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Resumo

A capacidade de se localizar com precisao é fundamental para robos autonomos. Varios
métodos voltados para a solucao desse problema foram desenvolvidos ao longo do tempo,
incluindo métodos classicos, marcadores fiduciais e, mais recentemente técnicas de apren-
dizado de méquina (do inglés, machine learning, ML). Esse trabalho propde diferentes
técnicas de ML para abordar o problema da localizacao de robds na competicao Robo-
tAtFactory 4.0. Esse estudo abrange desde testes das abordagens em sistemas embebidos,
com foco na viabilidade da aplicacao desses métodos, na exploracao de diversos modelos e
abordagens usando ML, até a aplicacao de modelos treinados em simulagao em ambientes
reais. Os resultados experimentais mostraram que os modelos podem ser executados em
sistemas embebidos, e diversas técnicas obtiveram resultados com precisao milimétrica.
Além disso, a aplicagao direta de modelos treinados em simulagao para ambiente real se
apresentou promisora. Uma das principais vantagens dos modelos de ML ¢é o desvinculo

com a dependéncia do conhecimento prévio da posicao exata dos marcadores fiducias.

Palavras-chave: Localizagdo de robds; machine-learning; marcadores fiducias; Com-

peticao de robdtica.
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Abstract

The ability to accurately localize is a fundamental key for autonomous robots. Various
methods to solve this problem have been developed, including classical methods, fiducial
markers, and, more recently, machine learning (ML) techniques. This work proposes dif-
ferent ML techniques to address the issue of robot localization in the RobotAtFactory
4.0 competition. This study includes testing the approaches on embedded systems, fo-
cusing on the feasibility of applying these methods, exploring various ML models and
approaches, and applying simulation-trained models in real environments. The experi-
mental results demonstrated that the models could be executed on embedded systems,
and several techniques achieved millimeter-level accuracy. Furthermore, the direct ap-
plication of simulation-trained models to real environments showed promise. One of the
main advantages of ML models is their independence from the need for prior knowledge

of the exact positions of fiducial markers.

Keywords: Robot localization; machine learning; fiduciary markers; robotics compe-

tition.
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Chapter 1

Introduction

A necessary skill for agents in numerous circumstances, notably in robotics with Au-
tonomous Mobile Robot (AMR), is the ability to localize themselves in an environment [1].
Several strategies have been developed in this area using sensor data and algorithms. To
solve this issue, it has become increasingly popular to apply Artificial Intelligence (AI)
techniques like Machine Learning (ML) and Deep Learning (DL) [2]. Furthermore, many
robot competitions use localization as a core premise; an example is the Robot AtFactory
4.0 (RaF). In this competition, a robot has to move boxes from one place to another

without external communication in the shortest possible time.

Several approaches have been developed over time, aiming to address the localization
problem. One strategy using the data saved about ArUco’s pose has been developed
to address the localization issue at the RaF competition. Analytical geometry may be
used to estimate the robot’s position given the preliminary information on each ArUco’s
attitude and the relative pose between the robot’s camera and the ArUcos [3]. This
method requires prior knowledge about the precise ArUco’s position, and even a tiny

mistake can significantly influence the robot’s pose estimation.



1.1 Context: RobotAtFactory 4.0 Competition

RobotAtFactory 4.0' is a robotics competition in which the robot has to move boxes
through a warehouse, and the main goal is to move as many boxes as possible in the
shortest possible time. There are three different levels: First, it is necessary to move the
boxes from the incoming warehouse to the outcoming warehouse; Second, some boxes
must go through some processing machines; and Third, some boxes must go through two
processing machines. The robot can use whichever means to locate itself if it complies with
the competition rules. One possibility is using the markers placed on the environment
(ArUcos markers). The floor consists of a print on two A0 sheets and a flat layout. A top
view of the field is shown in Figure 1.1. The origin of the reference frame is located at

the center of the field, where the green arrow indicates the y axis, the red arrow indicates

the z axis, and the numbers indicate the ID of each ArUco marker.
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Figure 1.1: Field-top view of the RobotAtFactory 4.0 competition showing a representa-
tion of axes and ArUco’s identification. Source: [4].

1Official page: https://www.festivalnacionalrobotica.pt/2023/robotfactory-4-0/.


https://www.festivalnacionalrobotica.pt/2023/robotfactory-4-0/

1.1.1 Robot

The robot must comply with some restrictions to compete in the RaF competition, such
as fitting within a 30 x 30 x 30 cm cube and being fully autonomous. It means that the
robot cannot establish any communication with any external system that the organization

does not explicitly provide.

Figure 1.2 shows the main components of one possible robot to be used in the com-
petition: The Raspberry Pi deals with high-level control of the robot, controlling, for
example, the RGB camera, the LiDAR sensor, the localization, navigation, and decision-
making; The Arduino Uno manages the low-level control of the robot, such as motors,
encoders, contact switch, and the electromagnet sensor. More details about the robot are

available in [5] and [3].

Real Robot Architecture

Raspberry Pi RGB cam

A

DC motors

Arduino

Encoders

Figure 1.2: Robot architecture. The Raspberry Pi is responsible for the decision-making
process and the control of the RGB camera and the LiDAR; The Arduino is responsible
for the other physical parts, such as the motors and the electromagnet sensor. Source: [4].



1.1.2 Real Environment

Figure 1.3 presents a view of the real field, where it is possible to see the ArUcos markers,
the boxes, and the walls of each warehouse/machine. According to the official rules, the
field’s dimensions are 1.7 x 1.2 m. Besides that, the competition organization provides
the ID and the absolute pose (position and orientation relative to the global reference
frame) for each ArUco marker.

All the ArUcos markers present in the field can be created online?, using the settings
dictionary 5x5 (50,100,250,1000) and a marker size of 60 mm. In each warehouse or

machine, there will be markers with a size of 40 mm, while on the floor, the size is 50 mm.

Figure 1.3: Real field competition.

1.1.3 Realistic Simulator

A simulation scene of the RobotAtFactory 4.0 competition was developed in the SimTwo
simulator by the competition’s organizers®. It works with rigid-body dynamics interac-
tions and constraints [6]. The whole simulator, including the field and the robot, is based

on the real environment. Figure 1.4 presents an image of the simulator that displays the

’https://chev.me/arucogen/.
3 Available at https://github.com/P33a/SimTwo.
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virtual representation of the official RaF competition field. The simulated scenario follows
the specifications of the official competition rules too.

The simulator has several windows that the user can interact with. For instance, one
of these windows is an XML editor, which enables the user to modify some definitions
and configurations about the environment and the robot. Additionally, other features are
available in the simulator, such as a code editor in Pascal language, which enables, for
example, building an algorithm to define the robot’s route [5]. The simulator is discussed

in-depth in [6].

Figure 1.4: Simulator scene, which presents the robot in the competition field and the
boxes.

1.2 Motivation and Objectives

This work proposes to study approaches to the localization problem, using the RaF com-
petition as a scenario to validate and develop the approaches. The focus is to use images
acquired from an onboard camera, process these images, and then use the data in Al
approaches to estimate the robot’s pose.

The main objective of this work is to develop algorithms of AI (including ML and DL)

5



focused on a robot’s localization using images from one onboard camera. After building
and validating the models, the objective is to do a final validation, putting the approaches
in the real environment, i.e., executing the models in the physical robot. In addition, the
proposed approaches can be compared with one of the current approaches used in the
competition, an analytical approach proposed in [3].

The objectives follow the initial intent. The construction of a module containing the
models was omitted, focusing exclusively on the validation and execution of the algo-
rithms. However, the application of the algorithms is now specified and centered on
robot localization using images. These algorithms have been expanded to consider Deep
Learning techniques as well. Based on the results of this work, two papers were already
published ([7] and [4]), and another one was already sent to a conference ([8]).

The methods presented in this thesis do not require explicit knowledge of ArUco’s
pose. The primary benefit of the strategies discussed in this study is this distinction. In
circumstances where obtaining the precise pose of the markers is challenging or impossible
(for instance, in hostile environments), images for training can be collected by a robot that
is aware of its location using a different localization system (such as a Differential GPS-
DGPS) to produce the dataset needed to train the model. Later on, while localization
is underway, the DGPS is no longer required, and precise localization may be attained
using only a camera [4].

The work is divided into five more chapters. Chapter 2 presents state of the art in lo-
calization and ML; Chapter 3 presents the methodology used in this work, the approaches
proposed, and their implementations; Chapter 4 presents the results and discussions; Fi-

nally, Chapter 5 presents the conclusions and future works.



Chapter 2

State of the Art

This chapter presents the state of the art, divided into two parts: Section 2.1 presents
the state-of-the-art in localization, and Section 2.2 presents some of the concepts and

state-of-the-art in Al.

2.1 Localization

Localization in robotics is intrinsically associated with the question "Where am 17”7 as
performed by the robot. The capacity to localize itself with certain precision is a fun-
damental competency that an AMR requires. Knowledge of its position and orientation
is essential to making reasonable decisions about future actions [1]. Localization can be
understood as estimating a mobile system’s position and orientation in some reference
frame.

The information about the localization depends on the dimensions of the problem [9]*.
In scenarios with 2 dimensions (2D), there are 3 degrees of freedom: (z, y, ), where z
and y are the position about some reference and # is the orientation; in scenarios with 3
dimensions (3D) there are 6 degrees of freedom: (z, ¥, 2, Qo Qpitchs Qyaw)- With this, it
is possible to define an important concept called pose, which is the set composed of the

position and orientation. For example, in the 2D case, the pose is the set {z, y, 6}.

!The complete course is available at http://www.ipb.uni-bonn.de/msr1-2021/.

7
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Online and offline localization is a critical related concept. With offline localization,
the data can be recorded and processed after the execution (an answer during the exe-
cution is not necessary), and an example of this is using localization just to update the
environment map. On the other hand, online localization is when the system needs to
know its localization at the moment of execution (as in the navigation of an autonomous
vehicle) [9].

When a mobile robot has onboard sensors to track its motion, like wheel encoders, it
can use this data to estimate its location concerning where it started if a mathematical
motion model is available. This method is called odometry, also known as dead reckon-
ing [1]. Another relevant definition is the type of localization, which can be divided into
two categories: Global Localization and Tracking Pose [9]. In Global Localization, ini-
tially, the system can be anywhere in the world, and the initial position can be unknown.
On the other hand, Tracking Pose initially knows where the system is located.

Simultaneous Localization and Mapping (SLAM) is an exciting localization issue. The
question addressed in this topic is about the feasibility of a mobile robot being deployed in
an uncharted environment at an unknown location and incrementally building a consistent
environment map while simultaneously determining its location in this map [10]. In
addition, one interesting issue in robotics localization is the kidnapped robot problem,
which consists in the situation where the autonomous robot in operation is moved to an
arbitrary position [11].

