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The field of autonomous driving has been increasingly explored and the
future of transport partly depends on the use of this type of vehicle. For an
autonomous car to navigate on the public road, it must be able to detect
everything around it, ensuring that the actions taken do not compromise
the safety of any person. Within the Atlas project, this dissertation aims to
create a model that allows the detection of road and objects in panoramic
images, thus increasing the ATLASCAR?2 field of view. In view of this
need, a system was developed for the creation of panoramic images through
images acquired by the cameras mounted on the car and, to make the
detection of the road and other objects, deep learning was used to train
the models in order to ensure great accuracy and detail in detection. This
work presents the results obtained with the trained models, presenting a
comparison between the use of different architectures and datasets. In
addition, an evaluation of the capacity of these models was also performed
in the city of Aveiro.
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A area da conducgao auténoma tem sido cada vez mais explorada e o fu-
turo dos transportes passa, em parte, pela utilizacdo deste tipo de veiculos.
Para conseguir navegar na via publica, um carro auténomo deve ser capaz
de detetar tudo o que o rodeia, garantindo que as a¢des tomadas ndo pdem
em causa a seguranca de ninguém. No dmbito do projeto Atlas, esta dis-
sertacdo prevé a criacdo de um modelo que permita a detecdo de estrada e
objetos em imagens panoramicas, aumentando assim o campo de visdo do
ATLASCAR2. Tendo em vista esta necessidade, foi desenvolvido um sis-
tema para a criacdo de imagens panoramicas através de imagens adquiridas
pelas cdmaras montadas no carro, e para fazer a dete¢do da estrada e de
outros objetos, recorreu-se a "deep learning” para treinar os modelos, de
forma a garantir grande precisdo e detalhe na detegdo. Neste trabalho sao
apresentados os resultados obtidos com os modelos treinados, apresentando
uma comparacdo entre a utilizacdo de diferentes arquiteturas e " datasets” .
Para além disso, também foi realizada uma avaliacdo da capacidade destes
modelos na cidade de Aveiro.
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Chapter 1

Introduction

1.1 Motivation

Nowadays, more than 90% of accidents in the European Union are caused by human
error [1] and a large part of the population spends more than 20 hours in road conges-
tions each year [2]. In this context, the development of the eld of autonomous driving
(AD) is essential to minimize road accidents, increase productivity, reduce congestion
and, consequently, carbon emissions. To achieve all these objectives, vehicles must be
equipped with a diverse set of components that allow them to perceive, detect and make
decisions, taking into account what is happening in their environment.

While for persons their side and rear mirrors help to increase the eld of view, in
a stand-alone vehicle it is necessary to "replace" these with cameras in order to have a
visual perception of all the space around it. In addition, all images must be processed
in real time, so that the vehicle can travel without compromising anyone's safety. At
the moment, there are only partially autonomous vehicles since the human being has to
supervise all the actions the car takes in order to ensure its own safety.

1.2 The Atlas Project

The study of this dissertation is part of the Atlas project. This project was created by
the Group of Automation and Robotics at the Department of Mechanical Engineering of
the University of Aveiro [3], and aims to develop a system that allows the autonomous
driving of a car on the road. The project started with several participations in the
National Robotics Festival, for which several autonomous robots were developed that
earned several victories in the competition.

After the knowledge and success achieved, the Atlas project decided to start the
development of ATLASCAR1, shown in gure 1.1, by equipping a Ford Escort with
several sensors and making modi cations to its hardware, so that it could explore the
environment around it.

After some years of research and development of new sensory systems and algorithms,
the Atlas project replaced the ATLASCARL1 with an electric vehicle, a Mitsubishi i-Miev,
calling it the ATLASCAR2. In gure 1.2 it is possible to see the vehicle with several
sensors mounted such as LIDAR sensors, cameras and GPS.
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Figure 1.1: ATLASCAR1

Figure 1.2: ATLASCAR2

1.3 Problem Description

With the development of technology, new techniques of road and object detection have
been used, and one of the main methodologies has been the application of Deep Learning
models. In previous years, systems capable of detecting objects and people using these
techniques have been developed within the Atlas project, as well as various systems for
detecting navigable limits using classic image processing techniques or processing data
collected by LIDAR sensors.

Despite all the work that has already been done, there is still a need to expand the
eld of view of the ATLASCAR2, making detections on the entire periphery of the car.
A ring of cameras is being developed to mount on the roof of the ATLASCARZ2, in order
to get a panoramic view of the environment, and through this hardware it is possible
to make detections on the entire periphery of the car. With panoramic images it is
possible to better de ne the actions that the car can perform, especially in situations
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of intersections, where a front camera cannot see the road on the sides or obstacles
coming from them. Another advantage of the panoramic images is the possibility of
following obstacles in motion around the car. Accompanying the need to expand the
eld of view, it is also necessary to create a more robust system for detecting road and
obstacles, using models with Deep Learning, being the main challenge of this dissertation
the segmentation of panoramic images.

