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“Imagination is more important than
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RESUMO

Dynamic Path Planning based on Neural Networks for Aerial Inspection

Gabriel Gelard Reis de Castro

Orientadora:

Prof. Milena Faria Pinto, Dsc.

Dissertacdo de Mestrado apresentada ao Programa de Pés-Graduacdo em nome do programa, Centro
Federal de Educacdo Tecnoldgica Celso Suckow da Fonseca, CEFET/RJ, como parte dos requisitos

necessarios a obtenc3o do titulo de mestre/doutor.

Veiculos Aéreos N&do Tripulados (VANTs) sdo uma solucdo adequada para realizacdo de inspeces
autonomas em grandes estruturas que necessitam ser vistoriadas periodicamente, devido a sua flexi-
bilidade de voo e baixo risco de acidentes envolvendo seres humanos. Como o ambiente inspecionado
pode ser complexo e altamente dindmico, faz-se necessario o uso de planejadores de rotas tridimensionais,
que sdo cruciais para a execucao de tais inspecoes. Diferentes tipos de estratégias foram desenvolvidos
nos ultimos anos, sendo a maioria baseadas em métodos heuristicos. A desvantagem desses métodos
tradicionais é que o custo computacional aumenta, dependendo da complexidade e da escalabilidade do
ambiente. O planejamento de rotas baseado em Redes Neurais (NNs) surge como alternativa para suprir
as desvantagens desses algoritmos.Nesse sentido, este trabalho propde uma nova estratégia utilizando
redes neurais profundas para realizar o planejamento de rotas em tempo real em um ambiente tridimen-
sional totalmente desconhecido. O método foi desenvolvido para gerar, inicialmente, um banco de dados
a ser utilizado durante o treinamento da rede e a sua performance validada em um ambiente simulado
utilizando o software Gazebo/ROS. Os resultados mostraram que a topologia da rede e o método de

treinamento obtiveram desempenho satisfatério e possuem aplicabilidade em um cenério real.

Planejamento de Caminhos, Redes Neurais, VANTs, Inspecdes Aéreas, Ambientes Descon-

hecidos.
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ABSTRACT

Dynamic Path Planning based on Neural Networks for Aerial Inspection

Gabriel Gelard Reis de Castro

Advisor:

Prof. Milena Faria Pinto, Dsc.

Abstract of Master Dissertation submitted to Programa de Pés-Graduacdo em Engenharia Elétrica,
Centro Federal de Educacdo Tecnoldgica Celso Suckow da Fonseca, CEFET/RJ, as partial fulfillment

of the requirements for the degree of Master in Electrical Engineering.

Unmanned Aerial Vehicles (UAVs) are a suitable solution to automate inspections on large structures that
require periodic inspections due to their flexibility of flight and preventing risks to humans. However, the
inspected environment could be complex and highly dynamic. Therefore, tridimensional path planners
are crucial in aerial tasks. Different kinds of 3D path planning were developed in the last years, and
most of them are classified as heuristic methods. A drawback of these traditional methods is that
computational time depends on the environment's complexity and scale. Path planning based on Neural
Networks (NNs) arises from overcoming these algorithms’ bottlenecks. In this sense, this work proposes
a novel deep learning structure to perform real-time path planning in an unknown environment. The
strategy was developed to generate an initial database used for training and validate the results in a
simulated environment using Gazebo/ROS software. The results showed that the network topology and

the training method obtained satisfactory performance to be applied in a real-world scenario.

Path Planning, Neural Network, UAV, Aerial Inspection, Unknown Environments.



v

\Y

Contents

Introduction
.1  Main Contributions

[.2  Organization

Background and Related Work
[1.1 Path Planning Algorithms
I1.1.1 Artificial Potential Field
I1.1.2 Probabilistic Road Map
[1.1.3 Node-Based Optimal Algorithms
[1.1.4 Neural Network
1.2 Related Works

Proposed Methodology
[11.1 Problem Formulation
[11.2 Dataset
[11.3 Neural Network
I11.3.1 Proposed model for the neural network

[11.3.2 Training the model

Results and Discussion
IV.1 Training Process
IV.1.1 Number of layers and neurons

IV.2 Simulation Results

IV.2.1 Proposed methodology simulated only with Python

IV.2.2 Proposed methodology tested in a flight simulator

Conclusions and Future Work
V.0.1 Conclusions
V.0.2 Future Works

References

Vil

13
16
17

18
18
19
19
21
22
27

30
30
31
33
33
35

37
38
38
41
41
47

53
53
54
55



List of Tables

[1.1 Comparison among some contemporaneous path planning methods and the proposed

algorithm. . . . . L

[11.1 Slice of the dataset generated by Dijkstra's algorithm. . . . . . . . ... ... ... ...
[11.2 Neural network input example. . . . . . . .. . .. ...

[11.3 Neural network output for the input of Table I1l.2. . . . . . .. ... ... ... .. ...

IV.1 First of the three better NNs models generated using randomly initialization of hyperpa-
FAMELers . . . . . ..
IV.2 Second of the three better NNs models generated using randomly initialization of hyper-
PArameters . . . . . . ...
IV.3 Third of the three better NNs models generated using randomly initialization of hyper-
parameters . . . . Lo L e e e e e
IV.4 Training accuracies, mse and losses per fold in 10-fold using the NN model describe in
table IV.1. . . . o
IV.5 Training accuracies, mse and losses per fold in 10-fold using the NN model describe in
table IV.2 . . o e
IV.6 Training accuracies, mse and losses per fold in 10-fold using the NN model describe in
table IV.3. . . .
IV.7 Performance evaluation statistics . . . . . . . . .. .. .. ...
IV.8 Performance evaluation statistics for moving targets . . . . . . . . . ... ... .. ...

IV.9 Performance evaluation statistics for kidnapped problem . . . . . . .. . ... ... ..

viii

35

40

40



1.1
1.2
1.3
1.4
1.5
1.6

1.7

.1
.2

1.3

.4

.5
1.6
.7
1.8
1.9

V.1
V.2
V.3

List of Figures

Inspections made by UAVs: (a) Mining. (b) Solar Power Plants. . . . . ... ... ... 14
3D Path Planning Taxonomy. Adapted from (1). . . . . ... ... ... ... ..... 19
Generated path from Artificial Potential Field (APF) .. . . . . . . ... ... ... ... 20
Simulation of a simple environment with a single static object. . . . . . ... ... ... 20
Example of node-based algorithms. Adapted from (1). . . . ... ... ... ... ... 21
A fully Connected Deep Neural Network structure. . . . . . . . . ... ... ... ... 23

Classes of networks architectures. (a) Feedforward network with a single layer of neurons.

(b) fully connected feedforward network with one hidden layer and one output layer. (c)

recurrent network with no self-feedback loops and no hidden neurons. . . . . . . . . .. 24
IRIS dataset taken from (2) . . . . . . . . ... 26
Proposed methodology flowchart. . . . . . . . . . . ... ... 30

Simulated first world,using python, to create the training dataset. (a) Isometric view
from world 1. (b) Lateral view fromworld 1. . . . . . . ... .. ... ... ... ... 31
Simulated second world,using python, to create the training dataset. (a) Isometric view
from world 2. (b) Lateral view fromworld 2. . . . . . . . ... ... 31

Simulated third world,using python, to create the training dataset. (a) Isometric view

from world 3. (b) Lateral view fromworld 3. . . . . . .. ... ... L 32
Example of path generated by Dijkstra’s algorithm inworld 2. . . . . . . . . ... ... 32
Sensor's view directions. . . . . . ... L 32
Proposed architecture of neural network. . . . . . . . . .. ... oL 34
Implementation of a ReLu function. . . . . . .. .. ... .. ... ... ... ..., 34
N-fold Cross-Validation train method. . . . . . . . . .. ... ... ... ... ..... 36
Infographic representation of the processing steps. . . . . . . . .. ... ... ... ... 37
Random models. . . . . . . . .. 39

Training results for Model 1,2 and 3. . . . . . . . . . . ... ... 41



IV.4 Simulated worlds to create training dataset. (a) Isometric view from simulated world 1.
(b) Lateral view from simulated world 1. (c) Isometric view from simulated world 2. (d)

Lateral view from simulated world 2. (e) Isometric view from simulated world 3. (f)