Furthermore, it is essential to highlight that in addition to estimating the pose, it
is necessary to know the uncertainty associated with the estimation since there can be
catastrophic consequences due to decisions made based on pose estimates that are assumed
to be perfect [1].

The localization also can be divided into two types according to the environments:
outdoor and indoor. One of the most famous approaches to the outdoors is the GPS
(Global Positioning System). However, this approach may not be available indoors due
to the limitations of blocked satellite signals or attenuated by structures like walls [12].

In this way, other alternatives are necessary to solve this problem, and some of them are



discussed in the following sections.

2.1.1 Markov Localization

The Markov Localization, also known as Grid Localization, is an approach to the Global
Localization problem [13]. This approach aims to discretize the space of possible robot
poses and manipulate discrete probability distributions [1]. Tt is presumed that the en-
vironment is static to simplify the explanation, but this approach can also be used in a
dynamic environment [14]. Markov Localization is a probabilistic algorithm: instead of
maintaining a single hypothesis of where a robot might be in the world, it maintains a
probability distribution over the space of all such hypotheses [14]. For this, the approach
uses a histogram for each degree of freedom.

An example of how Markov Localization works is presented in [15], considering a
one-dimensional scenario where the robot can move horizontally. Consider a situation
where a robot is placed in the environment but does not know its localization. So, the
Markov approach represents this uncertainty by a uniform distribution over all positions,
as shown in the first part of Figure 2.1. Suppose the robot uses its sensor to determine
whether it is the neighbor. The strategy alters the probability distribution by increasing
the likelihood near a landmark and decreasing it elsewhere. This is illustrated in the
second part of Figure 2.1. Notice that places not next to the landmarks still possess non-
zero probability because sensor readings are noisy, and a single sight of a door is typically

insufficient to exclude the possibility of not being next to a door.

So, considering the robot has moved forward. The Markov Localization incorporates
this information by shifting the belief distribution accordingly, as presented in the third
part of Figure 2.1. Finally, assuming the robot senses a second time, it finds itself next to a
landmark again. This observation is now multiplied into the present belief (non-uniform),
which results in the belief depicted in the fourth part of Figure 2.1. At this point, most
of the probability is centered around a single position, and the robot has more certain

about its localization, as presented in the last part of Figure 2.1.



The Markov Localization approach has a disadvantage due to its use of a large quantity

of memory because it must maintain a histogram for each degree of freedom. So, for

instance, in a 3D scenario, six histograms are necessary.

Mx’

Figure 2.1: Example of Markov Localization in a 1D situation. In the first part, the robot
knows nothing about its localization, and its probabilistic distribution is the same for all
positions. In the second part, it identifies itself in front of a landmark and updates its
probabilistic distribution. In the third part, the robot moves forward, identifies itself in
front of the landmark again, and shifts its probabilistic distribution. The probabilistic
distribution is multiplied in the fourth part, and the most probable localization is in a
specific position, as presented in the last part. Source [15].

2.1.2 Monte Carlo Localization

The Monte Carlo estimation methods were first introduced in [16] as the bootstrap filter

and further explained in [17]. This is another approach to the Global Localization problem
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but can also be used for Pose Tracking. One of the main differences to Markov Localization
is the amount of memory necessary. In the Monte Carlo approach, a sample rate is used
instead of a histogram, and the scenario discretization is unnecessary, i.e., it does not
make assumptions on linearity.

This algorithm is a type of Particle Filter [18], [19]. Multiple samples (particles)
represent a hypothesis of the interest variable, i.e., the robot localization. Each of these
hypotheses is associated with a weight representing the likelihood that the hypothetical
estimate is true. A pose estimate can be obtained by the weighted sum of all samples?.
The particle filter is recursive and operates in two stages: predict and update. The pre-
diction happens after each action, and each particle is modified according to the existing
model (predict stage). After that, all the weights are re-calculated based on the sensory
information (update stage) [20].

2.1.3 Kalman Filter

Kalman Filter, first proposed in [21], is a mathematical approach that combines system
measurements with predictions of how the system is expected to behave. It estimates a
process using feedback control: the filter estimates the process state at some moment and
then obtains feedback in the form of (noisy) measurements [22]—-[24].

Figure 2.2 presents a simplified schematic of the Kalman Filter. There are two inputs:
the initialization, which is performed once and inputs the initial state and the uncertainly
about the initial state; The other input is the measurement performed in each cycle
and inputs the measurement state and the associated uncertainly. The outputs are the
predicted state and the uncertainty about that. The core of the filter is the update phase,
which updates the internal parameters in each cycle and predicts the next state®. This
cycle repeats at each time interval, which depends on each application.

The Kalman Filter is linear and is used in linear models. However, most systems are

2A  tutorial for particle filters is available at https://www.cim.mcgill.ca/~yiannis/
particletutorial.pdf.
3A tutorial with examples is available at https://www.kalmanfilter.net/.
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OUTPUTS INPUTS

INITIALIZE
System State Estimate Initial State

Estimate Uncertainty Initial State Uncertainty

KALMAN FILTER

VINSISES— -

INPUTS
MEASURE | , UPDATE ‘ : PREDICT

Measured Parameter
Measured Parameter
Uncertainty

Unit Delay
(n — n-1)

Figure 2.2: Kalman Filter example. There are two inputs: The ”initialize” step is exe-
cuted once in the beginning and inputs the initial state, while the Measure input is the
measurement for each system cycle. The core of the filter is composed of the "update”
and "prediction” steps. The output is the system state estimate. Source [25].

nonlinear, and some variations of the Kalman Filter can be used in these situations, such
as the Extended Kalman Filter (EKF) [22]. An important prerequisite for EKF-based
localization is the ability to associate measurements obtained with specific landmarks
present in the environment [1]. Data association is critical to the operation of this ap-

proach, and a catastrophic failure may result if data association decisions are incorrect.

2.1.4 Least Square

This approach is an offline approach, different from the others previously presented. That
means the system needs all the data to be available beforehand. After calculating the
route, it is possible to measure the difference between the calculated and the real values [9],
[26]. Furthermore, this approach uses a Gaussian belief, such as the Kalman Filter. Often,
this approach is used as a reference solution to other localization systems, such as the

online approaches [9].
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2.1.5 Slidding Window Least Squares

This approach is very similar to the Least Square. Still, instead of using all the data to
calculate the localization, the sliding window uses only the most recent observations, for
instance, the last 30 observations [9]. This approach aims to be better than the Kalman
Filter but with a computational cost less than the Least Square [27]. This approach is

currently widely used mainly for external locations, such as in autonomous cars [28].

2.1.6 Perfect Match

Perfect Match is a light algorithm, first proposed in [29]. This image-based approach was
initially developed for robot localization in the Robocup Midsize league. This algorithm
aims to minimize the matching error and fitting error between the data acquired and
the environment map. In general, this algorithm could be divided into three main parts:
(1) matching error and gradient computation; (2) optimization routine based on the
Resilient Back-Propagation (RPROP); and (3) co-variance estimation using the second
derivative [30].

2.1.7 Iterative Closest Point

The Iterative Closest Point (ICP) algorithm, introduced in [31], is a map-matching
method. This approach minimizes the Euclidean distance between the input data and a
reference model. This minimization in the localization problem corresponds to the sensor
data and the map of the environment [30]. This approach is composed of two main parts:
(1) The data association, that is, the matching stage, which matches each "real” point to
the closest point in the model; and (2) Transformation, which is based on the data associ-
ation and tries to minimize the distance between the points. This is an iterative process,
and it will converge to a result. Based on the ICP, other approaches and optimizations

exist, such as the Point-to-Plane [32].
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2.1.8 Normal Distribution Transform

The Normal Distribution Transform (NDT) approach, introduced in [33], is a method
for 2D scan registration, and it was later extended to 3D [34], [35]. This approach is
a map-matching-based algorithm, and it creates a smooth surface representation of the
environment modeled by a set of local probability density functions. It uses a set of refer-
ence points grouped in fixed-sized cells forming a voxel grid to build this representation.
Then, for each voxel grid cell that has at least a group of 6 points, it is computed the

mean and covariance matrix [30].

2.1.9 Fiducial Markers approach

Fiducial Markers are objects used to provide a point of reference [36]. There are sev-
eral types of fiducial makers, such as ARTag, AprilTag, ArUco, and STag [36]. These
approaches are different from each other, such as how each of them is built. Figure 2.3
compares these four types of fiducial markers, and a deep study is present in [37]. One of
the most common types is the binary square. An example of this is the ArUco Marker,

which is present at OpenCV library* and was developed in [38].

ArUco AprilTag  ARTag

Figure 2.3: Fiducial Marker®comparison between ArUco, STag, ARTag. Source [4].

The RobotAtFactory 4.0 competition illustrates the use of fiducial markers for local-

ization. One of the methods was developed in [3], where each ArUco marker identified

‘https://docs.opencv.org/4.x/d5/dae/tutorial _aruco_detection.html.

SSources to generate: ArUco: https://chev.me/arucogen/, STag: https://github.com/
bbenligiray/stag, AprilTag: https://github.com/AprilRobotics/apriltag and ARTag: https:
//shawnlehner.github.io/ARMaker/. Accessed on 12 February 2023.
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in an image has its relative pose with the camera calculated. Using these values and the
knowledge of ArUco’s pose in a global reference frame, an estimation of the robot’s pose is
calculated using analytical geometry. To enhance the accuracy of the estimations, certain
stochastic filters, such as the EKF and Mahalanobis Filter, are employed to aggregate all

the estimations.

2.1.10 Artificial Intelligence approaches

Another interesting approach in robot localization is using AI approaches. An example
of the Al application in this problem is using Deep Learning concepts, specifically the
Convolutional Neural Network (CNN). This approach is discussed in the next section,
with other machine learning approaches. The CNN can help locate the robot, using
images from a robot camera and other sensor data [39], [40]. Interesting related work is
present in [41], in which the authors used images to localization on a 6-Degrees of Freedom
(DoF), using transfer learning of the GoogLeNet [42], and obtained good results, both in
outdoor and indoor scenarios.

Additionally, an exciting survey on ML applications for localization was conducted
in 2020 in [2]. That study investigates some methods that can be applied to feature
extraction, feature selection, and regression in the context of localization. Random Forest
(RF), Support Vector Machines (SVM), K-Nearest Neighbors (KNN), Artificial Neural
Networks (ANN), and other techniques, including combinations of these methods, are
some of the algorithms that are being presented. That study reveals that this field is

developing and that further research is needed.

2.1.11 Alternatives approaches

There are a lot of approaches that were developed to solve the robot localization issue.