1.4 Objectives

As mentioned in the previous section, one of the major needs of the project is to increase
the eld of view of ATLASCAR2. Thus, the main objective of this dissertation is the
creation of a model that allows the identi cation of road and objects in panoramic
images. To achieve this purpose, the following intermediate objectives will have to be
achieved:

" Make the acquisition of panoramic images from the camera ring;
Select and propose architectures and datasets for the network training, road and
targets detection and segmentation in real time;

Select the suited hardware and software required to run the model;

" Implement the model and test it in a real case.

1.5 Document Structure

This document is divided into 6 chapters. This rst chapter presents the context of
the problem, its motivation and the main objectives. Chapter 2 describes the state of
the art of this type of technology and some work developed within the Atlas project or
similar projects. The hardware and software used during this dissertation are presented
in chapter 3 and chapter 4 describes the solution developed during the dissertation.
Chapter 5 discusses the results obtained during the experiments. Finally, chapter 6
presents the conclusions and the work that can be developed in the future.

Ruben Daniel Ferreira da Costa Master Degree
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Chapter 2

Related Work and State of the
Art

As technology advances, models for road and object detection have made great progress.
This chapter explores the development of these techniques and what is currently the
state of the art in this area. In addition, related work developed at LAR and other
projects considered interesting in this context are presented.

2.1 Classic Object Segmentation and Detection

Before the appearance of deep learning techniques, object and road detection were based
on machine learning algorithms in which an engineer had to select the best features for
the algorithm. For road detection, methods used classic techniques such as Canny lters
and Hough transforms [4] or through the variations of color existing in the road to detect
edges or lane marks [5]. However, there was great di culty in detecting the road limits in
situations where there were no markings, or where the pavement was not homogeneous.

In object detection, common methods used were Histogram of Oriented Gradient
(HOG) [6], Scale Invariant Features (SIFT) [7] or Haar-Like features, among others.
However, despite the capacity of these methods, they require feature engineering to
obtain good performance and are very focused for a given context.

In 2012, a convolutional neural network architecture was proposed [8] that obtained
better results than the previous techniques in the ImageNet LSVRC-2012 contest and
since this date, and with the constant technological evolution, the use of deep networks
has been growing more and more. In the next section some general concepts about this
technology will be presented.

2.2 General concepts of Deep Learning

In recent years, deep learning has become the most widely used technique for computer
vision [9], speech recognition [10] or Natural Language Processing [11] problems. Deep
Networks have already shown great performance in this type of challenges, achieving
better performance with larger amounts of data provided to train the network. Before
showing some applications of this type of networks some general concepts are presented
in the next subsections.
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2.2.1 Arti cial Neural Networks

Neural networks were rst developed in the 1950s inspired by the behaviour of the human
brain, since they are able to interpret the context of real world situations in a way that
computers cannot. An arti cial neural network is an attempt to simulate the network of
neurons that form a human brain so that the computer is able to learn things and make
decisions in a similar way to humans [12].

Typically, an arti cial neural network has many of units called perceptrons. A per-
ceptron receives a set of inputs that are multiplied by weights and then added. After
that, a bias is added to this sum and a net weighted sum is obtained, which is given to
an activation function that then produces an output as shown in gure 2.1. These per-
ceptrons are grouped in several layers, giving rise to a network with multiple layers [12].

Figure 2.1: Perceptron model [13].

The input layer receives a data input, which the network must process or learn about.
From the input unit, the data passes through several hidden layers, where neurons receive
a series of inputs from the previous layer and produce an output for the next one. This
process is repeated until the output layer obtains the result for the input that was given
to the neural network.

2.2.2 Activation functions

As mentioned before, the activation function receives the weighted sum of a neuron and
determines the output from it, usually between 0 and 1 or -1 and 1. There are numerous
activation functions, which can be divided into two large groups: linear and non linear
activation functions. Most neural network models use the non-linear activation function,
since they provide the model with the ability to learn and perform more complex tasks
[14]. Some of the most frequently used activation functions are shown next.
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Sigmoid function

The logistic sigmoid function is commonly used in neural networks trained by back-
propagation algorithms. One of the advantages of this function is its smoothness and
its range is between 0 and 1. The formula for this function is

_ 1
(x) = T+exp( x) (2.2)

and its curve is represented in gure 2.2.

Figure 2.2: Graphical representation of Logistic Sigmoid function.

Hyperbolic Tangent Function

The hyperbolic tangent function, also known as the tangent transfer function, is similar
to the logistic sigmoidal function. The biggest di erence from this one to the previ-
ous one is that it is zero centered and its output values are between -1 and 1, giving
better training performance for multi-layer neural networks [14]. Figure 2.3 shows the
hyperbolic tangent function graphical representation.