Lateral view from simulated world 3. . . . . . . . . .. ..o 42
IV.5 Simulations results for static targets. . . . . . . . . . ... 43
IV.6 Histograms based on IV.5 . . . . . . . . . 43

IV.7 lsometric and top view of paths generated by RRT* and Neural networks in world 1.
(a)lsometric view for path with start point = [15,15,10] and target = [25,15,15]. (b)
Lateral view for path with start point = [15,15,10] and target = [25,15,15]. (c) Isometric
view for path with start point = [15,10,10] and target = [15,25,20] (d) Lateral view for
path with start point = [15,10,10] and target = [15,25,20] (e) Isometric view for path

with start point = [20,10,5] and target = [15,20,25] (f) Lateral view for path with start

point = [20,10,5] and target = [15,20,25]. . . . . . . . ... ... 44
IV.8 Simulations results for moving targets. . . . . . . . . . .. .. ... ... ... 45
IV.9 Histograms based on IV.8 . . . . . . . . . . .. 45
IV.10Simulations results for kidnapped problem . . . . . . . ... ... ... L. 46
IV.I1 L e 47

IV.12Simulation using Neural Network to find path in a dynamic world, source = [15,12,20]

(green dot), target = [12,28,5] (red dot). (a) Isometric view of world 3. (b) Isometric

view of change of world 3. (c) Top view of world 3. (d) Top view of of change of world

3. (e) Lateral view of world 3. (f) Lateral view of change world 3. . . . . .. . ... .. 48
IV.13Simulation using Neural Network to find path in a dynamic world, source = [15,12,20]

(green dot), target = [12,28,5] (red dot). (a) Isometric view of world 3. (b) Isometric

view of change of world 3. (c) Top view of world 3. (d) Top view of of change of world

3. (e) Lateral view of world 3. (f) Lateral view of change world 3. . . . . . .. .. ... 49
IV.14Simulation using rapidly exploring random tree to find path in a dynamic world, source

= [15,12,20] (green dot), target = [12,28,5] (red dot). (a) Isometric view of world 3.

(b) Isometric view of change of world 3. (c) Top view of world 3. (d) Top view of of

change of world 3. (e) Lateral view of world 3. (f) Lateral view of change world 3. . . . 49
IV.15UAV model in Gazebo/ROS. . . . . . . . . . .. 50
V.16 Gazebo world used in the simulations. . . . . . .. . ... ... o L 50
IV.17UAV performing inspection in hydro-power plant in gazebo simulated world. . . . . . . . 51
IV.18UAV vision during the pipe inspection in gazebo simulated world. . . . . . . . . . . . .. 51

IV.19Path generated from Neural Network to perform the inspection in gazebo simulated world. 52



Xi

List of Abbreviations

25D Two And A Half Dimensional....... ... 27
2D Two-dimensional. . ... .. 27
3D Three-dimensional ... ... 27
ANNS Artificial Neural Networks . . ... 22, 23
APF Artificial Potential Field...... ... ... .. . . . . . ix, 19, 20, 27
CNN Convolutional Neural Network . ...... ... 15, 28
CPP Coverage Path Planning . ... .. 13, 14
DNN Deep Neural Network . ... ... o e 15
ECD Exact Cellular Decomposition. . ... ... ... 15
GPS Global Positioning System .. ... . 46
LIDAR Light Detection And Ranging . ... ... i 28, 31
LPA Lifelong Planning A* .. ... . . 22, 27
MAE Mean Absolute Error ... ... 34, 35
MSE Minimum Square Error. ... ... . 41
NNS Neural Network .................... 15, 16, 22, 28, 31, 33, 34, 38, 39, 41, 44, 46, 47, 53
PRM Probabilistic Road Map............ ... ... .. il 18, 19, 20, 22, 27, 28, 31, 41
PSO Particle-Swarm-Optimization .. ... ... 14
RELU Rectified Linear Unit. ... ... 33
ROS Robot Operating System . ... ... i 16, 47, 53
RRT Exploring Random Trees........... ... . . 18, 41, 44, 46, 47
TDPP-NET Three-Dimensional Path Planning Network ........... ... .. .. i i, 15
UAV Unmanned Aerial Vehicle...................... 13, 14, 19, 23, 27, 31, 33, 34, 46, 47, 54

VIN Value lteration Network . .. ... 15



13

Chapter | Introduction

In the last decades, UAVs have been used in many fields of industry for aerial inspection (3), such
as in monitor crop field (4), delivery goods (5), civil structures inspection (3, 6), surveillance (7),
archaeological exploration (8), among others. This wide usability is explained by the UAV's ability to
perform complex activities with maneuvering flexibility and low-cost flight.

UAVs have the ability to easily reach places that human beings can’t or are too risky for them.
High /low temperatures or pressure, insalubrious/tiny spaces like swearers and mines, and higher altitudes
are examples of these areas. Although all this danger, humanity needs to explore these locals in order
to develop new technology, to fasten processes, and to maintain systems properly working (9). In the
light of this last case, we have many applications that Unmanned Aerial Vehicle (UAV)s are responsible
for making inspections, i.e., in hydro power plants, in the chemical industry, in oil and gas pumps, and
telecommunications towers. Figure .1 shows some of these robotic systems performing inspections.
In Figure .1 (a), the UAV is perfoming an inspection in a dam site. Figure 1.1 (b) presents a UAV
inspection a solar farm. In both applications, it is possible to note that the UAV should perform the
inspection in a large area.

The path planning for UAV is considered a vital task, once it should move from one position to
another safely, avoiding obstacles coming and taking the shortest path from all the available options.
As stated by (10), secure and impressive path planning methods are usually made by solving related
optimization problems. In the case of UAVs, path planning algorithms are a prominent solution to auto-
mate navigation and mapping. For instance, this kind of algorithm is extremely important for inspection
applications, especially in large structures that periodic inspections are a mandatory requirement to
verify possible structural changes preventing risks to humans and environmental disaster (11).

This kind of aerial inspection could help decrease the mission’s complexity. For instance, due to their
maneuvering flexibility, high flight versatility, and unique working, including search and rescue, real-time
monitoring, Information Collection, Transmission and delivering goods (5, 12). Therefore, it is possible
to observe that the UAV technology has attracted huge interest in many applications (3, 7, 13).

Note that the inspection using UAVs should guarantee flight time optimization due to battery time
restrictions and best trajectory to cover a determined area (14, 15, 16). Besides, UAVs could easily data
gathering and geometry land specifications, such as explained in (11).

In this sense, Coverage Path Planning (CPP) is a suitable technique to be applied in this kind of
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Figure I.1: Inspections made by UAVs: (a) Mining. (b) Solar Power Plants.
Adapted from: https://www.doosanmobility.com/

task (17). CPP aims to find the best path to cover a particular area passing through all viewpoints in a
collision-free trajectory. As a result of the inspection, the UAV acquires images from the local inspected
area and sends them to a post-process stage to build the desired accurate 3D model. For more details
of this process, the author refers to (6).

Optimal path planning is also an interesting research topic that many works have addressed in the last
years. Most of the optimal path planning methods are classified as heuristic methods, such as Ant Colony
Optimization (18) or Concorde (19), or as meta-heuristic methods, such as genetic algorithm (20), or
discrete Particle-Swarm-Optimization (PSO) (21). As a drawback of these conventional approaches,
their computational time depends on the environment complexity and scale (22). A promising solution
to overcome these traditional algorithms’ bottlenecks is the use of deep neural network architectures,
such as feed-forward neural networks. This kind of architecture can also learn to plan efficiently under
various conditions.

A widely used meta-heuristic method is particle swarm optimization (PSO). However, implementing

the PSO to a discrete problem requires some adjustments (21, 23). It is important to note that meta-
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heuristic and heuristic methods to UAV routing problem have also been conducted by several researchers.
For instance, Biundini et al. (3) applied a genetic algorithm in a UAV for coverage path planning problems
in inspection scenarios. In Lim et al. (24), the authors applied the traveling salesman problem with a
time window and solved it with dynamic programming.

In the last decades, many researchers have been using Neural Network (NNs) to the path planning
field to deal with nonlinearities and uncertainties of the environment. NNss are being used in a wide
range of applications, semantic segmentation (25), object detection (26), action recognition (27), among
others. Recently, they are widely applied to path planning problems (28, 29). As can be seen, Deep
Neural Network (DNN)-based 2D-path planning is not a novelty (30). For instance, the work of Tamar et
al. (31) proposed the Value Iteration Network (VIN) algorithm to approximate the Bellman update using
Convolutional Neural Network (CNN). Different applications used VIN due to its ultimate ability to solve
2D path trajectories. Khan et al. (32) used this method for value map learning in partially observable
environments. Another application was used in Gupta et al. (33), where the authors proposed a version
of VIN to generate actions for a visual navigation system. Okada et al. (34) proposed a path integral
network for optimal continuous controlling.