Some of these approaches are using acoustic beacons to self-localization [43], infrared
light [44], LiDAR and Radio Detection and Ranging (RADAR) with map-matching [45],

image-based localization [46], map-based probabilistic visual [47], using landmarks [48]
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and video tracking on 6 DoF [49].

2.2 Machine Learning

Machine learning is a sub-field inside the bigger area called AI. ML is a computer technique
in which an algorithm learns from patterns in the data without explicit instructions.

According to [24], three types of feedback determine the type of learning:

o Unsupervised learning: The algorithm identifies patterns to separate the data

in groups, although no feedback is provided. An example of this is clustering.

« Supervised learning: From a set of input/output pairs, the algorithm tries to

find a function representing the relation between them.

« Reinforcement learning: The algorithm learns based on a series of reinforcements

(rewards and/or punishments) after taking actions in the world.

There are several techniques specific to each type of feedback. Due to the problem
structure, only techniques for Supervised learning have been explored in this work. How-
ever, more details about the other two types and their appropriate techniques are available
in [24], [50].

Two challenges in ML: underfitting and overfitting. Underfitting occurs when the
model cannot obtain a sufficiently low error value on the training set. At the same time,
overfitting occurs when the gap between the training and test errors is large, i.e., the model
learns to specify the training dataset. Still, it cannot generalize to other observations [50].

Another essential concept in ML is called the bias-variance trade-off. The variance
refers to the amount the prediction function would change if estimated using a different
training dataset. On the other hand, bias refers to the error introduced by approximating
a real-life problem, which may be highly complicated, by a much simpler model [51].
Ideally, the model aims to have a low bias and low variance, but, in reality, when one

decreases, the other increases, and this is the trade-off between them.
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2.2.1 Linear Regression

Linear regression is a statistical approach that aims to model the relationship between
a scalar variable, the dependent variable or target, and one or more features, called
independent variable [24]. The linear regression aims to find a mathematical relationship
between these variables. An important aspect is that all features and the target needs to
be scalar. Suppose one variable is not a scalar, such as a category. In that case, there
are some ways to transform that into a scalar, like transforming the values into categories

and assigning scalar values. An example of the linear regression function is:

f(z) = w1 +woz, (2.1)

where w; and wy are the weights the algorithm calculates, x is the independent variable,
and the function f(z) tries to represent the target value y.

A standard method to define the best function to fit the training data is to minimize
the mean-square error [52]. In that, the distance estimated by the function and the real
value for each point is calculated, and the difference, called residual, is calculated as
the square and summed. The function that presents the least sum of the squares is the
function that fits well in the data. In Figure 2.4, it is possible to see an example of linear
regression with one independent variable, where the blue points are the training data and
the red line represents the function found by the algorithm.

Finally, it is possible to use multiple variables to predict one. When it uses only one
independent variable, the method is called Linear Regression, and when there is more

than one variable, the method is called Multiple Regression [24].

2.2.2 Gradient Boosting

Gradient Boosting is an ensemble ML approach that is built in a sequential way [53].
This technique is based on the use of weak learners. The basic idea is to add a new
model in each iteration to improve the previous models. It is important to highlight these

models are not independent of each other the new model that will be added is based on
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Linear Regression Example -2D

= ® Data training
| = Linear regression Py ®

Figure 2.4: Example of linear regression. X is the independent variable, Y is the dependent
variable, blue points are the examples in the training set, and the red line is the function
found by the model.

the previously built base models. Each model is created based on the called residual,
which is, in summary, the set that contains the error between the model prediction and
the ground-truth value. It happens because these residuals encode the errors the previous
base model makes.

Furthermore, Gradient Boosting uses a hyperparameter to control the influence of the
models in the produced predictions, which is called the learning rate. This parameter is

meant to prevent overfitting. A tutorial on Gradient Boosting is available in [54].

2.2.3 KNN

The algorithm K-nearest neighbors (KNN) is a probability algorithm used for classification
problems. The central concept of this algorithm is that the objects related to the same
concept are similar. Similar objects are concentrated in the same region of the data space,
given a positive integer K and a test observation z(, the KNN classifier first identifies the
neighbors K points in the training data that are closest to xg, represented by Ny. With
this, the algorithm sees the predominant class in Ny as this class. Because of this, the
choice of K drastically affects the KNN classifier obtained [51].

The K-nearest neighbors regression (KNR) is the version for regression of the KNN.
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Still, instead of selecting the most probable class in the K nearest point of z(, the algorithm

estimates the value of z( using the average of all the training responses in Ny [51].

2.2.4 Decision Tree

A decision tree represents a function whose input is a vector of values and returns an
output [55]. There are several algorithms to generate the decision tree, and each has
particular ways of defining how to make the decision tree [56]. An example of a decision
tree is given in the sequenceS. Figure 2.5 presents a dataset, with features (blue), their
values (green) and the target (yellow). When this data is used to train a decision tree,
the result is something like the tree in Figure 2.6, where each internal node (blue) tests a
feature, each branch (green) represents the value of the feature (tested by the node). The

leaf node (yellow) defines the final classification.

Train Examples
Day | Aspect Temp |Humidity| Wind |Play Tenis

D1 Sun Hot High Light
D2 Sun Hot High Stong
D3 Clouds Hot High Light

D4 Rain Mild High Light
D5 Rain Fresh | Normal Light
D6 Rain Fresh Normal Stong
D7 Clouds Fresh Normal Light
D8 Sun Mild High Light
D9 Sun Fresh | Normal Light
D10 Rain Mild Normal Stong
D11 Sun Mild Normal Stong
D12 | Clouds Mild High Stong
D13 | Clouds Hot Normal Light
D14 Rain Mild High Stong

Figure 2.5: Example of a dataset used to create a decision tree.

Defining which feature is tested first is necessary to make the decision tree since the
order in a tree is very important. So, to select the best feature, it is necessary to define a

measure of their importance. The most used is the entropy, a measure of the uncertainty

6Based on: http://web.tecnico.ulisboa.pt/ana.freitas/bioinformatics.ath.cx/
bioinformatics.ath.cx/indexf23d.html.
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Decision tree to Play Tenis

[ Clouds | [Rain |

High Normal Light|] [Strong

Figure 2.6: Example of a decision tree.

that represents the gain of information [57]. Furthermore, one way to avoid overfitting in
trees is the pruning tree method, which limits the tree size [24].

An interesting use of the decision tree is the Random Forest, which combines inde-
pendent trees to make a better decision [58]. This algorithm uses the concept of ensemble

learning, and a visual example of a Random Forest can be seen in Figure 2.7.

2.2.5 Neural Networks

The Neural Network (NN) emerged as an attempt to simulate what happens in the human
brain. This approach started from the principle that mental activity comprises the brain
cells, called neurons, and connections between them, called synapses. In this way, a
simple neuron model was developed in 1943 [59], as the model presented in Figure 2.8.
The neuron model has several inputs; each input has its weight, and the input value is
multiplied by the corresponding weight. Next, all the values are summed, and another
value, bias, is added. So, the final sum goes to an activation function, and an output is
generated. An implementation of the NN is the Multilayer Perceptron (MLP), which is a
fully connected neural network and was presented in [60].

A NN is a set of these neurons, as presented in Figure 2.9. In this image, it is possible
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Random Forest Example

Instance

Tree 2 Tree n
Class X ClassY Class X

— —
! Majority Voting |

Final Class

Figure 2.7: Example of random forest. The instance has n trees, and each tree makes
its prediction independent (red nodes). In the end, these predictions are joined, and the
class that gets more votes is the final prediction.

Input signals

Bias

Activation
Function

Output
o() —v,

Synaptic Weights

Figure 2.8: Neuron model. The model has several inputs, each one with a weight asso-
ciated. Each input is multiplied by its weight, all the results are summed, and a special
value called bias is summed together. Finally, the resulting value is put in an activation
function, the neuron’s output. Source: [59].
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to see the inputs, the hidden layers (the picture has just two, but can be more layers on

the hidden layers), and the outputs.

NEURAL NETWORK EXAMPLE

- - - - - - - - - — - — — — — - = — /1
INPUT
LAYER

| HIDDEN I | output
| LAYERS | LAYER
| |

Figure 2.9: Neural Network representation with three main layers: Input Layer (yellow),
Hidden Layers (blue), and the output layer (green). It is important to highlight the hidden
layers can be composed of several layers, not only two, as in this example.

The sequence of putting the inputs in a NN and each neuron output is an input for
the neurons in the next layer are called feedfoward. Furthermore, one of the possible
methods to define the best weights and biases is the back-propagation [61]. An important
parameter of this method is the learning rate, which defines how fast the network can

adapt the weights and biases.

The activation function is used to get the result of the node and add non-linearity to
the neural network. There are several activation functions, and the choice of which one
to use depends on the context in which it is applied. The most used are: ReLu activation

function, described by

f(z) = max(0,x) (2.2)
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, Sigmoid activation function, described by:

1
= 2.3
f@) == (2.3)
, and Tanh (hyperbolic tangent) described by:
e* —e”*
= — 2.4
fla)= = (2.4)

, where x is the input of the function. Figure 2.10 presents a comparison between these

functions [24].

Function Activations
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Figure 2.10: Compare between ReLu x Sigmoid x Tanh activation functions.

An interesting approach in the Neural Networks is the CNNs, a specialized neural
network for processing data with a known grid-like topology [50]. This method involves
applying filters to reduce the image size and finding patterns to identify the image’s
content. In general, CNN are NN that use convolution in place of general matrix multi-
plication in at least one of their layers [52].

Compared to simple NN, which involves several hidden layers, CNN consists of many
layers, and this characteristic allows it to represent highly nonlinear functions compactly.
It can learn complicated functions that represent the relations but require large architec-

tures. CNN involve a lot of connections, and the architecture usually comprises various
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layers, including convolution, pooling with thoroughly connected layers, and regularisa-
tion [39].

Simply, CNN comprises feature extraction and classification. The first one comprises
convolutional layers, which apply filters, and Pooling layers, which help reduce the repre-
sentation size, speed up the computation, and make the features more robust. The Fully
connected layers make the classification (or regression). It is possible to represent the
architecture of a CNN graphically. Figure 2.11 presents the architecture to the VGG16
model, introduced in [62].

According to the authors of [62], the structure of the VGG16 model was initially
presented as a fixed input ConvNet (224x224 RGB image) requiring only normalization
of the image pixel values as pre-processing. Compared to the other models presented, this
structure exhibited an extension of 16 weight layers (13 convolutional layers and three
fully-connected layers) with increasing depth and 3x3 filtering to extract features from
the input picture successfully. A 2x2 max-pooling layer is used at the end of the filter
stack to minimize the information volume. In the model trained using the ImageNet”, the
final max-pooling layer is linked to a fully connected layer that comprises 4096 neurons.
The output of this layer is then passed to a softmax layer for 1000 classifications. Figure
2.11 presents the VGG16 architecture graphically.