Figure 2.3: Graphical representation of Hyperbolic Tangent function.

Ruben Daniel Ferreira da Costa Master Degree
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Recti ed Linear Unit Function

The recti ed linear unit activation function has been the most commonly used for Deep

Neural Networks and it has several variations. The ReLU function is computed as shown
in equation 2.2, and in equation 2.3 is presented the formulation of one of its variations,
the Leaky RelLU.

_ X ifx>0

= 5 itx o (2.2)
_x ifx>0

Fx)= x ifx O (2:3)

The main di erence between them is the parameter, which was introduced as a solution
for gradients not to be zero during training. These functions enable a faster training
process and achieves better performance and generalization than the functions mentioned
previously [14].

Parametric recti ed linear was proposed in 2015 [15] , with a similar formulation to
Leaky ReLU, but with this new function it is possible to back-propagate and learn the
most appropriate value for , allowing an improvement of performance when compared
to previous versions. Figure 2.4 shows the graphical representations of these functions.

Figure 2.4: Graphical representations of di erent ReLU functions.

Normalized Exponential Function

The Normalized Exponential Function, most known as Softmax function, is commonly
used in the output layers of the deep learning architecture to classify inputs into multiple
categories. This function normalizes the outputs for each trained class between 0 and
1, and divides by their sum, giving the probability of the input value being in a specic
class.
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Swish function

The Swish function was proposed in 2017 [16], and its formulation is as follows:

f(x)=x (x); (2.4)

where (x) in this function is the sigmoid function presented earlier. The authors men-
tion as main advantages its smoothness when compared to ReLU and that it does not
su er vanishing gradient problems. The authors also reported that Swish performs bet-
ter than ReLU with a similar level of computational e ciency, and in some experiments
the replacement of ReLU with Swish units improved top-1 classi cation accuracy on
ImageNet. The graphic representation of this function is shown in the gure 2.5

Figure 2.5: Graphical representations of Swish function.

2.2.3 Loss functions

The loss functions quantify the di erence between reality and predicted into a single
number, where that number is the error from the network's predictions [12]. The goal
during training is to nd the parameters that minimize the \loss", turning this process
into an optimization problem. In the following functions i represents the pixels in each
image and N the total number of pixels. The variable ¢ represents each class and the
total number of classes are represented witflC. The ¥ represents the ground truth and
y the prediction of the model.

Cross Entropy

The Cross Entropy loss is the most commonly used function for multiclass classi ca-
tion. First, this function calculates the loss by making a pixel-wise evaluation of the
predicted probabilities of all classes and then averages over all pixels [17]. This function
is computed as follows:

LN
CEWi®)= o Ylog®?) (25)

i=1 c=1

Ruben Daniel Ferreira da Costa Master Degree



10 2.Related Work and State of the Art

Balanced Cross Entropy

Since in the cross entropy loss function each pixel has the same weight in the loss
calculation, the balanced cross entropy function adds a weightw;, depending on the
class frequency in the dataset [17]. With this, problems related to class imbalance are
reduced. The loss function is represented in equation 2.6.

RS
BCE(Y:P = weyi log(¥) (2.6)
1=1 c=1

Soft Dice Loss

The soft dice coe cient loss function is commonly used in segmentation problems and
is formulated as:

n P N #
x 2 0y

N N

AR

SD(y;9) =1 (2.7)

C
This function is based on the Dice coe cient, which is a measure of overlap between
two samples, in this case between the prediction and groundtruth [18].

Focal Loss

This function aims to eliminate problems related to class imbalance by introducing a
factor to the cross entropy function as presented in equation 2.8. With this factor, the
function increases the impact of miss-classi ed examples, focusing more on these cases
during training.

XX
FLi= & (@ ¥) ylog99) (28)
i=1 c=1

Online Hard Example Mining Loss

In Online Hard Example Mining, the examples are scored for their loss. After this,
non-maximum suppression (NMS) serialization is applied, which Iters the highest loss
examples and builds a mini-batch with them. Like the focal loss, OHEM focuses more
on these di cult examples and forces the network to train on them, ignoring the easy
examples. In the article [19], the in uence of di erent loss functions on the training of
an image segmentation model was compared, and the model trained with this function
obtained good results in classes such as road, car and sidewalk in Cityscapes Validation
set.

2.2.4 Optimization

In the last subsection some loss functions that allow us to calculate the error between
what the model detected and the actual value are presented. However, to reduce this
error as much as possible, it is necessary to make consecutive improvements in each it-
eration, making the training process an optimization problem. This consists in de ning
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which are the best network parameters that give a prediction closest to the real, minimiz-
ing the value of the loss function. Next are presented some algorithms and parameters
that help optimize the training process.