3D path planning is a crucial approach to be applied in complex and highly dynamic environments
(35), especially in the robotics field (36). Different kind of 3D approaches were developed in the
last years, such as Rapidly-exploring Random Tree (37), Exact Cellular Decomposition (ECD) (38),
Probabilistic Roadmap (39), Visibility Graph (40), among others. Most of these conventional algorithms
rely on heuristics, which may be trapped in local solutions, not finding the complete path. In this sense,
DNN-based 3D path planners were developed to address this issue. As stated in (29), NNs have the
advantages of capturing both global structures and local details of observed environments and generating
spatially structured outputs.

It should be noted that although 3D path planning plays a vital role in autonomous robots, it
is rarely handled by DNNs. However, in recent years, some works have been addressing this issue
by employing DNN path planners. For instance, Wu et al. (41) proposed novel end-to-end neural
network architecture, named Three-Dimensional Path Planning Network (TDPP-Net), to perform DNN-
based 3D path planning. Their results showed an indecency of environmental scale and complexity for
computational time. Besides, the experimental results demonstrated that their approach outperformed
the work of Tamar et al. (31), which proposed a solution based on CNN for a 2D environment. In
Wu et al. (42), the authors developed a DNN-based methodology for real-time online path planning
designed to learn 3D local path planning policies and determine 3D space actions based on multiple
value iteration computations approximated by recurrent 2D convolutional neural networks. Differently
from the other works, they demonstrated their results employing virtual and real-world experimental

results.
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1.1 Main Contributions

This research proposes the use of a neural network structure to perform real-time path planning in
3D unknown environments. In the research, the authors developed a strategy to generate the initial
database used for training and validate the results. In this sense, Dijkstra's algorithm was used to
generate a proper optimization that will feed the path database from the different scenarios created
using random characteristics, and therefore, the global solutions will be available to perform training on
the intelligent method. The deep learning method was trained using a cross-validation method, an Adam
optimizer algorithm, a categorical cross-entropy as the loss function, and binary accuracy as the metric
to evaluate the training performance. This work presents the most simple structure capable of using
deep learning and perform localize planning. Further methods can be developed and enhanced based
on this structure. In light of this previously mentioned context, this research work's main contributions

can be summarized as:

= A dataset based on information produced by a LIDAR sensor and based on a classic offline global

path planning algorithm to train a NNs;

= The use of a deep neural network structure to perform local path planning capable of dealing with

kidnapping, unknown environments, and moving targets;

= Testing the proposed path planning algorithm in the Iris UAV by starting PX4 SITL and Gazebo

software in Robot Operating System (ROS) to prove its functionality in a real application.
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1.2 Organization

Chapter Il will address the theoretical foundation necessary for the development of this research
work. Also, in this chapter, all functioning and construction of neural networks and path planning
algorithms are detailed.

Chapter Il presents the methodological foundation for the proposed path planning based on neu-
ral networks for aerial vehicles. Also, in this chapter, the entire working process of the developed
methodology will be explained in detail.

The results obtained through the methods discussed are shown in Chapter IV. In addition, the
necessary discussions will be held about the results to demonstrate the efficiency of the obtained method.

The conclusions obtained throughout this dissertation, as well as the various possibilities for contin-

uing the research, are presented in Chapter V.
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Chapter Il Background and Related Work

This Chapter will introduce some important aspects of the most used path planning algorithms
for UAVs, aiming at demonstrating the drawback and positive aspects of them. Then, this Chapter
will detail the mathematical foundations of Neural Networks to support the aspects addressed in the

subsection Related Works.

1.1 Path Planning Algorithms

According to (43), path planning can be defined as "...the motion planning problem is to find a
sequence of control inputs so as the drive the robot from its initial state to one of the goal states
while obeying the rules of the environment, e.g., not colliding with the surrounding obstacles." Another
definition is found in (44), where the authors state that the path planning problem is" Given a three-
dimensional rigid body with a set of configuration parameters and a known set of stationary obstacles,
find a collision-free path from a start configuration to a goal configuration". Based on these two
statements, this work presents a definition established on (44), since it better defines the problem that
this work intends to tackle.

There are a lot of algorithms that have been studied in the literature that can handle this problem.
Every one of them has its applications, depending on what kind of robot and environment the problem
is facing. Note that other features are relevant too, for instance, worlds simplifications such as grids,
and of course, the dimension of the problem, i.e., three-dimensional (3D) one or two-dimensional (2D).
This chapter focus on methods that successfully accomplished the path planning problem in a 3D world,
such as Exploring Random Trees (RRT) (45), Probabilistic Road Map (PRM) (46), RRT, Bio-inspired
algorithms, graph-based algorithms, and their variations.

3D path planning algorithms can be divided into five categories, which are distinguished from each
other by their unique properties. A complete survey of 3D path planning can be found in (1). Figure
[1.1 illustrates the current approaches for 3D path planning. The following subsections will detail the

most used successful 3D path planning methods.
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3D Path Planning Algorithms
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Figure 11.1: 3D Path Planning Taxonomy. Adapted from (1).

11.1.1 Artificial Potential Field

APF is a well-known algorithm applied in robots. This method uses attractive magnetic forces to
reach the goal and repulsive ones for obstacles. There are a few problems with that implementation.
One of them is the local minima area. The other one is the Goal Not Reachable when Obstacles
are Nearby (GNRON). That application was first used by (45) and (47) proposed applying it in a 3D
environment, for UAV path planning. The problems encountered by (45) were outlined by (47) using a
graph algorithm to explore the area around the obstacles and creating a potential virtual force surround
them. It's important to say that in order to apply this kind of algorithm, it is necessary to have
known environments with static objects. Figure 11.2 exemplifies the APF algorithm. This technique can
overcome unknown scenarios, taking into account the realities of the current environment of the robot
motion. As stated before, this method is based on the attractive potential field due to the target and

the repulsive potential field due to the world's obstacles.

11.1.2 Probabilistic Road Map

Another important group that has been extensively studied is the PRM method. It was implemented
by (46), and it has two stages: (i) learning; and (ii) the query. The roadmap is constructed in the learning
phase by taking random points on the map, checking if they are collision-free, and connecting them
using a motion planner. After that, these points and connections are saved as an undirected graph. In
the next step of the method, a query asks for a path between two free nodes on the roadmap. Thus, a
graph search algorithm is used to finding the solution if it exists. As explained by (46), it is important

to note that the execution of these two phases, i.e., learning and query, do not have to be sequential.
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Figure 11.2: Generated path from APF .
Taken from :
https: //medium.com/@rymshasiddiqui/path-planning-using-potential-field-algorithm-a30ad12bdb08

Instead, these phases can be interwoven to adapt the size of the roadmap to difficulties that the robot
can encounter during the query phase, increasing the method’s learning flavor. One of the problems
with this implementation is the time that the algorithm takes to achieve the solution. Depending on
how complex the map is, the learning stage can time exhausting because of the number of collisions.
Therefore, in order to minimize time spent in the learning phase, another PRM was proposed by
(48). In their methodology, the learning phase has no collision check. The algorithm takes the shortest
path between start and goal positions. Then, it checks only if that path is collision-free. Supposing a
node in that path is blocked, the algorithm would delete it and replace it with a neighbor node. Then,
repeat the process until it returns a free-collision path. Figure 1.3 shows a map with only one object

in a 3D world, Equation Il.1 is its respectively Probabilistic road map, where free spaces are 0, and

occupied ones are 1.
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Figure 11.3: Simulation of a simple environment with a single static object.
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: (1.1)

According to (49), this kind of method explores through the decomposed graph. This algorithm

shares the same property that they explore among a set of nodes in the map. Figure Il.4 illustrates

examples of node-based optimal algorithms.

(

.

Dijkstra’s
Algorithms
and so forth

\

Node-Based Algorithms

J

(

.