Transfer Learning is a newly developing area in the ML context. In general, ML
algorithms are addressed on only one specific task. In this way, Transfer Learning attempts
to change this by developing methods to transfer knowledge learned in one or more source
tasks and use it to improve learning in a related target task [64]. There are several models®

that had been already pre-trained and can be used as on a Transfer Learning, for example,

the GoogLeNet [42], used on [41], and VGG16, explained before.

"Details in https://www.image-net.org/.
8Some examples are available at https://keras.io/api/applications/.

24


https://www.image-net.org/
https://keras.io/api/applications/

224 X224 X3 224X224X64

112 X]112X128

56 X 56 X 256
28 X28 X512

14X 14 X512 11<1><$°96

7 0
Jx7xs1y 1X1X1000

@ Convolution + RelLU

@ max pooling
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Figure 2.11: VGG16 architecture. Adapted from: [63].
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Chapter 3

Methodology

This chapter is divided into four subsections, focusing on explaining the problem, the
concept solutions, the metrics used for evaluation, and practical implementation. Sec-
tion 3.1 presents a detailed problem description. Section 3.2 presents the approaches to
the problem. Section 3.3 presents some metrics that compare the model’s performance.

Finally, Section 3.4 presents the implementation of the approaches.

3.1 Problem definition and Research Question

There are several robot competitions with different goals. This work focuses on the
RaF, presented in detail in Section 1.1. The present work also focuses on mobile robot
localization in the context of that competition. The robot has some onboard sensors,
including a camera. Figure 3.1 presents an example of an image captured by the robot’s
camera. Three main research questions were proposed to guide the work’s development.

They are:

1. Can machine learning approaches effectively estimate the position and orientation
of a robot solely based on camera images in a structured environment with the

presence of fiducial markers?
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2. Among different types of machine learning approaches, such as MLP, Random For-
est (RF), Gradient Boosting (GB), KNR, and CNN, which approach leads to the
smallest pose error in estimating the robot’s position and orientation based solely

on camera images in a structured environment with fiducial markers?

3. Considering the constraints of embedded devices with limited memory and comput-
ing power, which type of machine learning approach is better suited for achieving

accurate pose estimation in a structured environment with fiducial markers?

Figure 3.1: Example of a robot camera image.

3.2 Concept Solutions

To answer the research questions, three solutions to the localization problem will be
implemented and investigated; two rely on the relative pose of identified ArUco markers in
an image, while the other one is based on the direct use of the images. The following steps
will be followed for each of the three solutions: gathering data from a simulator, training
a model using this data, and then applying the trained model in a real environment. The

following sections describe each concept solution in detail.

28



3.2.1 Concept 1: Using Machine Learning to Generate one Pose

Estimation per Image with tags

The first concept solution involves providing a single pose estimation for an image cap-
tured from the environment. To achieve this, a unique pre-processing step is required.
The OpenCV library is utilized to detect the ArUco markers present in the image. Sub-
sequently, the same library returns each marker’s ID and relative pose concerning the
camera. Two arrays, corresponding to the rotation and translation, represent the relative
pose, called rvec and tvec. Each array is composed of three elements; each one is an axis
(x,y,z). The tvec values are in the units given by the camera’s specifications, such as
millimeters, while the rvec values, which is the rotation vector expressed in axis-angle

format!.

Next, all the relative poses of the ArUcos are collected and aggregated into a matrix
comprising 49 rows and seven columns. Each row represents a distinct ArUco. The first
row corresponds to the ArUco with ID 0, the second row to the ArUco with ID 1, and so
on. The columns contain six elements from the rvec and tvec arrays, and the 7th element
is a Boolean value indicating if that particular ArUco was identified or not. If an image
does not capture a specific ArUco, the corresponding row in the matrix will be assigned

a value of 0.

Therefore, the proposed solution consists of three distinct models, each one dedicated
to estimating one variable (z, y, and €). This separation was made to improve the quality
of the estimations, given that these variables are uncorrelated. Thus, the overall process
involves receiving an image, performing a pre-processing step to create a matrix containing
the Aruco’s relative pose information, and then using this matrix as input to the three
independent ML models, which will generate the estimations for the robot’s pose. Figure

3.2 shows a graphical representation of this flow.

'https://docs.opencv.org/4.x/d9/d0c/group__calib3d.html.
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Camera Image

Figure 3.2: Diagram representation of concept 1.

3.2.2 Concept 2: Using Machine Learning to Generate one Pose

Estimation per Tag Identified

In concept 2, the model will return one pose estimation for each ArUco identified in that
image, i.e., if there are X markers, X different poses will be generated. The same OpenCV
library used in Concept 1 is used here. The difference is that, instead of aggregating all the
ArUco’s relative poses in one matrix, the information is directly applied to the models
resulting in one pose estimation per ArUco. Figure 3.3 presents this flow graphically.
Again, three independent models are used in machine learning, one for each variable of

the pose (z, y, 9).

ArUcos Machine learning
Identification models

Robot's
Camera Image

Robot's Pose
by tag 1

Robot's Pose
by tag 2

Robot's Pose
by tag n

Figure 3.3: Diagram representation of Concept 2.
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The resulting estimations can be aggregated through the use of filters, such as the
Extended Kalman Filter, and improved with the use of odometry. Such aggregation was

already developed in [3], and it is not the focus of this work.

3.2.3 Concept 3: Using CNN to Generate one Pose Estimation

per Image without Tags Identification

The third concept proposed is based on the direct use of the images without the necessity
of Aruco’s identification. So, in this proposal, an image taken by the robot’s camera
is pre-processed (changing, for example, the image size), and it is used as input for a
CNN model, which returns the pose. The flow of the process is presented in Figure
3.4. The CNN used is based on the transfer-learning concept. Besides, two models will
be developed, but with the same architecture: One to estimate the position (x,y) and

another to estimate the orientation (6).

Image CNN
«‘ i‘ Robot's P
W Preprocessing Models

Robot's
Camera Image

Figure 3.4: Diagram representation of concept 3.

3.3 Performance Evaluation

There are several metrics used to measure the quality of the predictions. It is essential to
highlight the problem in this work is addressed as a regression and not a classification. So,
there are specific metrics when the target is a numeric continuous value. In this work, the
metrics used to verify the quality of the predictions are: Mean Absolute Error (MAE),
Root Mean Squared Error (RMSE), Normalized Root Mean Squared Error (NRMSE),
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and R?. The following sections describe these metrics.

3.3.1 Mean Absolute Error - MAE

The MAE of a model is associated with a test set and is the mean of the absolute values
of the individual prediction errors on overall instances in the test set [65]. Each prediction

has an associated error and is the difference between the predicted and true values. The

MAE function is defined by:

1 & .
MAE:ﬁZ‘yi—yi’ (3.1)
i=1

, where y; represents the true value and the §; represents the predicted value for the

instance 7. The best value possible for MAE is 0, and the worst value is 4-o00.

3.3.2 Root Mean Squared Error - RMSE

The RMSE metric is derived from another common metric called Mean Squared Error
(MSE). The MSE of a model concerning a test set is the mean of the squared prediction
errors over all instances in the test set [66]. The function for this error is defined by:
1 & N2
MSE = n Z(yz — 0i) (3.2)
i=1
, where y; represents the true value and the §; represents the predicted value for the

instance 7. The RMSE, defined by:

1 n
RMSE = \J - Z(yz — 9i)* (3.3)

iz
, consists in the root of the MSE. The best value possible for RMSE is 0, and the worst
value is +o0o. Furthermore, another interesting metric derived from the RMSE is the

NRMSE, which is defined by:
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MSE
NRMSE = M5 (3.4)

Ymaz — Ymin
, where ¥4 and Y, represent the maximum and minimum value, respectively. This
metric is interesting because, with this, it is possible to compare values with different

units.

3.3.3 R Squared - R?

Another essential metric is called R?, also known as the coefficient of determination. This
metric can result in values in the range (—oo, 1] according to the mutual relation between

the ground truth and the prediction model [67]. The R?* function is defined by:

n

;(yi - Qi)z
RR=1-=" (3.5)
Z,;l(yi —7,;)?

, where y; represents the true value, 9; is the predicted value, for instance, i and 7, is the

average of the true values.

3.3.4 Baseline definition

To create a comparison parameter between the models that estimate the pose, it is nec-
essary to define a baseline, the most basic possible model. This model calculates the
average of the training set and uses it as the estimation for all cases, doing it for the three
target values: z, y and 6. For instance, suppose the targets on the training set are T =
{1,2,3,4,5}, and the targets at the test set are Ts = {1, 2, 6}. The average of the training
set is 3, so all predictions for the test will be 3. Then, calculate the metrics discussed in
Sections 3.3.1, 3.3.2, and 3.3.3, it is possible obtain: MAE = 2, RMSE = 2.16, NRMSE
= 0.54, and R? = 0 (by definition). These values form the baseline dataset and are used

to evaluate the models and determine if they are better than the simple average.
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3.4 Implementation

The development of the work was divided into three parts. Each part is explained in detail
in the following sub-sections. Section 3.4.1 presents the validation of the ML feasibility
in embedded systems. Section 3.4.2 presents a comparison between some algorithms and
resolutions in data collection, focusing on the quality of the estimations and the validation
of solutions 1, 2, and 3 proposed in Sections 3.2.1, 3.2.2 and 3.2.3, respectively. Finally,
Section 3.4.3 focuses on implementation in the real robot. It is essential to highlight the
first two sections only using data from a simulated scenario since the focus is only on

validating the approaches.

Some activities are the same for the three parts and will be discussed first. Then, each
of the three parts mentioned above will be discussed individually. The first common step
is the data collection in the simulator. Thus, the field was discretized in a grid, with each
square having a size of 1 cm. So, the robot was positioned on this grid in the center of
all available positions, i.e., without obstacles. In each position, the robot takes around 60
images while performing a 360° turn to create a database (due to delays in the simulator,
the number of collected images in each turn can vary slightly), with around 350 thousand

images in total.

Furthermore, to test other grids’ resolutions, a small part of 10 x 10 cm in the center
of the field was used to collect data. Figure 3.5 presents this limited part of the field,
and the grid’s sizes used were: 10 mm, 5 mm, 2.5 mm, and 1 mm. Finally, one last
data collection was done in the simulator, considering a random route along the field, and

around 500 images were collected.

Following the data collection, the initial preprocessing step involved removing dupli-
cate images and those containing incorrect values resulting from delays in the simulator.
Due to the collection of the data being performed in a Virtual Machine and the operation
of the simulator (where the images collected are passed through a network before being
saved), some images may be saved multiple times, resulting in subsequent images being

taken out of sync with the camera’s pose.
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Figure 3.5: The red square in the center shows the part of the field used to collect images
for the tests to show the relationship between the grid resolution and errors. Source: [4].