Gradient Descent

Since loss functions depend on a large number of parameters, it is usual to opt for
iterative methods to train the models. In the Gradient Descent method the cost function
parameters are initialized, and each iteration is updated in the opposite direction to the
gradient since this will ensure the greatest possible decrease in the loss [12].

However, the parameters are only updated at the end of each epoch, i.e., after it go
through the whole training dataset, which increases the convergence time when using
very large datasets.

Stochastic Gradient Descent

The Stochastic Gradient Descent is similar to the previous method but instead of going
through the whole training set to update the parameters, only one data point at a time

is considered, cycling through the training data [12]. This method ends up converging
faster than the previous one however its convergence course tends to be more irregular
as shown in gure 2.6.

Figure 2.6: Comparision between convergence of Gradient Descent and Stochastic Gra-
dient Descent.

Besides the optimization functions, there are several parameters that can be changed
so that the training of the network is better and more e cient. Some of these parameters
are described below.

Epoch

An epoch is when the entire dataset is passed through the neural network [12] and to
train a model it is necessary to do it more than once. If the number of epochs is too low
the model will under t, not being able to adapt to the training dataset, leading to poor
performance. However, if the number of epochs used for network training is too high,
the model will over t, since it learns to identify only the data for which it was trained,
and is unable to generalize. A graphical comparison of these situations are shown in
gure 2.7.
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Figure 2.7: Inuence of epochs on training process. The dots represent the values to
which an approximation is intended, while the blue line corresponds to the model.

Learning rate

The learning rate a ects how fast a network adjusts parameters during the training
process in order to minimize the loss [12]. A high learning rate decreases the time of the
training process but may not converge because the variations the parameters su er are
too large, while a learning rate that is too low should converge to a minimum but takes
too long to achieve it, being a computationally heavier process. An illustration of these
situations is shown in gure 2.8.

Figure 2.8: In uence of learning rate on training process. The blue line represents the
function to be minimized, while the arrows represent the steps taken at each iteration
during the training process.

In addition, it is also common to use learning rate schedulers in order to improve
performance and reduce the training time. Usually higher learning rates are used at the
beginning of the training process, so that the model learns the weights, and then the
learning rate is progressively reduced in order to ne-tune them.

Weight Decay

To solve complex problems networks with a large number of parameters are needed. In
order to have models with a lot of parameters but trying to decrease complexity, weight
decay was introduced.

To penalize the complexity of the model, weight decay is multiplied by the sum of
the squares of all the parameters of the network. This prevents the weights from growing
too much, unless it is really necessary to do so.

Ruben Daniel Ferreira da Costa Master Degree



2.Related Work and State of the Art 13

The aim of the optimization process is to decrease the di erence between the reality
and what was detected. To quantify the capacity of a model on a given dataset it is
often used the mean Intersection over Union (mloU) metric that is presented next

Intersection over Union

Intersect over Union (loU) is a metric that allows us to assess how similar model pre-
diction and ground truth are. This metric is the ratio between the intersection area of
the prediction and the ground truth and the area of their union. To evaluate the quality
of the models the mean intersection over union (mloU) is used, which is calculated by
averaging the loUs obtained in the classes used. In gure 2.9 this metric is presented
more clearly.

Figure 2.9: Representation of the intersection over union formula.

2.2.5 Convolutional Neural Networks

The Convolutional Neural Networks (CNNs) are powering major advances in computer
vision, demonstrating great ability to solve problems like object recognition and image
classi cation, being also able to solve problems related to natural language processing
and at analyzing sound. This type of neural networks appeared in the 90s, inspired by
the visual cortex in animals. With CNNs it is possible to organize the neurons in three
dimensions, being them the width and height of the image, and the third dimension the
depth of the image, which in this case is associated to the RGB channels of the image [12].
A general architecture of a convolutional neural network has 3 major groups, such as an
input layer, feature extraction layers and classi cation layers. The input layer receives
the raw input data of the image, the feature extraction layers use convolutional layers
followed by pooling layers in order to nd the features of the images and the classi cation
layers receive these higher-order features and convert them into probabilities of each
class.

Convolutional Layers

Convolutional layers are the core of CNNs since the convolution operation extracts the
features from the images. A convolutional layer receives an input, applies a convolution
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kernel (or lter) and returns a feature map (or activation map) as output. The applica-
tion of the kernel is made through the width and height of the input volume in a sliding
manner and an activation map unit is activated when the Iter detects a feature [12].
Figure 2.10 shows some steps of this process.

Figure 2.10: Application of a Iter in a convolutional layer.

Pooling Layers

Generally, pooling layers are used after convolutional layers and are used to reduce
the dimensions of activation maps. These layers apply a Iter, usually 2x2 without
overlapping, and store the largest or average of the 4 values multiplied by the lter,
depending on whether it is a max-pooling layer or an average-pooling layer, respectively
[12].