A*, LPA*,
Theta* and
Lazy Theta*

\

J

(

.
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Figure 11.4: Example of node-based algorithms. Adapted from (1).
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This kind of algorithm explores through a graph searching for optimal paths. The drawback of this
kind of method is the need for previous information about the map, like a PRM. On the other hand,
it always finds an optimal solution if it exists, according to map decomposition (grid). In the works of
Dijkstra (50), A* (51) ,Lifelong planning A* (LPA) (52), D* (53), D*-lite (54), it is possible to find
examples of these algorithms, commonly classified as discrete optimal planning or road map algorithms.

An important node-based optimal algorithm is the Dijkstra. This algorithm was firstly implemented
by (50), and it was developed to solve two problems. The first one is, given n nodes in a direct graph,
find the minimum path between them, the second one is given n nodes in an undirect graph, also find
the minimum path. It's important to note that Dijkstra always returns a globally optimal solution, or in
other words, the smaller possible path among the given nodes and that in order to perform the edges,

weights must be already known. A pseudo-code of the method is shown in Algorithm 1.

Algorithm 1 Dijkstra’s algorithm generalization.

for Each node in graph do
Distance[V] := oo// Initial distance from source to target V is infinite
Previous[V] := -1
end for
Distance[source| := 0
S := all nodes in Graph
while S is not empty do
u := node in S with smallest Distance[]
remove u from S
for neighbor v of u do
new distance = Distance[u] + distance(u,v)
if new distance < Distance[V] then
Distance[V]:= new distance
Previous[V] :=u
end if
end for
end while
return Previous|]

In the past years, this method has been extensively studied and improved to solve more complex

problems, with dynamic obstacles, unknown maps, and so on (55, 56, 57).

11.1.4 Neural Network

A neural network is a class of bio-inspired algorithms that intends to reflect the behavior of the
human brain, allowing it to mimic features of other algorithms, recognize patterns in datasets and
solve problems. NNs or Artificial Neural Networks (ANNs) are composed of a set of layers, and these
layers are composed of a set of neurons. There are three kinds of layers: input, output, and a hidden
layer. Figure I1.5 illustrates this structure. Note that the input layer receives the data information, and

the output returns the solution based on the mathematical operations performed on the hidden layers.
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ANNSs can be applied in many practical applications, such as i) data analysis for business intelligence,
medical applications, support financial decisions, military applications, 4.0 industry; ii)) When the task
has dynamic elements, and the algorithm needs to be adapted; iii) In face and object recognition; and

iv) When handling huge online data to make decisions, like self-driven cars and some UAV applications.

FEN
(XX
ST/
RS
(X
SO
R

0&‘0}0

5
\4
[
i
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Figure 11.5: A fully Connected Deep Neural Network structure.

There are many different structures for neural networks. Each one of them has its own characteristics,
and they are used in different scenarios. They can be divided into three fundamentally different classes
of networks architectures (58): (i) Singles layer Feedforward Networks; (i) Multilayer Feedforward
Networks; and (iii) Recurrent Networks. Figure I1.6 presents their topology.

Each node of the NN works like a perceptron (59). The input is the vector z1,x9, x3, ..., Tp, the
weights are denoted by w1y, ws,ws, ..., wy, the bias as b, and the output is y. The goal of the perceptron
is to, by using the input information, classify the problem analysing the output into 6y or 5. The

operation can be better understand through Equation I1.2.

?/:Z%‘ T +0b (1.2)
i=1

The decision rule for the classification is to obtain a linear combination of input and weights that
would correspond to class 8y if y is +1 and to class 6 if it is -1. The processing of finding these weights

in order to accomplish that task is called training the NN.

11.1.4.1 Training phase

The training phase is the part of the algorithm that tries to mimic or learn behavior from a dataset.
(60) defines the processing of learning as "A computer program is said to learn from experience E
concerning some class of tasks T and performance measure P, if its performance at tasks in T, as
measured by P, improves with experience E". The task T that this work proposes to tackle is to find a

path between two points in a 3D unknown map by using the kinematic of a UAV. The performance P
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Figure I1.6: Classes of networks architectures. (a) Feedforward network with a single layer of neurons.
(b) fully connected feedforward network with one hidden layer and one output layer. (c) recurrent

network with no self-feedback loops and no hidden neurons.
Adapted from : (58)

and the Experience E can assume different shapes to accomplish this task. Note that Section Related

Works will discuss different E and P changes performance. In this section, it will be presented a brief

understanding of some techniques.
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11.1.4.1.1 The performance measure P

The choice of a metric is normally associated with the task. For example, suppose the task is a
classification problem. In that case, accuracy is commonly used as a measure, since it is just a direct
relation between the expected output and the given one, if they are equal or not. If the task is a
regression problem, the mean square error could be a good metric. In the case of density estimation,
it is usually applied a probabilistic metric like binary cross-entropy, Poisson, or categorical cross-entropy
would give the needed information. It is very important to choose wisely this variable. In the machine
learning field, it is often desired to evaluate how good a model is when facing data that the NN has
never been exposed to, simulating a real-world experience. The wrong choice of metrics can give the
illusion that the algorithm performs well or that the training phase results are inaccurate. Another use
for metrics is to be a control variable during training in order to try to reduce overfitting. Note that
Chapter Il will better explain this process. Thus, to summarize, it is possible to see how different
metrics could generate different interpretations. There are lots of metrics with many variations. It's

often a difficult task to choose what should be the measure to improve the NN performance.

11.L1.4.1.2 The experience E

The experience E is usually obtained through a collection of examples, which is called a dataset.
These examples could be labeled or not. "Machine learning algorithms can be broadly categorized as
unsupervised or supervised by what kind of experience they are allowed to have during the learning
process" (61). Supervised learning is the group of algorithms that experience or learn from a dataset
that has labeled examples. In this case, the NN tries to mimic the comportment from the examples. On
the other hand, unsupervised learning is the group that learns from data without labels. A case of label
examples is the iris dataset (2), which shows that using a linear combination of the measurement of the
sepal width/length and the petal width/length is possible to determine if the iris is setosa, versicolor or

virginica. Table 11.7 shows the studied cases of (2).

1.L1.4.2 Overfitting and Underfitting

As stated by (61), "The factors determining how well a machine learning algorithm will perform are
its ability to: make the training error small and make the gap between training and test error small."
These two measures are essential to determine the capacity of generalization of the NN, which is one of
the main features of this method. Generalization is the ability that the model has to respond properly
when facing data points that have never been exposed during the training phase, this data is usually

labeled as a test dataset.



26

—.

—
2 RPN P PO RO HR DA DS DD DD 0000 D P DD D H DD WD DD 3D D 6P D
Rm Ot G et G G et =l ey G CF ot €N G0 O O et 0 O ot €7 €60 G0 i G et G et £ G0t 6 G G O G 69 60 6 B N
—_
m 2t PP OROIRL A AR NS HO RO PR ORI FO O OO FO DI IO H =
.n P-um LRV HVOLCHDLODVVVV VDD DOD WL HO H OO H IS LD O DI IO W P D D) = 1O WD DD IO U 1D 1915 101D
B =
=
e
- —
= | 8% PRV RROA O OACVDANDVENALODORRDVOOFoO =~ ~=NRQOOOHD
..m &G.m MMM MNMM MMM M TGO 61 G o) BN o) &1 0D G 60 G 61 6 & O O O &Y 0 0N B 0 00 O 6 o &N o
— g
m..%a RRABOORRENOHCEOHB SRR A - HAHSHMD =~ =D HODE OO~ NS
&m R=Rl=l o Jl =l =R R Rl -] o R = L=RT- R RN o RV-RE= R T - TU-T S I Sl S TR R R R T R T T N R T
\
— i
—
B | 1P P PO R YO DO YR OO PRI MO LD D =D AD IO DD DM AN H N DD WD B
umm il v e e e e e e e el el e el o et Pl el Pl P | foi ol ot ol o o el ol P o] P Pl o] o]yl pmd (e o] Fef pef i ol Pk pomi o] P{ Pt P Pt
—_—
2% COROOBRERORNACH LI~ R RRRENFCQRRDEGH OB HAOHOOMEAANN D~
Dnu m HAHHHH AN HF N HHH A HHHHHHHITHNN DO U o = o =H oH =t = o = OO =K =h =H <H o ~H
5 2
.W |
— g
2 RS | QNN 0N SO AN AN NP N SR OHH O I PO OPORPID DR
R nmm.lw. MMMANAMANAINMNNAMMANAMANNMNMAMAMNNNMNMSMM NN AN MAaNMmaINaa
—
B | SO R CHOO e O PONON=E~FOBRLOR DN OO F OO IS ~ 00D D - 61— r=
&m i VDLV PLAH DNV DDNNDL VDN VNODOODLLLULLD N VB IH DY DD D N 151D © 1D 1H B 151D © DD
— }
EE
! .muﬂu [ GISICI GG <H D GO e GN GO i G 03 60 00 O1 F G110 3 1 < CT G G G i G G 0 G~ €3 63 €5 £7 81 © F 03 63 21 83 &3
lh
N e el R D o T L L LR T g
m Rm Pl ot o et o | ol o o ot o e o o o ol i P Pl Pl ek ot el ;i e o i poed e el o o ol o] pond i o] ped Pl P o Pt et 1 Pl e P ot
2
3
o
2 =g | _
E |28 9DOUATLITYO T YOOOHQ VRO F SN HO P Hal i P 63 — 6113 D S <15 00 63 1 00 00 &% k= 0
|
—
Rl R o e A At b A rdir drd Ark Rt b A e e R I R - I ok - 1=
Qﬂﬂw nﬂu Wl W0 10 < 0 H WD < s A0 D 10 LD D D 0 WD L e LD 1D 1D 1D i e A D 1D 10 1) i e 1D 1D w10 D) e 1) e A 10D
=