Furthermore, it is essential to highlight that only images containing at least one ArUco
were used during training and testing. This is important to avoid problems with "ambigu-
ous images”, as presented in Figure 3.6. This image can be associated with any corner of
the field. This phenomenon occurs mainly at the field’s border when the robot has the
camera pointing outside the field. This treatment is essential because these images do
not contribute to the training and evaluation of the models. Moreover, it is necessary to
emphasize that this problem can be solved with the complete localization system imple-
mentation, as presented in [3]. In this work, such implementation is not considered since

the focus is only on validating the ML approaches.

To create the datasets, the images collected will be processed using the OpenCV
library? to identify the ArUcos® and to estimate the pose of each ArUco relative to the
camera’s reference frame. The OpenCV library returns arrays for each marker with the
position and the marker’s orientation to the camera. As previously mentioned, these

arrays are called tvec and rvec, respectively. More details about the ArUco identification

’https://docs.opencv.org/4.x/d5/dae/tutorial_aruco_detection.html.
3In this work, the version used was 4.6.0.
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Figure 3.6: Example of ambiguous image.

can be seen in [3]. Considering the images collected, some different datasets have to be

created. They are [4]:

36

o Dataset A - Considering the whole field and combining observations’ attributes in

a matrixz format: To generate this dataset, the images used were collected across the
entire field, considering the grid resolution equal to 1 cm. Each observation within
the dataset represents a single image containing one feature and three targets. The
feature is comprised of a matrix with 49 rows, each representing an ArUco marker,
and seven columns that represent the tvec and rvec arrays, along with a boolean
value indicating whether the marker was detected in the image. If a particular
ArUco marker is absent from an image, the corresponding row in the matrix is filled

with 0. The target variables are z, y, and 6, respectively.

Datasets B - Considering the collection in part of the field with different grid’s
resolutions and combining observations’ attributes in a matriz format: Dataset B
is composed of four datasets. To generate each of these datasets, images taken at
the center of the field (Figure 3.5) were used, varying the grid resolutions. Each
dataset was composed of images from different resolutions: B1 for 10 mm, B2 for

5 mm, B3 for 2.5 mm, and B4 for 1 mm. Each dataset was produced using the



same procedure as Dataset A.

Dataset C - Considering the whole field in an ArUco’s array: To generate this
dataset, images taken across the entire field were used, with a grid resolution of
1 cm. However, unlike datasets A and B, each observation in this dataset represents
a detected ArUco marker rather than an entire image. As such, each observation
consists of seven features: the marker’s ID, rvecs, and tvecs, as well as three targets:
z, y, and 6. In this dataset, the image information is no longer relevant, as the focus

is solely on the relative pose of the ArUco markers.

Dataset D - Considering the collection in part of the field with different grid’s
resolutions and combining observations’ attributes in ArUco’s array: Dataset D is
composed of four datasets, as Dataset B. To generate these datasets, images taken
at the center of the field (3.5) were used, varying grid resolutions. Each dataset was
composed of images from different resolutions: D1 for 10 mm, D2 for 5 mm, D3 for
2.5 mm, and D4 for 1 mm. Each dataset was produced using the same procedure

as Dataset C.

Dataset E - Considering a random route in an ArUco’s array: This dataset was
created using images captured across the entire field, using a random path. The

same process as Dataset C was used to generate this dataset.

3.4.1 Part 1: Feasibility of the ML in Embedded Systems

This part involves verifying and validating the feasibility of using ML in an embedded

system to implement a vision-based localization system. To accomplish this, a Raspberry

Pi 4 Model B was used for validation. A previous study in [68] investigated the feasibility

of employing ML in a Raspberry Pi 3 Model B. In that study, the authors applied RF,

MLP, and Support Vector Machine (SVM) to both regression and classification problems.

The authors determined that all algorithms achieved high accuracy (exceeding 80%), with

an inference time of less than one millisecond and notably lower energy consumption than
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other activities, such as web browsing and video watching. However, the authors did not
discuss the size of the models used.

Using that previous work as a reference, a case study explored the localization problem
at RaF. The study employed the same three algorithms as [68], focusing on the localization
problem and using the concept presented in Section 3.2.2. To validate the feasibility of
the models in an embedded system, a Raspberry Pi 4 Model B* was used, and only images
from the simulator and collected from a limited portion of the field with a grid resolution
equal a 10 mm (dataset D1) were employed. The evaluation metrics included training and
execution times, energy consumption (in mWh), and model size. An Atorch USB tester
was used to measure energy consumption, as shown in Figure 3.7. The complete details
regarding the feasibility work are available in [7].

A USB Tester is a device project to check the functionality and performance of USB
connections, giving information about voltage, current and other parameters. The USB

tester has a display that shows the relevant information during the execution.

5.064v 0.601»
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Figure 3.7: Atorch USB Tester.

To perform the tests, the hardware utilized was utilized a Raspberry Pi version 4

Model B with a Broadcom BCM2711, Quad-core Cortex-A72 (ARM v8) 64-bit SoC @

4Further information available at:
https://www.raspberrypi.com/products/raspberry-pi-4-model-b/specifications/.
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1.5GHz1, 4 GB RAM, and 40 pins. The operating system used was the Raspberry PI
OS®, also known as Raspbian, which is a 32-bit OS, open-source and based on Debian

Linux. The image of the utilized Raspberry Pi can be seen in Figure 3.8.

! 3

2
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IC: 20953-RP148 -

Figure 3.8: Raspberry Pi 4 Model B.

3.4.2 Part 2: Quality of ML models

The second part of this study was dedicated to evaluating the quality of the models,
as documented in [4]. Similar to the first part, data from the simulator was used to
conduct tests to establish a parameter for comparing the quality of the models. This
part was divided into two: First, in Section 3.4.2, four algorithms, namely Multi-layer
Perceptron (MLP), Random Forest (RF), KNR (KNN regressor), and Gradient Boosting
(GB), were used to verifying the feasibly of the solutions proposed in 3.2.1 and 3.2.2 and
the accuracy of the estimations. Second, in Section 3.4.2, a CNN model, based on the

pre-trained VGG16 model, was used to validate the concept solution explained in 3.2.3.

®More at https://www.raspberrypi.com/software/.

39


https://www.raspberrypi.com/software/

Approach 1: ML techniques using fiducial markers

A CPU with an AMD EPYC 7351 16-Core Processor (2.40GHz) and 32 GB of RAM was
used to perform the first tests using machine learning techniques. The metrics utilized
to evaluate the performance of the models are described in Section 3.3. It is essential to
highlight the hyper-parameters were not modified during the tests; all Scikit-learn (version
1.1.2) default definitions were used.

The initial examination in this study involves contrasting the various methods using
dataset A. The proposed solution is outlined in Section 3.2.1, while Section 3.3.4 describes
the definition of a baseline for comparison with the four techniques. To achieve this, the
dataset was partitioned into two sections: 85% for training and 15% for validation. A

visual depiction of this procedure is shown in Figure 3.9.
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Figure 3.9: Flow process. Source: [4].

The subsequent evaluation in this investigation involves comparing the performance
with different grid resolutions. The algorithm that generated the best results in the
earlier analyses was used. Consequently, data from datasets B1, B2, B3, and B4 with

corresponding resolutions of 10 mm, 5 mm, 2.5 mm, and 1 mm were used to train this
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algorithm, and an analysis of its outcomes was conducted. Section 3.2.1 presents the

solution employed in this analysis.

The concluding assessment in this study entailed comparing analytical and ML tech-
niques. The algorithm that yielded the best results in the previous analysis was employed
to achieve this. However, this time trained on dataset C and evaluated on dataset E. Sec-
tion 3.2.2 presents the concept solution employed in this comparison. This comparison
is significant because the analytical approach was introduced in [3] and provides a good
benchmark. Notably, the results obtained in this phase are not the final pose estimations
to be used in the robot, as the values need to be subjected to several filters to enhance

the accuracy of the estimation, as outlined in [3].

Approach 2: CNN technique

The second part of the process of the validation approaches is using the CNN technique.
The proposed model is based on the transfer learning concept, using the pre-trained
VGG16 model. To adapt it to our problem, the last layers of the model (dense and
softmax) were removed, and three dropouts (with factor 0.2) and three dense layers (2
with 4096 neurons and 1 with 1072) were added. Furthermore, an output layer was
defined as a linear activation function with 1 or 2 outputs (with one output for the model
to estimate 6 and with two outputs to estimate z and y). It is essential to highlight that
only the new layers were trained, and all the original weights of VGG16 were maintained,

i.e., no fine-tuning was done. Figure 3.10 presents the adapted model.

Two tests were performed considering this model: first, data collected from the whole
scenario (as Dataset A), and second, the data collected from the limited part of the
scenario (as Datasets B1, B2, B3, and B4). However, the difference is the preprocessing
applied to the data. While in the cited datasets, the preprocessing necessary was based on
the ArUcos identification. This preprocessing does not make sense for the CNN technique
because the model’s input is directly the images. So, the preprocess applied exclusively

to this part of the work was considered the preprocessing function specific to the VGG16
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Figure 3.10: Architecture the proposed CNN model.

model®. Besides this, the data division was defined as 80% training, 10% validation, and
10% testing.

Besides this, the « and y values were multiplied by 1000 before the training (since the
values were small to present relevant improvements in the training process). After the
estimation, the values were divided by 1000. In addition, other settings in the CNN were
defined, such as it was set 200 epochs for execution, with an adaptative Learning Rate”
with the initial value of 0.0005 (and the metric used to monitoring was the MAE, with a
reduction factor of 0.8, patience of three epochs and minimum values of 07%). Finally, an
early stopping was defined as ten epochs.

All the tests in this part were performed using a GPU NVIDIA A100, with 16GB. The
operating system used was Ubuntu 22.04.2 LTS (Jammy Jellyfish), the Python version
used was 3.10.6, and the libraries used were: Pandas 2.0.0 and Tensorflow 2.12.0. The
CUDA version used was 11.8, with CUDNN 8.9.1.

3.4.3 Part 3: Execution in the Real Scenario

The third and final part of the work is based on the implementation of models in a real

scenario. This part aims to use the models trained based on the concept solution 1 and

5More detail at

https://www.tensorflow.org/api_docs/python/tf/keras/applications/vggl6/preprocess_
input.

"https://pytorch.org/docs/stable/generated/torch.optim.1r_scheduler.
ReducelLROnPlateau.html.
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2, with data from the simulator in the real environment, and check the results. Since
another team developed the real robot, and the whole localization system as well [3],
the ML models must be adequate to run in the previously developed localization system.
The approach selected to be used (due to the size of the trained model, as presented in
3.4.1) was the MLP, with and small optimization of the hyper-parameters and without
the optimization. So, the first concept solution applied was presented in Section 3.2.2 (one
pose estimation per ArUco identified), and the second one was presented in Section 3.2.1.