Fully Connected Layers

Fully Connected Layers are used to calculate class scores or probability at the end of a
Convolution Neural Network. These layers take the results of the convolution and pooling
process and convert it into a single probability vector, where each value is relative to a
class [12].

2.3 Image Segmentation

Since one of the objectives of this dissertation is to create a model capable of doing the
segmentation of road and objects in real time, in this subsection we will present this
concept and some architectures and datasets to do it.

2.3.1 Semantic and Instance Segmentation

Image segmentation consists of identifying and classifying every pixel in the image and
associating it to a given class. However, there are two distinct types of segmentation,
semantic segmentation and instance segmentation. The rst is to associate all pixels in
the image to a category, representing all objects in the same category by the same color,
while in instance segmentation the model separates objects within the same category,
and there may be pixels that are not associated with any class.

When analyzing gure 2.11 it is easier to understand the di erences between these
two types of segmentation, realizing that the second method tends to identify things,
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objects that it can detect and delimit, while the semantic segmentation studies the stu,
being this amorphous regions or uncountable regions such as sky, grass and road.

In 2019, Kirilov et al. [20] proposed a new task named panoptic segmentation that
unites the two types of segmentation mentioned above and also presented a simple al-
gorithm based on the combination of an instance model and a semantic segmentation
model as the rst approach for this type of task.

(@) Normal image (b) Semantic segmentation

(c) Instance segmentation (d) Panoptic segmentation

Figure 2.11: Comparison between di erent types of segmentation in an image [20].

2.3.2 Architectures for image segmentation
Fully Convolutional Network

The Fully Convolutional Network proposed by Long [21] was one of the rst works for
semantic segmentation using deep learning. This architecture is represented in gure
2.12 and is composed only of convolutional layers and is able to receive an image with
an arbitrary size and return the correspondingly-sized segmentation map. The authors'
architecture combines deeper layer weekly information with more super cial layer ap-
pearance information, thus achieving state-of-the-art segmentation performance when
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the model was tested on PASCAL VOC, NYUDv2, and SIFT Flow.

Figure 2.12: Representation of the fully convolutional network architecture [21].

SegNet

Segnet's architecture [22] consists of an encoder-decoder network followed by a pixel
classi cation layer, as shown in gure 2.13. The encoder network is similar to the 13
convolution layers in VGG16 network and is responsible for the extraction of the features.
On other hand, the decoder part convert the feature maps from the encoder into feature
maps with the same size as the input. In this task, the network uses the pooling indices
computed in the max-pooling layers of the correspondent encoder so it doesn't need
to learn to upsample. This network can be trained from end to end, since it has few
parameters.

Figure 2.13: lllustration of the encoder-decoder architecture of SegNet [22].

ENet

E cient Neural Network, as mentioned in the article [23], is based on ResNet architecture

[24] and is composed of a main branch and several branches that separate from it,
which later merge again through the addition of elements. These branches are called
bottlenecks and consist of three convolutional layers, where in the rst one a decrease
in size is made, in the second one a main convolution is applied and in the third one an
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increase in size is made. Between all the convolutions Batch Normalization and PRelLU
are positioned and for the regularizer is used Spatial Dropout.

When the bottleneck is downsampling, a max pooling layer is added to the main
branch. The rst 1x1 projection is replaced with a non-overlapping 2 x 2 convolution
and the activations are zero padded to match the number of maps of features. In the
decoder, the max pooling is changed to a max unpooling layer and a spatial convolution
without bias is performed instead of padding. The initial block of this network and
the bootleneck are presented in gure 2.14. This network achieved better frame rates
when compared with SegNet under the same conditions and has a similar or better
performance in terms of accuracy.

(@) (b)

Figure 2.14: Representation of ENet initial block at the left image and its bottleneck
module at the right [23].

BiSeNet

Bilateral Segmentation Network was proposed by Yu [25] and has two main parts, a
Spatial Path (SP) and a Context Path (CP). The rst one consists of three convolution
layers followed by batch normalization and ReLU and is responsible for preserving spatial
information and generate high resolution features. The latter uses a lightweight model
in order to obtain a large receptive eld and global average pooling to provide global
context information to the receptive eld.

As these two parts complement each other, since the rst one detects low-level fea-
tures and the second one high-level features, the authors used a Feature Fusion Module
in order to combine the features that both parts detect. An overview of this network
is presented in gure 2.15 and obtained a result of 68.4% mloU in the CityScapes test
data set at 105 FPS surpassing SegNet and ENet at both points.

ContextNet

Similarly to BiSeNet, ContextNet [26] combines a deep network to obtain a global context
of the image with a shallow network that captures high level features. The former
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Figure 2.15: Bilateral Segmentation Network Architecture representation [25].

receive a low resolution input and its structure combines two layers of convolution and
12 bottleneck residual blocks. The latter uses the full resolution image and consists in
four layers, where the rst one uses a standard convolution and the others use depth-wise
separable convolutions. The structure of this architecture is illustrated in gure 2.16.