Figure 11.7: IRIS dataset taken from (2)

Overfitting happens when there is a big difference between training error and test error. Underfitting

happens when the model performed badly during the training phase, i.e., when returning a large error on

training data. There are many ways to reduce these two errors, one of them is to change the capacity

Others strategies are regularization like early

model, lower capacity can underfit and higher overfit.

stopping and weight decay, augment dataset, adding noise on input or target, bootstrap aggregating.
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11.2 Related Works

An important aspect during the inspection is path planning. As exposed in the initial part of Chapter
I, path planning has been extremely studied in the past years for Two-dimensional (2D) and Three-
dimensional (3D) environments. However, simple 2D path planning algorithms are not able to deal with
complex 3D environments. Therefore, 3D path planning algorithms for UAV navigation are needed to
support navigation in complex environments. Note that these difficulties increase exponentially with
dynamic and kinematic constraints in path planning in 3D environments, making this kind of problem
very difficult. It is relevant to say that many of 3D path plannings are in reality Two and a half
dimensional (2.5D) since they take height as a constant and then solve path planning for a 3D sliced
world.

3D path planning have different characteristics and can be applied to different kinds of robots and
environments. In the last year, many algorithms methods were proposed to deal with a such kind of
problem, including Visibility Graph (62), randomly sampling search algorithms like Rapidly-exploring
Random Tree (37), and Probabilistic Roadmap (39), optimal search algorithms like Dijsktra’s algorithm
(50), A* (51), and D* (63) bio-inspired planning algorithms (20), among others.

Classic node search algorithms, such as Dijkstra's (50) have been sophisticated through the past
years. For instance, the method A*, proposed in the work of (51), is just a Dijkstra algorithm with a
heuristic approach to reduce the number of states. This algorithm was used by (64) in a 3D environment,
constructing a road map and then applying the method. The authors in (39) applied A* for a UAV
along with an octree-based PRM. This method divides the 3D space into voxels, reducing the time spent
during A* search. The methods D* (53) short for dynamic A* and Lifelong planning A* LPA (52), are
branch’'s of A*. The algorithm D* uses sensors to update a temporal map, changing in real-time the
edges’ weights and returning a free-collision path. The algorithm LPA can recalculate the path when
the environment changes using previous information and interactive replanning through sensors.

An improved version of APF was used for UAV path planning in a dynamic environment by Chen
et al. (65). This approach eliminates classic APF problems, such as minimum local. The issues that
graph search methods rely on are closely the same. They take too long in constructing PRM and then
searching among the nodes. In simple environments, this method returns great results but facing more
complex ones, it tends to spend lots of time. On the other hand, APF methods can give great results
for partially known environments, and as exposed by (65), with non-static worlds too.

Over the years, Neural Network algorithms for robotic systems path planning are growing due to
the many different applications and advantages of using the Bioinspired Neural Network algorithm for
robot path planning (66, 67, 68). Neural Networks were first applied to avoid obstacles and to perform

path planning by (69). They used a Hopfield structure (70) in a dynamic online application.
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Sophisticated approaches have been developed in the last years, multiple-UAV problems (71), hybrid
algorithms like (10) that uses genetic algorithms with NNs and (72). More recently, works use CNN
to analyze camera images and then to generate a free collision path (41) into an unknown dynamic
environment. Others use reinforcement learning (73) to achieve better results than Q-learning-based
algorithms. At last, there are applications that use feedforwards NNs that are trained based on search
node algorithms (74). The problem about CNN is the the computational time spent in the convolutions
layers.

Other similar methods have been proposed. In (75) a Deep Learning method is proposed using
Light Detection And Ranging (LIDAR) input for 2D environment. However this results in a large input
vector and also in a more complex training. The method proposed here reduces this factors by using
a more simplified input vector containing only information about the closer elements. In (76) GA is
used to train a CNN. In this implementation however only simple UAV position information is used
instead, reducing the CNN potential. As can be noticed many of the similar methods proposed still
rely on complex network strategies or still need some characteristics to enable deployment in real world
scenarios.

Different from previously mentioned works, this research proposes a hybrid algorithm by using PRM
to generate a graph road map and Dijkstra algorithm to find the path, and then to create the training
and test dataset to feed and train the feed-forward neural network. These NNs are so used to work with
aerial inspections. This methodology differs from the others presented before because it can be applied
to a totally unknown dynamic world with a low computational cost. Another advantage is the capacity
of handled kidnapped problems and moving targets. Table Il.1 shows a brief comparison among some
contemporaneous path planning methods and the proposed algorithm. The advantages and drawbacks

are highlighted.
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Table I1.1: Comparison among some contemporaneous path planning methods and the proposed algo-
rithm.

Method Advantages Drawbacks
RRT Simple Implementation, Only works in static environments,
low computational time Non-optimal paths
Can handle complex Only works in static environments,
PRM . P Non-optimal
environments . Lo ..
Time expensive in collisions check
Dijkstra’s Easy implementations in any High time complexity
Algorithm environment Static environment only
Fast searching ability, Static environment only,
A* enabling implementation heavy time burden,
on-line Fast Non-smoothness
APM Fast convergence Local minima

Genetic algorithm

Able to solve NP-hard and
multiobjectives problems

High time complexity
Premature convergence

CNN

Can handle dynamic
environments and unknown
environments

High complexity in convolution
operations,

high number of hyperparameters,
Non-optimal

Proposed Deep
Neural Network
algorithm

Can handle dynamic and
unknown environments, low
complexity

Non-Smoothness, Non-optimal
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Chapter Il  Proposed Methodology

111.1 Problem Formulation

This work has three important methods to be discussed: (i) the proposed deep learning model
itself, the implementation, and the design have to be evaluated; (ii) the strategy used to generate a
database and perform training of the proposed model; (iii) and the methodology used to apply the model
developed and how results were gathered. Figure Ill.1 presents the proposed methodology diagram to

generate this database and train the model.

&
e

Generation of mulfiple

scenarios

A

Path planning
with classical methods

v

= (5]

Main data validation

Path database

oo
oo
® o

Learning

Figure 111.1: Proposed methodology flowchart.
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111.2 Dataset

The dataset that will be use for training is crucial, since NNs aims to generalize the dataset behavior.
In this work, the data should inform us what the actions the UAV should take based on the environmental
conditions obtained by its sensors and its pose. The sensor utilized was a LIDAR producing a cloud
point that is equivalent to the surface inspected area. In order to obtain a dataset that reflects this
behavior, a series of possible situations were simulated in three different worlds, as shown in Figure 11.2,
Figure 111.3, and Figure Il1.4, respectively. A PRM was created using python3, in order to reflect the

objects and constrains of these worlds and passes this information as a graph.

0

(a) (b)

Figure 111.2: Simulated first world,using python, to create the training dataset. (a) Isometric view from
world 1. (b) Lateral view from world 1.

Z, [m]

Z,[m]

10
15
Xm) 20 s

(a) (b)

Figure 111.3: Simulated second world,using python, to create the training dataset. (a) Isometric view
from world 2. (b) Lateral view from world 2.