The optimization used to show the difference in the results with the standard and
optimization models was not the best one and was done using the GridSearchCV function®
based on the Dataset D1. The parameters were adjusted and tested, resulting in the

following;:

e hidden_layer sizes = (100,100,100,100,100)
max_ 1ter=500
learning rate="adaptive”
learning rate_init=0.01

early__stopping=True

To perform a realistic test, the simulator was adjusted to simulate the real aspects of
the real robot, especially the camera configurations. The first set was about the camera’s
position. It was moved to [x = 0.133,y = 0.00,z = 0.075], with all values in meters
relative to the robot’s frame. In addition, it was necessary to perceive the angle rotation
representation utilized in the simulator. To find this information and the values, several
empirical tests were performed in the simulator, and it was found that the angles are
represented in the Trait-Bryan notation [69] defined in the form of ZYX, which means
l[yaw = 0.000, pitch = —21.093, roll = 2.800], respectively. Finally, to adjust the Field
of View (FoV) of the robot’s camera, the value was adjusted empirically, comparing the

robot image with the image obtained in the simulator. The value set in the simulator

8https://scikit-learn.org/stable/modules/generated/sklearn.model_selection.
GridSearchCV.html.
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was 70 in the focal view field, representing 110 degrees in FoV. Figure 3.11 presents an
example of the image obtained in the simulator (left) and in the real robot (right) with

the robot in the same position.

3 RobotfactoryPro2022] (30 F95) - Script Rurning

Robot’s camera view in the simulator Robot’s camera view in the real robot

Figure 3.11: Example of the camera’s image in the robot in the simulator (left) and in
the real scenario (right).

So, after the adjustments, the data were recollected in the simulator, considering the
whole environment. The data preprocessing was the same as done to Dataset C. So, the
MLP models were trained with these new data, and the models were tested in the real
robot simultaneously with the analytical approach.

An external system (already developed in [3]) was used to collect the ground-truth
data, i.e., the real pose of the robot. This system consists of a camera placed on the top
of the field, which can detect all of the tags of the environment and calculate their poses.
So, using this and placing two tags on the robot, the system can state the real pose of the
robot. In addition, this system presents a millimetric error in the x and y measure and a
fractional error in orientation [3].

Figure 3.12 presents the whole scenario with the field, the robot with the tags, and
the camera placed on the top. Besides, Figure 3.13 presents the software with the image

from the system’s camera and the robot’s pose.
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Figure 3.12: Real scenario where the tests were performed, indicating the system’s camera
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So, the ground-truth system was integrated with the real robot (present in Figure 3.14)
via sockets UDP, and the MLP models were integrated with the analytical approach to
estimate the positions. So, all these data were saved during the execution of the robot,

following the route presented in Figure 3.15, and after, the data were analyzed.

Figure 3.14: Real robot developed for RobotAtFactory 4.0 Competition.

After the data collection, the four MLP models were trained: Considering Concept
Solution 1, with and without the optimization, and; Considering Concept Solution 2, with

and without the optimization.
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Figure 3.15: Route performed by the real robot.

47



48



Chapter 4

Results and Discussions

As presented in Chapter 3, this work is divided into three parts, with different perspectives
and approaches. So, the results and discussions are presented in three different sections,
one for each part. Section 4.1 presents the results to part 1 (Section 3.4.1), Section 4.2 to
part 2 (Section 3.4.2), and finally Section 4.3 to part 3 (Section 3.4.3).

4.1 Results and Discussions Part 1: Feasibility of the
ML in Embedded Systems

This part of the work involves training and deploying machine learning models on the
Raspberry Pi to address the localization problem in RaF. The objective is to evaluate
the feasibility of implementing ML in an embedded system, considering factors such as
training and inference times, energy consumption, and the models’ size. The models
studied in this part were RF, MLP, and SVM. The dataset D1 was used for testing
purposes. The anticipated outcome is that all three models will execute efficiently on
the given data, each with a distinct size. While estimation quality was not a primary
focus, the evaluation metric will confirm that the models executed and produced results,
although they will not be analyzed or discussed. All the results presented here were

previously published in [7].
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The dataset was split into two parts, with 85% used for training and 15% for testing
(this split occurred before the preprocessing). Preprocessing the training data took 157.49
seconds and consumed 180 mWh while preprocessing the testing data took 28.62 seconds
and 35 mWh. The left graph in Figure 4.1 illustrates the training and execution times
for each model, with each color representing a different model with values expressed in
seconds. The right graph in Figure 4.1 compares the energy consumption of each model
during the training and execution stages, with values presented in mWh. It is worth
noting that the execution process involved pose estimation for 1248 images, and as such,

the label used for execution in the graph is Inference of 1248 images.

Speed comparison Energy comparison
RF W MLP SVM RF ® MLP SVM
| 300 261
185.08
Training [N 100.25 =
250.10 H
£ 200 173
1.40 5
Inference of y =
1248 images| 0.14 4237 E’ 100 93
" =2
| g 46
0 100 200 30| © 8 3
0
Time[s] Training Inference of 1248 images

Figure 4.1: Time spent (left) and energy consumption (right) by three ML methods in
training and testing. These statistics do not account for the time required to preprocess
the data. Adapted from: [7].

An additional outcome concerns both the accuracy and physical size of the models.
Table 4.1 provides a comparison of the models, with the Mean Absolute Error (MAE)
indicating their respective estimation errors for z and y coordinates in meters and 6 in
degrees. The model size columns present the sizes of each model in memory, measured in
kB (kilobytes).

The analysis of the left graph in Figure 4.1 reveals that the SVM algorithm took longer
to train and execute than the other algorithms. On the other hand, the MLP algorithm
was the fastest in training and execution. As shown in the right graph in Figure 4.1, the
energy consumption pattern follows a similar trend, with SVM being the most costly and

MLP being the most efficient. In terms of execution time, all approaches were able to
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Table 4.1: Comparisons of the methods regarding memory size and estimating error

(MAE). Source: [7].

RF | MLP | SVM
x[m] | 0.009 | 0.029 | 0.030

Mean Absolute Error

y[m] | 0.012 | 0.046 | 0.027

(MAE) 0] | 346 | 2847 | 47.64
. x[kB] | 138400 | 26 | 1
Size of the y[kB] [ 147500 | 26 | 1

models in memory

A[kB] | 180000 | 30 | 2700

respond to each image within no more than a few milliseconds.

Regarding the quality of the models, the estimation errors obtained were on a cen-
timeter scale, with RF being the best approach. It is important to remember that the

models are not optimized, i.e., the standard hyper-parameters of the libraries were used.

The model’s size, presented in Table 4.1, is a crucial aspect of the results. The SVM
approach produced models for the z and y targets that were very compact, occupying only
1 kB, while the model size for § was much larger, at 2.7 MB. In contrast, the three MLP
models consistently had small sizes, ranging between 26 kB and 30 kB. Finally, the RF
approach generated models with the largest size, approximately four orders of magnitude

greater than the other models, with each model requiring more than 100 MB.

Analyzing the size of the models trained with data from a limited part of the scenario,
it is clear that this is not a problem in the current situation. But it is crucial to emphasize
how drastically different the models are. This implies that more data (images) would be
required if the entire field is used, increasing the models’ size and becoming a potential

problem.

Due to this indication, a simple experiment was conducted on a computer, where the
same algorithms were trained using data from the entire field (dataset C). The results
showed that the MLP models remained small, with each model occupying no more than
1 MB. In contrast, each RF model required between 3 and 5 GB, representing a significant
difference. The computational power required to store and execute models of this size is

greater than the capacity of the Raspberry Pi. Finally, the SVM models could not be
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trained due to the time required. For instance, training the SVM model for the z target
would have taken more than 72 hours.

The results of this section indicate that MLP (neural networks) are the best option for
embedding an ML model for use in the localization system considering a tradeoff between
required memory, computing power, and energy consumption, even the other approaches,

such as RF appears to have more promising results.

4.2 Results and Discussion Part 2: Quality of ML

models

The work’s second part involves presenting a solution to the localization problem by uti-
lizing the approaches discussed in Section 3.2.1. To achieve this, multiple algorithms
were examined, considering this methodology. The initial assessment was carried out on
dataset A, and the most effective algorithm was identified. Subsequently, this algorithm
was trained and tested on datasets B1, B2, B3, and B4 to evaluate the trade-off between
the grid’s resolution and the estimates’ accuracy. Next, the proposed approach in Sec-
tion 3.2.2 was compared to both analytical (presented in [3]) and ML methods. This part
is completed and more detailed in [4]. These results are the outcomes from Section 3.4.2
and are presented in Section 4.2.1.

Finally, a CNN based on VGG16 transfer-learning was trained with the images from
Dataset A, and after training with images from Dataset B1, B2, B3, and B4, the results
were analyzed. These results are the outcomes from Section 3.4.2 and are presented in
Section 4.2.2.

It is worth emphasizing that, for concept solutions 1 and 2, each dataset was split
into two parts: 85% for training and 15% for testing purposes. Additionally, all hyper-
parameters used in the algorithms were kept unchanged, meaning the standard values
from Scikit-learn (version 1.1.2) were utilized. On the other hand, the dataset division

to solution 3 was 80% for training, 10% for testing, and 10% for validation. Only the
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hyperparameters in the dense layers were trained, with the other values maintained as

the original values.

4.2.1 Results and Discussions of Approach 1: ML techniques

using fiducial markers

Table 4.2 presents a comparison of the ML techniques, considering the complete scenario

(using dataset A and the concept solution 1). The first technique listed is the baseline,

followed by the ML techniques. The MAE and RMSE sections present the respective

errors, with z and y values in meters and @ in degrees. The R? column displays the

coefficient of determination for each target value in each approach. The final two sections

indicate the average time required to train the models and the response time for each

image.

Table 4.2: Results of the proposed techniques. Source: [4].

Technique Baseline | GB | KNR | MLP | RF
X [m] 0.336 0.099 | 0.025 | 0.015 | 0.007
MAE y [m] 0.200 0.084 | 0.024 | 0.014 | 0.006
0[] 0241 | 2692 | 655 | 9.34 | 3.05
X [m] 0.418 0.133 | 0.041 | 0.022 | 0.014
RMSE y [m] 0.226 0.109 | 0.041 | 0.021 | 0.015
0 10599 | 37.85 | 19.40 | 21.80 | 11.24
X 0.303 | 0.096 | 0.030 | 0.016 | 0.010
NRMSE y 0.310 0.149 | 0.056 | 0.030 | 0.019
0 0.294 0.105 | 0.054 | 0.061 | 0.031
X 0.00 0.90 0.99 0.99 | 0.99
R? y 0.00 0.77 | 0.97 0.99 | 0.99
0 0.00 0.87 | 0.97 0.96 | 0.99
Training time [s] - 3302 28 1812 | 15433
Response time avg [ms] - 0.08 | 4.16 | 0.12 | 0.46

The comparison between the techniques is presented graphically in Figure 4.2, where

the left plot illustrates the MAE error for axes z and y in meters, and the right plot shows

the MAE error for 6 in degrees.