In order not to increase the runtime, the authors decided to use feature addition to
merge the features from both branches. This network achieved better accuracy in class
and category mloU than SegNet and ENet with a framerate similar to the latter.

Figure 2.16: lllustration of the ContextNet architecture [26].

Fast S-CNN

Fast Semantic Segmentation Network combines ideas from two-branch and encoder-
decoder networks [27]. This network consists of a learning to downsample module,
followed by a global feature extractor and a feature fusion modules and ending with a
classi er, as presented in gure 2.17.

The former rst module has three layers, the rst being a standard convolution layer
and the the remaining depth-wise separable convolutional layers. The global feature
extractor consists of inverted residual bottleneck blocks followed by a pyramid pooling
module and captures the global context of the image. Feature Fusion Module combines
high level with low level features just by adding them in a similar way to what is done
in ContextNet and the nal module has two depth-wise separable convolutions and an
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standard convolution.

Fast S-CNN achieved 68.0% in class mloU, which is better than SegNet, ENet and
ContexNet and close to 71.4% of BiSeNet. Relatively to runtime this network outper-
formed all the others.

Figure 2.17: Overview of Fast S-CNN architecture [27].

LEDNet

LedNet is a lightweight network with an asymmetric encoder-decoder architecture with
less than 1 million parameters [28]. The encoder network is based in ResNet network
adding to this one a channel split and shu e in each residual block to decrease the
computation cost. In order not to increase the complexity of the network, the authors
used an attention pyramid network(APN) as decoder. An illustration of this architecture
is presented in gure 2.18.

The authors achieved a score of 70.6% mloU in terms of class and 87.1% in category
mloU and were able to run the model at 71 FPS. This network is 30x smaller than
SegNet.

Figure 2.18: Representation of the asymmetric encoder-decoder architecture of LEDNet
[28].

ESNet

The E cient Symmetric Network is a nearly symmetric encoder-decoder network with
around 1.6M parameters [29]. This networks is presented in gure 2.19 and the encoder
of this network contains 3 blocks, where each one consists of a down-sampling unit and
several Factorised Convolution units or Parallel Factorised Convolution Units in the case
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of the third block. The decoder is similar, consisting of two blocks, identical to the rst
two of the encoder, however the down-sampling is replaced by an up-sampling unit.

In terms of segmentation accuracy, this network showed better results than SegNet
and ENet while approaching the frame rate achieved by the latter, even having about 5
times more parameters.

Figure 2.19: ESNet architecture overview [29].

Table 2.1: Architectures comparision. *validation set of PASCAL VOC 2011

Parameters Class mloU (% on

Architecture (millions)  CityScapes Validation Set)

FCN 134.5 56.0*
ENet 0.4 58.3
SegNet 29.5 56.1
BiSeNet 49.0 74.7
ContextNet 0.9 66.1
Fast S-CNN 1.1 68.0
LedNet 0.9 70.6
ESNet 1.6 70.7

2.3.3 Datasets for Image Segmentation
Camvid

CamVid is a dataset for road segmentation that consists of 700 per-pixel labelled images
with a resolution of 960x720 . There are 32 semantic classes but normally only eleven
classes are used such as building, road or car [30] The main disadvantages of this dataset
is that it is too small, the images are low resolution and there is not much variation of
environments and weather conditions.
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CityScapes

The CityScapes dataset is larger than the previous dataset, with 5000 annotated images
with ne annotations and a resolution of 2048x1024. This data set has 19 classes and
the images were captured in di erent cities of Germany during di erent seasons [31].

ApolloScape

The ApolloScape dataset features about 140K pixel-level semantic labelling images col-
lected in 4 regions of China. This dataset also has about 90K images with instance-level
annotations and its images have a resolution of 3384x2710 [32].

Berkeley DeepDrive

Berkeley DeepDrive, as known as BDD10O0OK, is one of the largest datasets with 100k
videos with a resolution of 720p. Similarly to the previous datasets, the images were
recorded through di erent weather conditions and provides ne-grained pixel level an-
notations for 10k images, where 7K are for the training process, 1K for validation and
2K for testing [33].

Mapillary Vistas

This dataset consists of images from almost all continents with a minimum resolution of
192001080. It has 25K images in di erent conditions, where about 90% of the images
are from urban areas and the rest from highways, rural areas or o -road [34].

Audi Autonomous Driving Dataset

Similar to some of the datasets mentioned above, this dataset contains images collected
in various road scenarios and weather conditions. It was collected in southern German
cities and contains more than 41K of segmented images with a resolution of 19001208
pixels, where about 31K come from the front camera of the car and the rest are similarly
distributed to the other cameras present in the car [35].

2.4 Related Work Developed at LAR

ATLASCAR?Z is part of a project that has been under development during the last years,
and di erent types of classi ers have already been developed.