Figure 111.5 shows a complete path generated by Dijkstra's algorithm in of these, where the 'x’ is
the target pose, and the dot the start point.

The UAV movement is limited in six directions, as shown in Figure I11.6, where the cubes are the
possibles next UAV positions.

The minimum distance between two objects are at least three grids of distance, in order to avoid
collisions due to the UAV dimensions. The dataset contains information extracted from the path gener-

ated, that is, in every grid that the robot passes, the sensors readings, the pose and the target are stored.
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Z, [m]
Z, [m]

(a) (b)

Figure 111.4: Simulated third world,using python, to create the training dataset. (a) Isometric view from

world 3. (b) Lateral view from world 3.

Z,[m]

Y,[m]

Figure I11.5: Example of path generated by Dijkstra’s algorithm in world 2.

Z, [m]

Figure 111.6: Sensor's view directions.

Figure I11.6 shows the sensor’s directions, which is the same as the constraint movement of the drone,

now the cubes can be seen as the grids where we extract information from the sensors. In other words,
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the UAV movements can be described as a vector movement = M,+, M, —, My+, My—, M+, M, —
and so is the sensors reading sensors = S+, 5. —, Sy+, Sy—, Sz+, Sz—. The last pieces of the dataset
are the actual pose of the UAV and the target. Both has the shape of a three dimensional vector, rep-
resented by pose = p,py,p. and target = t,,t,,t.. Table lll.1 presents a slice of the dataset for one

of these 30.000 simulated situations.

Table 111.1: Slice of the dataset generated by Dijkstra’s algorithm.

Pose Target Sensors Movement
P | Py | Pz | tw [ty | = | SoF | S-— [ Syt | Sy— [ Sat | Se— | Mot | M.— | My+ | My— | Mg+ | M,—
11 14 1 13 1 23 0 0 1 0 0 0 0 0 0 1 0 0
11 13 1 13 23 0 0 0 0 0 0 0 0 0 1 0 0
11 12 1 13 1 23 1 0 0 0 0 0 0 0 0 1 0 0
11 11 1 13 1 23 1 0 0 0 0 0 0 0 0 1 0 0
11 10 1 13 1 23 1 0 0 0 0 0 0 0 0 1 0 0

The number of simulated scenarios were 30.000, which gives the total of 180.684 lines that represents
all the decisions taken from the node algorithm in every grid the agent passed. All these data composes
the dataset developed in this work (77). Its important to say that even if we have this large data, only
a part of it were used for train and test the proposed Neural Network. The number of simulations that

actually were used, will be discusses in chapter IV, since it plays a important role to avoid overfitting.

111.3 Neural Network

111.3.1 Proposed model for the neural network

The number of layers, neurons, batch size, the type of optimizer to use, metrics, loss function,
learning rate, and regularization techniques are called hyperparameters. These parameters are some of
the choices that the programmer needs to face when training NNs. In the past years, many attempts
have been made in order to create techniques to optimize this choice, particle swarm optimization (78)
(79), genetic algorithm (80) are examples of these techniques. This work applied the hyperparameters
search manually using rules-of-thumb discussed by Hinton et al. (81) and Hsu et al. (82). In Chapter
IV are presented the different results when changing some hyperparameters.

The Neural Network’s proposed architecture is a fully connected feed-forward configuration with four
layers, two are hidden, and the others are input and output ones. Figure I11.7 illustrates this architecture.
The input layer has eighteen neurons that are built based on the sensor readings, the target, and the
local pose. The second one has one hundred twenty-eight neurons, the third has sixty-four, and the
output six.

A Rectified Linear Unit (ReLU) function is used as an activation function for the two hidden layers.
This function was introduced by (83), and it simply works as a zero threshold, for values bellow zero
output is zero and for z > 0 it outputs a linear function.ReLU have been vastly applied together
with softmax cross-entropy function to solve different classifications problems using NNs (84, 85, 86).

Figure 111.8 shows RelLU behavior for a specific interval.
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Figure I11.7: Proposed architecture of neural network.
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Figure 111.8: Implementation of a ReLu function.

Softmax was applied on the output layer as an activation function, since the problem is tackled as
a multi-class categorical problem. In other words, our NNs will return a probability of which is the best
action (i.e., direction) that the UAV should go. For instance, suppose an input like Table I11.2, based
on this particular situation, the best possible output is to go up (i.e., M,+) since it will reduce the
distance from the source to the target and it is a free-collision path. When our NN faces this input,
it will return the output showed in Table I11.3. It is clearly that every possible action has a probability,
M.+ has 98% ,M,— 0.2%,M,+ 0.3%,M,— 0.5% ,M,+ 0.01% and M,— has 0.09%. The action that
the UAV will take is the one with higher probability.

The model uses Mean Absolute Error (MAE) function during the training phase as a cost function.
As shown by (87) MAE is used as a robust loss function to train NNs under noise datasets in multi-

classification problems. Although the dataset used in this work is free noise, and even if as shown
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Table 111.2: Neural network input example.

Pose Target Sensors
Dr | Py | Dz | T | Ty | T2 S+ | S.— Sy+ Sy_ Sg+ | Sa—
o/0|/0|0]0]3 0 1 0 1 0 0

Table 111.3: Neural network output for the input of Table I11.2.

Output
M+ | Mo— | Myt | My— | Mo+ | My—
0.98 | 0.002 | 0.003 | 0.005 | 0.001 | 0.009

by (88) MAE can increase difficulty during training in Chapter IV will be shown that the opposite
occurred, MAE performs better than categorical cross-entropy based algorithms. At last, it was used
Adam optimizer, that was first introduced by (89). The method was design to combine RMSProp (90)
and AdaGrad (91) advantages, the first handling with sparses gradients and the second with on-line

non-stationary settings.

11.3.2 Training the model

Estimating the accuracy of a model (classifier) induced by supervised learning algorithms is important
not only to predict its future prediction accuracy, but also for choosing a classifier from a given set (model
selection), or combining classifiers (92). In the light of this affirmation, we choose cross validation,
as the method applied for measure the efficiency of the generated models, although its known that no
accuracy estimation can be correct all the time (93, 94), cross-validation has low bias and low variance,
when comparing with bootstrap (95) and other methods (96). In this work we sliced the dataset
(77) into two parts, using a ratio of 70% for training and validation purposes and 30% for testing.
Then we sliced again the training data into 10 folds, this division was stratified, in order that the folds
had approximately the same labels proportion as the original dataset. This split can change randomly
through each interaction which provides a better Monte-Carlo estimate to the complete cross-validation
at an added cost (96). In this work we used a cross-validation method named n-fold cross-validation.
The idea behind it, is to only divided data once and changes its function (validation and train) at each
interaction 11.9, this action reduces lots of time during the models evaluation, although when compared
with complete k-fold cross-validation it is less precised.

Together with cross validation,an early-stopping function was applied. It worked like a callback
function, that is evoked at the end of each epoch during the training phase.This function would interrupt
the training process if the cost function presented worst results in a row. The parameter that stipulate
the quantity of these results is called patience, and when correctly tuned optimizes the model accuracy,

preventing underfitting and overfitting.
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Chapter IV  Results and Discussion

All the simulations are performed on a notebook with 8GB DDR3 RAM and a 2.7 GHz Core-i5-5200
processor. The operating system distro is a 64 bits Ubuntu 16.04 xenial with a desktop environment
LXDE. All algorithms were implemented using Python 2.7.12. Figure IV.1 describes the processing steps
of the proposed methodology. As can be seen, the UAV position and environment data from the depth
camera are combined to produce a precise environment map. These maps will be updated during the
inspection process. The algorithm processes this information to produce the UAV input vector. The
input vector will contain basic information about the UAV location and its surroundings. The path
planning can be applied from the input vector and generate the next position where the UAV should be

located.

Input

MERRING Vector

Position l
data

44,
’

Execution Path planning

Figure IV.1: Infographic representation of the processing steps.
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IV.1 Training Process

IV.1.1 Number of layers and neurons

Regarding the training process, the cross-validation training makes it possible to test different NNs
models and gives trustful results, as discussed in Chapter Ill. The feedfoward NNs models are create
using Keras (97) library and uses the Adam (89) optimizer with default learning rate « = 1103, 8; = 0.9,
B2 = 0.999,e = 1108, and no decay. Table IV.1 shows a example of a neural network structure based in
this library.