Table 4.3 compares the quality of the estimations considering different grid resolutions
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during the data collection. The datasets used were B1, B2, B3, and B4, with the best ML
technique found, which was RF, as identified in the previous results (again, considering

the concept solution 1). The table presents the number of collected images and quality

metrics.

Table 4.3: Results using different grid resolutions. The technique used to obtain these

results is the Random Forest Regressor. Source: [4].

Grid’s resolution |10 mm | 5 mm | 2.5 mm | 1 mm
Quantity of images 8306 33281 | 113596 | 655130
x [m)] 0.005 0.003 0.002 0.001
MAE y [m] 0.005 0.003 0.002 0.001
0 [°] 2.04 2.35 2.01 2.21
x [m)] 0.008 0.005 0.003 0.002
RMSE y [m] 0.007 0.005 0.003 0.002
0 [°] 8.98 12.46 10.35 10.60
X 0,073 0,045 0,030 0,018
NRMSE y 0,064 0,043 0,027 0,018
0 0,025 0,035 0,029 0,029
X 0.95 0.97 0.99 0.99
R? y 0.95 0.98 0.99 0.99
0 0.99 0.99 0.99 0.99

The behavior of the MAE with the increases in the grid’s resolution is presented
graphically in Figure 4.3. The MAE for the z and y axes are the same and are in
centimeters, presented by the left curve on the picture. The MAE for 6 is in degrees,
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shown by the curve on the right.

Grid's Resolution vs MAE - X and Y Grid's Resolution vs MAE - 6
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Figure 4.3: Comparison of the error obtained against the decrease of the grid’s resolution.
The graph on the left displays the MAE for the x and y axes in centimeters (the same
curve is for both values), while the image on the right displays the MAE for the 6 in
degrees. Source: [4].

The last result in this part compares the ML and analytical approaches, presented in
Table 4.4. This comparison was made considering the training with dataset C and the
test with dataset E (considering here concept solution 2). To prevent division by 0 in
the percentage relative error function, it was excluded predictions where the ground truth

value was 0. This was necessary to calculate the relative percentage error accurately.

Table 4.4: Comparison of the two approaches: analytical and ML (Random Forest).
Source: [4].

Approach Analytical | ML (Random Forest)
X [m] 0.028 0.022
MAE y [m] 0.031 0.023
0 [°] 6.00 7.27
x [m)] 0.034 0.037
RMSE y [m] | 0.037 0.043
0 [ 8.89 14.01
X 0.023 0.025
NRMSE y 0.044 0.051
0 0.025 0.041
Avg percentage x 29. 27.6
Relative error y 35.9 22.2
0 17.2 17.3

Analyzing Table 4.2, it is possible to notice that the baseline has the highest error,
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as expected, since it is the simplest prediction model available. However, all ML models
produced errors lower than 10 centimeters. The RF approach had the best performance,
with an error of only a millimeter in position (z and y) and 3.05 degrees in orientation.
For all methods, RMSE was more significant than the MAE, indicating that the errors in
the estimations had varying magnitudes, with some predictions exhibiting minor errors
while others had more significant errors. Considering the NRMSE, it was possible to
compare the errors in the x and y dimensions with the error in # and then observe that
they were of the same order of magnitude. The coefficient of determination (R?) for all
metrics was close to its maximum value, indicating that the estimations were accurate.

Another noteworthy aspect was the training time, which varied considerably across
the models. The RF method required training times between 1 and 4 orders of magni-
tude higher than the other approaches. However, more crucial than training time is the
response time, which was satisfactory across all models. The times reported in Table
4.2 did not include preprocessing time, which was approximately 13 milliseconds for each
image.

Upon analyzing the results presented in Table 4.3, a correlation between the grid
resolution and the estimation error in position can be observed. As the resolution of the
grid increases, so does the error in the position estimation. This fact presents an exciting
trade-off between improving the accuracy at the cost of acquiring more images. It is
essential to highlight that these results were obtained considering a limited part of the
field and may not represent the entire scenario. Figure 4.3 shows the grid resolution and
error relationship. However, this correlation does not apply to the orientation aspect of
the data collection, as the data is collected uniformly at a rate of 360 degrees for all grid
resolutions.

So, improving the grid’s resolution should be analyzed in each case since only the
position error is improved. In systems that use odometry (as the robot used in RaF), the
error in orientation is more important than the position error. So, due to this, in some
cases, the improvement of the grid’s resolution will not have a significant impact on the

system due to the necessary extra computational effort, and the impact in the models,
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for example, in the RF, the size of the model tends to increase.

Finally, the comparison presented in Table 4.4 reveals a similarity between the results
obtained by the analytical and ML techniques. While the ML techniques outperform
the analytical approach regarding MAE error in z and y, the orientation error is slightly
higher. On the other hand, the analytical approach presents better RMSE. Overall, the
ML techniques yield similar results to the analytical approach. It is important to note
that only ArUcos placed on the floor were used, as in [3]. Additionally, it should be
emphasized that these results are not the final prediction but inputs for a sensor fusion

filter that will enhance the quality of estimations.

4.2.2 Results and Discussions Approach 2: CNN technique

Table 4.5 presents the results obtained with data from the whole environment, using 1 cm
as a grid’s resolution. Each column in the table presents a metric for each one of the three
components of the pose. Each value averages the results collected in the three executions

and their standard deviation. More details are available in [8].

Table 4.5: Results of the CNN approach obtained considering the whole field. Source: [8].
MAE RMSE NRMSE R2
xfm] | ym] | 0[] | xfm] | yfm] [ 6F] | x | y | 6 | x | y |
Avg 0.0100 | 0.0070 | 6.05 | 0.0211 | 0.0142 | 11.79 | 0.015 | 0.019 | 0.033 | 0.997 | 0.996 | 0.985
Std Dev | 0.0029 | 0.0017 | 2.72 | 0.0091 | 0.0028 | 5.05 | 0.007 | 0.004 | 0.014 | 0.002 | 0.002 | 0.012

The average training time for the position (x,y) was 10,047.15 seconds (standard de-
viation of 3,412.12 seconds), while the orientation () required 5,078.67 seconds (standard
deviation of 1,334.86 seconds). During the inference phase, the estimation time for po-
sition coordinates was 1.9 milliseconds (standard deviation of 0.7 ms), and for 6, it was
also 1.9 milliseconds (standard deviation of 0.5 ms). Thus, the total time to estimate the
complete pose was approximately 3.8 milliseconds, excluding the preprocessing time for
the image.

Table 4.6 presents the results for the tests performed in a limited part of the environ-

ment with different grid resolutions. The columns represent the resolutions and the lines
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Table 4.6: Results obtained considering the limited part of the field, using different grid’s
resolution, with Awvg. columns indicating the average and Std. Dev. indicating the
standard deviation. Source: [8].

Grid’s Resolution 10 mm 5 mm 2.5 mm 1 mm
Quantity of images 8306 33,291 113,596 655,130
Avg | Std. Dev. Avg | Std. Dev. Avg Std. Dev. Avg Std. Dev.
x[m] 0.0026 0.0001 0.0026 0.0004 0.0023 0.0002 0.0023 0.0006
MAE y[m] 0.0026 0.0000 0.0027 0.0004 0.0023 0.0004 0.0023 0.0007
6[°] 2.97 0.29 2.76 0.14 1.58 0.10 4.51 3.82
x[m] 0.0034 0.0002 0.0033 0.0005 0.0029 0.0002 0.0029 0.0006
RMSE y[m] 0.0038 0.0006 0.0042 0.0002 0.0032 0.0003 0.0030 0.0007
0 6.03 1.50 7.09 0.76 4.06 0.71 6.99 3.80
X 0.0307 0.0015 0.0302 0.0043 0.0293 0.0026 0.0262 0.0059
NRMSE y 0.0345 0.0053 0.0368 0.0021 0.0292 0.0031 0.0279 0.0062
0[°] 0.02 0.00 0.02 0.00 0.01 0.00 0.02 0.01
X 0.990 0.001 0.990 0.003 0.990 0.002 0.989 0.005
R2 y 0.985 0.005 0.984 0.002 0.990 0.002 0.990 0.004
0 0.996 0.002 0.995 0.001 0.998 0.001 0.994 0.006
Training time (Position) [s] 678.63 80.85 898.40 153.75 4505.48 647.51 8281.08 233.89
Training time (Orientation) [s] | 592.89 80.17 1437.00 401.92 17369.99 | 3399.39 | 18509.41 | 8368.63
Inference time (Position) [ms] 2.95 0.74 2.02 0.07 2.44 0.35 2.06 0.15
Inference time (Orientation) [ms] | 2.46 0.12 2.04 0.05 2.22 0.19 1.96 0.40

of the metrics for each pose component. All the values (except for the training time) are
averages and the respective standard deviation of the three executions.

An interesting parallel can be drawn between the results presented in Table 4.5 and
Table 4.2. The best ML technique found previously was the RF, and it is possible to notice
the similarity with the results obtained with the CNN approach. In the measurements,
there was a slight disparity of 3 mm and 1 mm in the values of x and vy, respectively, while
the orientation difference # amounted to 3.0 degrees. Moreover, both the RMSE and the
NRMSE exhibited similarity between the CNN and the RF. Additionally, all the outcomes
displayed low standard deviation across the three iterations, reflecting the reliability and
satisfactory performance of the models in the cross-validation process.

The models’ consistent size across all employed picture quantities is another remark-
able outcome of this part of the study. Each model is 512 MB, up to 1024 MB for the
entire posture estimation. This is important because specific ML techniques, like Ran-
dom Forest, can significantly increase the size, quote [7], since the model’s structure can

change, i.e., the depth of the trees, depending on the problem.
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Table 4.6’s analysis of the results reveals that the errors were essentially constant
across all resolutions. This behavior differs from that found in Table 4.3, where the
position estimation quality improved with the grid’s resolution increase. As a result, it
shows that the trade-off discussed in Section 4.2.1 does not apply to the CNN approach.
However, for the resolutions of 10 mm, 5 mm, and 2.5 mm, the CNN results were better
or on comparable levels with those shown by RF, and only for 1 mm were the CNN results

worst.