One of them [36] tried to take advantage of networks with Deep Learning and focused
on the detection of pedestrians and cars on the public road. Taking into account the need
to do the classi cation in real time, the author opted for a SqueezeNet-based architecture,
and compared his model with other detectors such as the SSD and YOLO. The author
made a separate car and pedestrian detection evaluation, and subsequently merged both,
in which the model achieved an average accuracy of 43.2% using the KITTI evaluation
method.

Another of the most recent works [37] has focused on detecting the limits of the
road. Two cameras mounted on the car were used, a multi-camera and multi-algorithm
architecture was developed, and the author created a ROS package to detect road lines,

Ruben Daniel Ferreira da Costa Master Degree



22 2.Related Work and State of the Art

Table 2.2: Workstation Speci cations.

Dataset Image resolution forl\é:g:mr:]eaﬁzzon Di erent Scenarious
CamVid 960x720 700 No
CityScapes 2048x1024 5k Yes
ApolloScape 3384x2710 140k Yes
BDD100K 1280x720 100k Yes
Mapillary Vistas 1920x1080 25k Yes
A2D2 1920x1208 41k Yes

where the detection of lines is done through the application of a colour threshold and a
Sobel Edge Detector.

In addition, some deep learning models were explored for the detection of road lines
and road segmentation, where very interesting results were obtained, especially concern-
ing the depth of detection of road lines. A combination of classic techniques and modern
approaches explored by the author is presented in gure 2.20.

As mentioned in 2.2.3, the in uence of several training parameters on the perfor-
mance of the nal model was also studied by members of LAR. Among the experiments
performed, the authors highlighted that changes in datasets, loss functions, optimizers or
the application of other techniques such as data augmentation can have a great impact
on the accuracy of a segmentation model.

2.5 Related Work Developed in Similar Projects

While for a driver rear and side-view mirrors are essential for safer driving, cameras are
the most accurate way to create a visual representation of the environment around a
car. Waymo [38], the company from Google's autonomous car project, uses in its cars
a series of peripheral cameras and a 360 vision system that allows the vehicle to have
the perception of what is around it by detecting pedestrians and tra ¢ signs up to 500
meters away.

The purpose of this dissertation is to create a system that allows ATLASCAR2 to
perceive everything around it. In order to be able to visualize the environment, it is
intended to take advantage of a ring of cameras that is currently under development,
which will consist of a set of cameras with a eld of view of 60 degrees each. As
mentioned in [39], the use of several cameras instead of single front cameras is much
safer for autonomous driving since that, to drive safely, a car needs to be aware of
everything around it. Brown et al. [40] presented a way to create panoramic images
through individual images using Invariant Features. The authors initially extract SIFT
features from all images and calculate which images have most features in common.
After these tasks the RANSAC is used to obtain the homography, and a probabilistic
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Figure 2.20: Combination of classic techniques and modern approaches to road detection
[37]. The upper left image is relative to the application of a classic method while the
one on the right is the result of applying a model that uses Deep Learning. The lower
left image shows the combination of road detection using the two methods and the right
image shows the con dence map resulting from the combination of the two methods.

model is used to nd consistent image matches. A process similar to this was also used
in [41] and in [42] di erent ways of performing image stitching are discussed. In chapter
4 the system developed for the creation of our panoramic images is presented.

In article [43], a system was created in order to detect the obstacles around the
car using stereo vision. Two Ricoh Theta cameras were used to create a spherical
panoramic image and the authors proposed an obstacle detection algorithm using depth
estimation. However, in this work, the type of obstacles was not di erentiated and the
authors pointed out as possible improvements the inclusion of the detection of road
marks, tra c signs and road detection.

In [39], the authors presented the sensor setup that allowed them to acquire data
about driving, the environment around the car and the driving route to the destination.
Through the developed setup, a dataset with 60 hours of driving data was created on
Swiss roads. The Drive360 dataset contains images of the 8 GoPro Hero 5 cameras
positioned on the roof of the car rotated 4%, map data for navigation and driving
manoeuvres captured via the CAN bus. The authors also created their driving model
and made the comparison between single and surround view, with the second method
performing better overall.

It was also studied in [44] the e ect of the use of panoramic images in the process
of segmentation on board autonomous cars. For that, a dataset of panoramic images
was created with images generated by computer graphics previously combined as can be
seen in gure 2.21 .The authors found that there was a need to train the model with
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panoramic images to achieve better results, the images with a 180 degree eld of view
having the greatest bene t.

Figure 2.21: lllustration of the creation of a synthetic dataset by stitching individual
images.