Table IV.1: First of the three better NNs models generated using randomly initialization of hyperpa-
rameters

Batch size = 1000
Layer (type) Number of nodes | Activation
Dense 18 RelLU
Dense 128 RelLU
Batch Normalization — —
Dense 64 RelLU
Batch Normalization — —
Dense 6 Softmax

Table 1V.2: Second of the three better NNs models generated using randomly initialization of hyperpa-
rameters

Batch size = 750
Layer (type) Number of nodes | Activation
Dense 8 RelLU
Batch Normalization — —
Dense 32 RelLU
Batch Normalization — —
Dense 16 RelLU
BatchNormalization — —
Dense 6 Softmax

Table IV.3: Third of the three better NNs models generated using randomly initialization of hyperpa-
rameters

Batch size = 900
Layer (type) Number of nodes | Activation
Dense 69 RelLU
Batch Normalization — —
Dense 190 RelLU
Batch Normalization — —
Dense 166 RelLU
BatchNormalization — —
Dense 6 Softmax

Using rules of thumb method (81, 82), discussed in chapter Il, we sample sixty randomly models
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using sets of different hyperparameters. In this sense, tables IV.1,IV.2 and V.3 shows the structure of
the three NNs models, that have better performance.In figure IV.2 shows the training and validation
of the models. These results give to us a hint of what is gonna be the final model structure, since its
possible to see that the models are learning through the epochs. In other other words, the loss is getting

smaller and the accuracy bigger as much as the epochs are passing.
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Figure IV.2: Random models.

Another piece of information that this analysis gave to us, is that models with three layers and
using the batch size between 800 and 1000 units gives great results. In order to better understand this
data and compare themselves performance we can analyze the tables IV.4, IV.5 and IV.6, that show
the models performance through each fold during the cross-validation train. These tables show that

depending on the the fold, we can expected better, or not, results since they take different pieces of the
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dataset to train and validate data. In model 1 table IV.4 for example,the folds nine and ten, take better

performance than the others, the same happen in fold 5,10,4,5 in model 2 and model 3 respectively.

Table IV.4: Training accuracies, mse and losses per fold in 10-fold using the NN model describe in table

V.1

Fold

Loss

Accuracy(x100%)

Mse

1

0.08226080950746933

0.7538

0.07981030692011118

0.08726617128600676

0.7389166666666667

0.08468605899761121

0.08583215553611517

0.7428666666666667

0.08324645183881124

0.08456029720405737

0.7465666666666667

0.08195482400208712

0.08481584132810434

0.7457833333333334

0.0823706709186236

0.08488099710891645

0.74555

0.08264241950201491

0.08292948759098848

0.7514166666666666

0.08079301984558503

0.08197796434213718

0.7542666666666666

0.0799420260116458

OO NP WDN

0.08219373828570048

0.7535166666666666

0.08020280018250148

[y
o

0.08012960558285316

0.7598833333333334

0.0782468729664882

Table IV.5: Training accuracies, mse and losses per fold in 10-fold using the NN model describe in table

V.2

Fold

Loss

Accuracy(x100%)

Mse

1

0.09772442011386157

0.7078333333333333

0.09449852476914723

0.09596467327028513

0.7126833333333333

0.09255503638436396

0.09761417149752379

0.7078166666666666

0.0944758033161362

0.09728292270600795

0.7085

0.09403711899966001

0.0956315401809911

0.7135833333333333

0.0925789721495239

0.09998196794937055

0.7010333333333333

0.0969394253542026

0.09738239938697467

0.7081833333333334

0.09418266956160853

0.09844471259216468

0.70495

0.09574538338979086

OO NP WDN

0.0988040993998448

0.7041333333333334

0.09593132083018621

[y
o

0.09480653842786949

0.7162666666666667

0.09211008421977361

Table IV.6: Training accuracies, mse and losses per fold in 10-fold using the NN model describe in table

IV.3.

Fold

Loss

Accuracy(x100%)

Mse

1

0.07161953251883388

0.7866166666666666

0.06773633756370594

0.07976075526839123

0.7622166666666667

0.07472513816976571

0.07930026321808498

0.7629666666666667

0.07471375742306312

0.07908299187272787

0.7638

0.07461225947588682

0.07839935580392679

0.7655

0.07423253265048067

0.0779168124333024

0.7672

0.07360960410485665

0.07822249878781537

0.7661

0.07428377850343629

0.07695374436924855

0.7694333333333333

0.07322869099751114

OO NGB WIN

0.07324521374106407

0.7809333333333334

0.06977380297270915

[ay
o

0.07177296830018362

0.7853

0.06852749990820885

An even better way to understand the results of these models is creating a box plot, where the graph

presents the mean and the distribution of values. Figure V.3 displays the values contained in tables
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IV.4, IV.5 ,IV.6 on the box plot shape. Looking at these graphs it possible to see that clearly model 3
has the best performance, since the mean value of Minimum square error (MSE) and loss are the lowest
and the accuracy is the bigger when compared with the other two NNs models. Since model 3 achieve a

satisfactory performance, the experiments in the next sections will processed using it in the simulations.
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Figure IV.3: Training results for Model 1,2 and 3.

IV.2 Simulation Results

The whole idea of this work, is to test the proposed neural network model in different scenarios
that approach to a real world experience, ant test its effectiveness. In other to do that, we splited the
simulations into two groups, the first using Python 2.7 and the other running the model in a flight
simulator. In the first case the environment is created like a PRM and has no physical proprieties, like
wind, gravity, the motors and model inertia and etc. The only thing that matters is the dimensions of
the uav, the objects size and the length of the path. On the other hand using the flight simulator all
this physical proprieties are applied to the model, which gives to us a much better idea of what would
be the effectiveness of the model in a real scenario. Also in other to compare and quantify how good is
our strategy, we compare the results founded in the Python simulations with a established path planning

algorithm discussed in chapter Il, the RRT algorithm.

IV.2.1 Proposed methodology simulated only with Python

Three different worlds were used during these tests, Figure IV.4 shows all of them. These worlds
were build thinking in different levels of challenges, world 1 can be seen as an easy task, with only four
objects, world 2 was more complex with extra interest obstacles and world 3 is the most difficulty, since

it has the complexity of world 2 but the agent was trapped inside a box.
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Figure IV.4: Simulated worlds to create training dataset. (a) Isometric view from simulated world 1.
(b) Lateral view from simulated world 1. (c) Isometric view from simulated world 2. (d) Lateral view
from simulated world 2. (e) Isometric view from simulated world 3. (f) Lateral view from simulated

world 3.

In each world was randomly generated twenty pairs of start and target points, and then paths are

created with RRT and the proposed Neural Network Model. The metrics used for comparing paths

generated from them were the time spent finding the path and its distance.

results of this simulations.

Figure IV.5 shows the

Table IV.7: Performance evaluation statistics

Case Mean value | STD
World 1 38.85 37
World 2 56.75 71
World 3 34.27 65

Total 42.62 59

To analyze every single result in Figure IV.5 may be difficult. So we subtracted the path sizes for
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every single case in Figure IV.5 and plotted these differences as an histogram as shown in Figure IV.6.
Note in the Figure that the distribution center is positive, i.e.the proposed method generated smaller
path sizes. The worst scenario were, as expected, in world 3, it happens because when during the
training phase, a similar situation wasn't presented in the dataset. This information was also compiled
in Table IV.7. Note that despite the deviation from the mean in most cases the method was produced
a smaller path then the RTT. The data in Figure IV.5 we also estimated that the proposed method

generated a path on average 47% smaller than RTT.
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Figure IV.5: Simulations results for static targets.
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Figure IV.6: Histograms based on IV.5

Some paths generated in world 1 are shown in Figure IV.7, where the green dot is the start point,
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the red one is the target, and the blue line the path generated.
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Figure IV.7: lsometric and top view of paths generated by RRT* and Neural networks in world 1.
(a)lsometric view for path with start point = [15,15,10] and target = [25,15,15]. (b) Lateral view for
path with start point = [15,15,10] and target = [25,15,15]. (c) Isometric view for path with start point
= [15,10,10] and target = [15,25,20] (d) Lateral view for path with start point = [15,10,10] and target
= [15,25,20] (&) Isometric view for path with start point = [20,10,5] and target = [15,20,25] (f) Lateral
view for path with start point = [20,10,5] and target = [15,20,25].

