useful to build a roadmap based on a GVD, from which a set of waypoints
can be obtained, corresponding to the GVD vertices. During the motion, an APF based on
DNF planes a local path to drive the robot toward temporary or final goals, according to the
waypoints’ set. The DNF implementation allowed to adapt the local planning and the

motion control to the mobile robot with differential drive kinematics.

The PCA-based self-localization system was integrated in the proposed navigation
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system. Some experiments were performed in a real environment, using a mobile robot
equipped with on-board sensors (Kinect looking upward, a rate gyro, a compass and the
encoders), and considering different conditions: i) navigation via waypoints between two
locations in the environment; ii) navigation starting from a wrong position estimate; iii)
navigation along a large mission with one intermediate point that must to be visited along

the mission; iv) navigation along a large trajectory, describing laps in a closed loop.

The experimental results showed that the mobile robot describes trajectories close to
the real trajectory, reaching its destination close to the estimated position. Moreover, the
self-localization can stabilizes in few seconds when is initialized with wrong estimates,
allowing a good navigation toward its destination. The navigation tests along large
trajectories demonstrate that the PCA algorithm provides less accurate positions when the
robot captures depth images in ceilings with very few information. However, when this
happen, the estimates are improved by the 2D position estimator. In spite of this,
experimental results show that, when the robot returns to a place where depth ceiling
images can be easily distinguished, the positions provided by the PCA algorithm becomes
again to be more accurate and, consequently, the self-localization system estimates also
improves. Finally, experimental results also allowed to observe that the PCA algorithm

provides similar position results when the robot returns to the same place.

With the purpose of extending the attitude estimator to implement the sensor fusion
with more motion sensors, this work introduced a new class of complementary filters
extending the classic sensor fusion CF design. The estimators design in the proposed
approach aims to merge the signals provided from a set of sensors working in different, yet
complementary, frequency bands. The estimator output has a unitary magnitude gain over
whole frequency spectrum, achieving, thus, the complementarity propriety.  The
straightforward division in frequency bands led to a sub-optimal solution when more than
two bands are used. Then, the problem was reformulated as an optimal linear KF. Finally,
an optimal estimator to merge the signals provided by three sensors, based in Kalman
filtering, was designed to estimate the mobile robot attitude. Moreover, all solutions are
shown to preserve the complementary property, i.e. the sum of all transfer functions add

up to one.
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Some attitude estimator, presenting different approaches and inputs signals, were
implemented in a simulation model, to merge the signals provided from three sensors:
compass, odometry and rate gyro. Once after the warm up time the rate gyros bias keeps
constant and can be compensated, the best solution was achieved with the linear KF
implementation, using the rate gyro signals in the LPF input. This overcomes the magnetic
interferences in the compass signals. Some discrete-time attitude estimators were

combined with the LPV model in dead-reckoning localization, achieving accurate results.

Note that, although the approach presented in this work was implemented to estimate
the mobile robot attitude, this method can easily be adapted to estimate variables in other

processes, resorting to sensor fusion based on CF.

Moreover, some example of implementations using a PCA-based self-localization
systems are presented. Thus, the PCA-based self-localization system was integrated with in
a closed loop control system. The implemented approach allowed to stabilize the mobile
robot in a desired pose. The experimental results show that the global pose estimated by
the proposed PCA-based self-localization system can be integrated with a closed loop
controller, stabilizing the mobile robot in the desired pose when it starts from different

initial conditions.

Finally, an alternative approach to implement a PCA-based 2D positioning system using
a probabilistic position was detailed. In the implemented approach, the position is
obtained by the integration of a ML with the PCA. Thus, a Bayesian algorithm propagates
the robot positions along a grid, being the states updated by comparing the eigenvectors of
the captured image with the corresponding cell. Despite of this approach being more
complex than the standard PCA-based positioning system, the results show that the
integration of the PCA with ML can disambiguate the robot position in case of repetitive
scenarios. As it happened with the PCA-based positioning systems detailed above, the
results provided by this approach can also be merged with the odometry by the linear KF,

increasing the estimated position accuracy.

As a conclusion, this work detailed some approaches to design mobile robot
localizations systems, using only the on-board sensors. The proposed approaches resorts to

a mobile robot using a positioning system based on ceiling (grayscale or depth) images. The
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implemented systems use raw data extracted directly from the sensors, in algorithms with
linear computation. The use of PCA-based positioning system and two KF, decoupling the
attitude and the position estimation, allows to achieve accurate and stables estimates,
without the need to extract any specific features from the environment structures. In
addition, the environment database was compressed with a great ratio, reducing the

required resources to store the information and to compute the mobile robot pose.

7.2 Future work

In the future, the PCA-based positioning system will be expanded to use RGB images and
depth, simultaneously. In this case two different approaches can be explored: i) the
implementation of one PCA-based positioning system considering the two signals
concatenated; ii) the use of the two positioning systems merged in a KF. Thus, it is possible

to analyze the systems performance with the implementation of different approaches.

The proposed navigation system will be integrated in a multi-agents system, allowing the
multi-robot navigation in the same environment. To perform this task, the knowledge about
the environment, i.e., the eigenspace with ceiling information, must be shared by all robots.
The sharing of all robots’ global pose will allow to control their motion using multi-robot
navigation functions. Thus, it will be possible to achieve multi-robot navigation, avoiding
collision, using only information provided from ceiling images and motion sensors, without

the need of features extraction.

Later, to implement the self-localization system in a mobile robot that performs SLAM
tasks, the proposed PCA-based 2D positioning system will be updated to create an
incremental PCA database. The integration of this improvement in the multi-agent system
will allow teams of robots to explore the environment, sharing the knowledge and taking

advantage of the PCA algorithm.

Finally, the integration of people detection algorithms in this navigation system will
allow to implement tasks of interaction between robots and humans. When a mobile robot
navigates among humans, it is important to consider the safety (physical and psychic)
distances between them. This approach will improve the humans comfort when they are in

the presence of vehicles in movement.
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