A Panoramic Annular Semantic Segmentation framework were presented in [45].
The authors used Mapillary Vistas dataset making small changes in the images so that
the model could generalize to the panoramic images. For validation, the authors used
the Mapillary Vistas Validation set and a panoramic testing set, which was created
by collecting the images with a Panoramic Annular Lens system with about 400 nely
annotated images for 4 classes. For validation, the authors used the Mapillary Vistas
Validation set and a panoramic testing set, which was created by collecting the images
with a Panoramic Annular Lens system[11] with about 400 nely annotated images for 4
classes. In the deployment phase, the panoramic image obtained is unfolded and divided
into several segments that are given as input to the model. The resulting features maps
are put together later in order to obtain a nal panorama segmentation map. The
authors studied the in uence of the image division on these segments and realised that
smaller classes needed more segments. Some examples of segmentation of the panoramic
images are presented in gure 2.22.

Figure 2.22: Results of the segmentation of panoramic images presented in [45]. The
rst picture is a raw panoramic annular image, the middle one is the unfolded panoramic
image and the last one is a segmentation map.
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Authors in [46] evaluated the in uence of data augmentation techniques related to
skew and gamma correction, in order to create a more robust model to light variations
and to the perspectives of the collected images. The authors used images from three
NVIDIA GMSL 100° cameras and generated the panoramic images by stitching the
individual images. ENet architecture was adopted and the models were rst trained on
the Cityscapes dataset and then ne-tuned in a dataset created by the authors. The
Gamma correction was most noticeable when the validation dataset was the one created
by the authors as it has more shadows with an improvement of up to 3.5% on mloU, while
the skew corrections were more relevant to the images collected by the side cameras. An
example of the type of results obtained by the authors can be seen in gure 2.23

Figure 2.23: Panoramic image segmentation performed in [46].

In [47], the authors created a dataset of spherical panoramic images, collected by a
ladybug5, to detect cars, people, lines or tra ¢ signs present on the public road. With
the creation of this dataset, the authors tried to evaluate how some of the main networks
used in the detection of objects performed when trained with the Pano-RSOD, and the
algorithm that obtained the best results was the YOLOv3. After this evaluation, the
authors compared how the training with the created dataset had an in uence on the
results obtained and compared the performance of nets trained in other datasets, and
none of them was close to the results obtained with the RSOD-textit.

2.6 Summary

Throughout this chapter the main areas of development in this dissertation were pre-
sented. The state of the art in image detection was described, introducing some general
concepts about deep learning and exploring the eld of image segmentation, referring
to some architectures and datasets that allow us to create models for it. Finally, some
works related to the Atlas project were mentioned and other projects that use panoramic
images for road segmentation and objects on board autonomous vehicles were also pre-
sented.
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Chapter 3

Experimental infrastructure

This chapter describes in detail the hardware and software used in this dissertation.
Regarding the hardware, the cameras used, the server where the models were trained
and also one of the GPU options to make the model inference are presented. In the second
section, the software used to create the panoramic images and to train and process the
models is introduced.

3.1 Hardware

3.1.1 Logitech C270 HD Webcam

The cameras chosen for this dissertation were the Logitech C270 and can capture video
at a resolution of 1280x720 at 30fps with a 69 Field of View. These cameras have been
selected for their quality/price ratio and their small size, allowing their use in the camera
ring being developed also within the atlas project. A picture of this camera is shown in
gure 3.1.

Figure 3.1: Logitech C270 HD Webcam.

3.1.2 LAR Workstation

For the training process of the models was used the new workstation of LAR (Laborabrio
de Automacao e Rolotica), which was developed for deep learning. The access to this
workstation is done remotely by SSH and some characteristics of this computer as well
as a picture of it are presented in table 3.1 and gure 3.2, respectively.
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Table 3.1: Workstation Speci cations.

Processor AMD Threadripper 2850 Extreme
Graphic Board 4 x NVIDIA RTX2080TI
Memory 28GB DDR4 RAM
Storage 512GB SSD + 4TB HDD + 4TB SSD

Figure 3.2: LAR Workstation.

3.1.3 Jetson AGX Xavier Developer Kit

One of the objectives of this dissertation is the selection of a hardware that allows us to
make the inference of our models. Jetson AGX Xavier Developer Kit was chosen for this
task, since this hardware was recently used in a data matrix identi cation project [48]
using Deep Learning networks by one of the LAR researchers and is currently available.
The NVIDIA Jetson AGX Xavier, presented in gure 3.3, enables the performance of a
GPU workstation in an embedded module under 30W and with a very small size, being
ideal for robots or other autonomous projects.

3.2 Software

3.2.1 ROS - Robot Operating System

Robot Operating System is an open source framework that enables the development
of collaborative software for robots [49]. In the ROS environment there are di erent
modules, called nodes, that communicate with each other through messages and for
communication it is necessary that the messages are published in topics. In addition,
two nodes can communicate synchronously via ROS services, where there is a request
message from one node to which a reply message is sent by the other.

ROS presents the possibility of recording topics in rosbags during data acquisition,
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