IV.2.1.1 Moving targets

Is Sometimes interesting while doing industrial inspections to lock a moving target and follow it, like
when making a ship hull inspection while it is on the water or looking for cracks on a moving pipeline.
With that motivation, we simulated twenty other scenarios in each world, but this time the target moves
aleatory one meter in any direction every one second. Like the last section, we compared the paths
generated by the RRT algorithm and our proposed NNs model. Figure 1V.8 shows these simulations

results. And as discussed in the last section, we subtracted the path sizes for every single case in figure
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IV.8 and plotted these differences as a histogram as shown in IV.9. Like in static objects, in moving
targets we have positive mean values table 1V.8, which shows that the proposed model in most of the
simulated scenarios return better results than RRT. From these results we also estimated that the neural

network model produces 37% smaller paths than RRT.
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Figure IV.8: Simulations results for moving targets.
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Figure IV.9: Histograms based on 1V.8

Table IV.8: Performance evaluation statistics for moving targets

Case Mean value | STD
World 1 26.52 74.62
World 2 48.5 71.64
World 3 36.65 70.97

Total 36.6 72.97
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Another interesting problem facing by autonomous robots is the kidnapped problem. It consists of

when the robot loses his pose for a period of time and gets back it in another place. That is very

usual when handling with UAVs that uses Global Positioning System (GPS). GPS tend to have signal

attenuation/loss depending on its contact with the satellites, weather, and buildings can create this

difficulty. In light of this reason, the proposed NNs model and RRT were used to find a path between a

source and a target. Different from the last sections, this time, the simulated UAV lost its pose at the

fifth algorithm iteration and then regained its pose in an aleatory place in the world. The simulations

were generated in the same three words used in the last sections, and the results are shown in Figure

V.10
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Figure 1V.10: Simulations results for kidnapped problem

NN world 1
RTT world 1
NN world 2
RTT world 2
NN world 3
RTT world 3

Using Figure V.10, were created Table ?? and the histogram in figure IV.11. By looking at this

results, again the proposed model is better in average, it is confirmed observing the mean values in

Table ?? and the way the histograms were centered in positive values. The neural networks performs

in terms of size path 27% better than the RRT in the simulated scenarios.

Table 1V.9: Performance evaluation statistics for kidnapped problem

Case Mean value | STD
World 1 0.78 95.62
World 2 60.75 85.55
World 3 18.75 85.41

Total 24.76 92.35

IV.2.1.3 Dynamic environments

Since the motivation of this work is to create a NNs model, in other to use it as pathfinding for

UAVs during industrial inspections, its needed to face that real-world application are usually non-static.

A simulation in world three is created to reflect that behavior. Figure IV.12 shows world 3 and how its



47

5 NN x RTT world 1 4.0 MW x RTT world 2
35
4
30
> >
Uy w2s
= =
< <
S 320
g g
2 ir 15
10
1
05
01— ! T ! - v - - 0o T ; v : v " !
-250 -200 -150 -100  -50 ] 50 100 -100  -50 0 50 100 150 200
Path size difference NN - RTT for kidnnnaped problem Path size difference NN - RTT for kidnnnaped problem
(a) (b)
5 NN x RTT world 3

Hequency
%] [*1] £

0

150 -100 50 O 50 100 150 200
Path size difference NN - RTT for kidnnnaped problem

(c)

Figure IV.11

changes during simulations. The changing world will be presented to the UAV in every five iterations.
The results for the proposed NNs model is presented in Figure V.13 and for RRT in Figure IV.14. It is
important to say that this is a naive implementation. Simulating and predicting dynamic objects is way
more complex, although the results show how our proposed model NNs has no problem when facing
this situation and guarantees, in this case, a free collision path. On the other hand, the path generated
by the RRT algorithm can’t guarantee the UAV safety since it's an offline method, and when the drone

actually goes on this path, it could be changed.

IV.2.2 Proposed methodology tested in a flight simulator

For this experiment, the robotic system in the Gazebo simulation environment was used. The
simulation using ROS was built in a world created with the software Gazebo, as shown in Figure 1V.16.
For the tests, the UAV model used was the 3DR IRIS, presented in Figure IV.15. In other to test the
efficiency of the proposed strategy developed in this work the UAV must complete a curve through the
barrage to perform an inspection in a specific section on the hydro power plant.

Figure IV.17 shows the UAV during the hydro-power plant inspection, figure V.18 how the operator
will visualize the information acquired from it and figure V.19 the path taken until one of the inspection

points.
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Y,[m]

Figure IV.12: Simulation using Neural Network to find path in a dynamic world, source = [15,12,20]
(green dot), target = [12,28,5] (red dot). (a) Isometric view of world 3. (b) Isometric view of change
of world 3. (c) Top view of world 3. (d) Top view of of change of world 3. (e) Lateral view of world 3.
(f) Lateral view of change world 3.
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(c)

Figure IV.13: Simulation using Neural Network to find path in a dynamic world, source = [15,12,20]
(green dot), target = [12,28,5] (red dot). (a) Isometric view of world 3. (b) Isometric view of change
of world 3. (c) Top view of world 3. (d) Top view of of change of world 3. (e) Lateral view of world 3.
(f) Lateral view of change world 3.
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Figure 1V.14: Simulation using rapidly exploring random tree to find path in a dynamic world, source =
[15,12,20] (green dot), target = [12,28,5] (red dot). (a) Isometric view of world 3. (b) Isometric view
of change of world 3. (c) Top view of world 3. (d) Top view of of change of world 3. (e) Lateral view
of world 3. (f) Lateral view of change world 3.
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Figure 1V.15: UAV model in Gazebo/ROS.

Figure IV.16: Gazebo world used in the simulations.



Figure IV.17: UAV performing inspection in hydro-power plant in gazebo simulated world.

Figure IV.18: UAV vision during the pipe inspection in gazebo simulated world.




Figure IV.19:
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Path generated from Neural Network to perform the inspection in gazebo simulated world.
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Chapter V  Conclusions and Future Work

V.0.1 Conclusions

UAVs have been used in many fields of industry for aerial inspection, such as hydropower plants,
chemical industry, oil and gas pumps, telecommunications towers, among others. This is explained
by their versatility, the flexibility of flying, and the fact that they can easily reach places that human
beings can't or are too risky for them. A vital role for UAV inspection is path planning, responsible for
positioning the UAV from one position to another safely, avoiding obstacles, and taking the shortest
path from all the available options.

Over the years, many works were developed for optimal path planning, being classified as heuristic,
meta-heuristic, discrete, among others. As a drawback of these conventional approaches, their com-
putational time depends on the environment's complexity and scale. Thus, a promising solution to
overcome these traditional algorithms’' bottlenecks is using deep neural network architectures, such as
feed-forward neural networks. This kind of architecture can also learn to plan efficiently under various
conditions.

Regarding 3D path planning, in recent years, some works have been addressing the use of NNs to
this issue. Therefore, this research proposed using a neural network structure to perform real-time path
planning in unknown environments. In this study, the authors developed a strategy to generate the initial
database used for training and validate the results in a simulated environment using Gazebo and ROS.
In this sense, different scenarios were created using random characteristics, and Dijkstra’s algorithm was
used to generate the proper optimization that will feed the path database. Thus, global solutions will be
available to perform training on the intelligent method. The database was split into training, validation,
and evaluation. Therefore, the deep learning method was trained using a cross-validation method, an
Adam optimizer algorithm, a categorical cross-entropy as the loss function, and binary accuracy as the

metric to evaluate the training performance.
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V.0.2 Future Works

In terms of evaluation, this research work opens up several future possibilities to develop sophisticated
path planning capable of work in global and local environments. Since Neural Networks are a field that
have been extensively studied through the last years, there will be always room for improvement the
performance of it. New approaches, tools and better strategies to understand and optimize the training
phase are being developed every day. The dataset can also be much more complex with other important
information like the battery of the UAV, a bigger amount of sensor and communication from others
vehicles. Another improvement that can be done in dataset is the algorithm used to feed it. In this work
the authors applied Dijistrik's algorithm to find the minimum path, but in order to use that, a number
of constrains in the environment must be set. Using more complex algorithms can avoid this problem
and still find better solutions, not only for minimum path, but for managing the UAV resources, like
fuel or safety. At last, after all the discussion and results presented in this work, a series of experiments

with a real UAV performing visual inspections in different structures can be done.
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