CNN showed to be an exciting approach that presents the necessary stable size in
memory, a low response time (in order of milliseconds), and high precision (in order of
millimeters). The other side of this method is the generalization from the simulator to
the real scenario is impossible since the CNN is based on the whole image and not on the
tags’ pose. So, to execute this in a real environment, it is necessary to collect the images
in the scenario that the system will be used, and some cares are necessary, such as the

luminosity of the environment.

4.3 Results and Discussions Part 3: Implementation

in the Real Scenario

This part of the work involves the application of the model in the real robot. The objective
is to evaluate the quality of the model by comparing it with the analytical approach and
the ground truth and check the difference in the results obtained in the simulator and
the real robot. To do this, as explained before in Section 3.4.3, the simulator had to
be adjusted to be similar to the real robot, and all the necessary parameters (such as
position, orientation, and field of view of the camera) were collected and applied in the
simulator and were adjusted empirically until the image of the camera in the simulator
looks like the image in the camera in the real robot. Next, the data were recollected, and

the models retrained.

Two MLP approaches were used in the first test, which considers the concept solution

29



2. First, an original model considers all the default hyper-parameters from the Scikit-
learn library, and another, an optimized model, considers the optimization of the hyper-
parameters, as previously presented in Section 3.4.3. Table 4.7 presents the first result
from the simulation, considering the training data as the whole environment and an

arbitrary route to test.

Table 4.7: Results obtained in the simulator with two different MLP architectures, con-
sidering the concept solution 2.

MLP Original MLP Optimized
x[m] [ ylm] [ 677 | x[m] | y[m] | 0[]
MAE | 0.110 | 0.041 | 5.49 | 0.046 | 0.033 | 5.06
RMSE | 0.165 | 0.063 | 8.07 | 0.074 | 0.044 | 6.90

Table 4.8 presents the results obtained in the execution in the real scenario, considering
the route presented in Figure 3.15. In the first part of the test, the ground truth was not
precise because only one of the tags positioned over the robot was available, making the
ground-truth system return a wrong pose. So, these values were not considered, and only
after the two tags were completely visible were the values considered. The results were

from 189 pose estimations.

Table 4.8: Results of the errors obtained in the real scenario, comparing with the data
collected in the ground-truth, considering the concept solution 2.

MLP Original MLP Optimized Analytical
x[m] | y[m] | 0[°] | x[m] | y[m] | 0[°] | x[m] | y[m] | 6[°]
MAE | 0.166 | 0.054 | 17.94 | 0.078 | 0.040 | 16.16 | 0.037 | 0.031 | 8.36
RMSE | 0.184 | 0.064 | 34.45 | 0.104 | 0.057 | 16.69 | 0.060 | 0.044 | 20.62

Table 4.9 presents the MAE and RMSE between the MLP and analytical models’
estimations. A video containing all of the executions of the analytical approach and the
MLP approaches (considering the concept solutions 1 and 2) was recorded®.

Comparing the results of the original MLP technique with the optimized one, there is a
significant improvement, considering, especially in the x axis, improving from an MAE of

11 cm to 4.6 cm (representing an improvement of almost 42%), as presented in Table 4.7.

Video of the comparison: https://www.youtube.com/watch?v=-5ZmVpJobg0.
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Table 4.9: Results of differences obtained in the real scenario, considering the estimations

with the MLP with the analytical method, considering the concept solution 2.
MLP Original MLP Optimized

x[m] | y[m] | 0[] | x[m] | y[m] | 6[°]
MAE | 0.145 | 0.0611 | 10.05 | 0.057 | 0.039 | 11.55
RMSE | 0.166 | 0.066 | 13.04 | 0.078 | 0.048 | 14.77

Another interesting result is the comparison between Table 4.7 and Table 4.8. It is possible
to see that the results presented a difference, for instance, of 3.2 cm in x, 7 mm in y, and
around 11° in 6. Even with the differences, it is possible to notice the model’s behavior in
the simulation was amplified in the real world (i.e., all the errors obtained by the models
in the simulator were smaller than that obtained in the real scenario by the same models),
and slight differences, such as the parameters of the camera, can be influenced drastically

by the results.

Table 4.8 presents the difference between the estimations of the MLP models and the
analytical with the ground-truth value. It is possible to see a vast difference between the
best MLP (optimized) and analytical, especially in = and 6, with MLP almost achieving
double the values estimated by analytical. Observing this behavior during the tests was
possible, as in the previously cited video. When comparing the executions using the
analytical approach with the MLP-optimized models, the analytical approach was better.
However, considering the test with the MLP-optimized, the robot presented a better
precision than with the non-optimized mode, in y than the = (where the robot thought it
was necessary to fix the position and did not move forward straight), and in 6, since the

moves the robot used to be not well aligned.

Analyzing Table 4.9 can notice a big difference between the analytical and the MLP
models. This fact reinforces the difference in the quality of the models. Based on the
three tables, it is possible to see that the error in the y was the lower error, followed by

0, while the error in x was the worst (comparing the range of the possible values).

So, due to this, it is possible to see that this proposed model is not ready to be

implemented entirely in the robot and be used in the competition. However, the proposal
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was promising since, even with all empirical adjustments in the simulator to represent
the real scenario, the robot work is reasonably plausible considering the y axis and the 6,
even with the behavior in z being the worst. On the other side, it emphasizes that the
small divergences between the simulator and the real will result in high differences.

The second test in the real robot used concept solution 1, where each image is pro-
cessed, and a matrix with all the relative poses of the identified ArUcos is generated. This
data is used in the ML models. The same as the previous tests, two types of MLP models
were used: a model with all the default hyper-parameters of the scikit-learn library and
another with an optimization of the parameters. The considered optimization was the
same as previously presented. The test considered 1236 estimations, and the video of the

executions was recorded?.

Table 4.10: Results of the errors obtained in the real scenario, showing the error in the
estimations with the MLP models based on concept solution 1.

MLP Original MLP Optimized
xm] [ yfm] [ 0[] | xm] [ y[m] | 6
MAE | 0.047 | 0.060 | 10.73 | 0.089 | 0.056 | 37.44
RMSE | 0.077 | 0.082 | 17.68 | 0.091 | 0.062 | 38.79

The left part of Table 4.10 presents the results of Solution 1 without optimization.
It is possible to see the MAE was on a centimeter scale, with 4.7 cm in x and 6.00 cm
in y. The error in orientation was 10.7 degrees. This error is considerably better when
comparing the models from concept solution 2 but worse than the analytical approach.
However, the tests performed in the real scenario demonstrated the possibility of using
this model in the real competition because the robot can collect and drop the box in the
right places. The robot demonstrated no stability all the time, which can be observed in
Table 4.10, in the RMSE considerably higher than MAE.

The right part of Table 4.10 presents the results of concept solution 1 but with opti-
mized MLP models. The MAE results were considerably higher than those presented in

the models without optimization. The results have shown an increase of MAE in 88.7% in

2Video of the comparison: https://www.youtube.com/watch?v=-5ZmVpJobg0.
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x, -6.3% in y, and 248.9% in #. These results show a considerable decrease of estimations
quality in z and 6 but a small increase in y. This can be explained due to the difference in
the approaches, and the optimization for one approach can not be good for others. Due
to this, the robot was not able to localize with precision during the test and was not able
to be used in the robot competition. However, the interesting result in these results was
the small difference between MAE and RMSE, which presented a difference of 2.7 mm in
x, 5.1 mm in y, and 1.35% in 6. This fact represents a low variance in the error, indicating
that this error can be systematic and adjusted manually to obtain good estimations. Due
to this, even with the initial not being perfect result, this model has also shown to be

promising.
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Chapter 5

Conclusions

This work aimed to provide solutions to the localization problem in the context of the
RobotAtFactory 4.0 competition using machine learning. Some solutions are already de-
veloped for the general problem of indoor localization (such as presented in Section 2.1).
In addition, a specific approach to localization in RaF was developed in [3], using ana-
lytical geometry and the known pose of all tags. Three concept solutions were developed
in this work: one that estimates one pose per image frame using the fiducial markers,
another that estimates one pose per ArUco identified in an image frame, and another
that estimates one pose per image without using ArUcos. All the proposals use machine
learning approaches.

The first research question of this work (Can machine learning approaches effectively
estimate the position and orientation of a robot solely based on camera images in a
structured environment with the presence of fiducial markers?) that can be answered
based on the results, with a yes, the ML approaches, even without tuning can be an
exciting solution for localization, resulting in errors in millimeter-scale in position, and
less than 10° degree in orientation. In addition, by tuning in the models and adapting
the simulator to the real scenario, it is possible to train the model only with data in the
simulator and apply it to the real robot.

The second research question of this work (Among different types of machine learning

approaches, such as MLP, Random Forest (RF), Gradient Boosting (GB), KNR, and
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CNN, which approach leads to the smallest pose error in estimating the robot’s position
and orientation based solely on camera images in a structured environment with fiducial
markers?), can be answered, based on the results, that RF and CNN were the approaches
that presented the best results, presenting errors in millimeter scale, and response time
of milliseconds.

The third research question of this work (Considering the constraints of embedded
devices with limited memory and computing power, which type of machine learning ap-
proach is better suited for achieving accurate pose estimation in a structured environment
with fiducial markers?) can be answered, based on the results, that the MLP and CNN
are the best approaches. This is possible due to the controlled size of the resulting models
and their response time in milliseconds.

So, due to this, it is possible to conclude that the work was successful since all the
research questions were solved. The ML approaches were validated in terms of feasibil-
ity [7], and many possible machine-learning techniques were explored [4][8]. The models
were also applied in the real robot, with concept solution 2 does not present good results
but indicating a promising way to be explored; Concept solution 1, on the other hand,
showed interesting results and could be used in the competition, even not presenting
strong stability in the estimations, but indicating an interesting approach to be explored.

In addition, it is essential to emphasize that the ML concept solutions suggested in
this study offer a notable advantage over the analytical approach, which relies on the
precise knowledge of the ArUco marker locations for robot localization. This advantage
is particularly relevant when obtaining accurate marker poses is difficult or unfeasible,
such as in hostile environments. The proposed ML approaches do not depend on explicit
marker information, eliminating the need for such precision [4]. Another interesting result
is the possibility of completing training and preparing the models based on simulation
and applying it in real scenarios, which was validated in the RaF competition scenario.
Still, it can be extended to other scenarios with a similar structure.

Future works can explore more about the ML models, studying other methods and

trying to improve the estimations by tuning the hyperparameters. In addition, it can
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explore more the application of the model trained in simulation in the real world, trying
to improve the quality and the adaptation from one to another, focusing on the robustness
of the models. Another possible future work is to adaptable the other approaches, such
as the CNN (considering the concept solution 3) and other techniques (such as concept
solutions 1 and 2), tested in simulation in a whole localization system, and test and

evaluates them in a real scenario.
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