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Abstract

In the last three decades, we have assisted to an accelerated growth of intelligent systems
for automated driving. These advancements are pushed by the idea of reducing traffic accidents
and by critical economic impacts.

Advanced Driving Assistance Systems (ADAS) are nowadays readily available even in
small and cheap car models. Autonomous lane keeping and adaptive cruise control are just
some examples. Moreover, the automotive industry and many technology developers are
working on highly-automated vehicles.

All these systems require complete knowledge of the vehicle surroundings. In this sce-
nario, computer vision based on the use of cameras plays a fundamental role since cameras are
cheap, easily integrable on a vehicle and they provide a considerable quantity of information.
The main drawback of these sensors is the amount of processing required for extracting useful
information from pixels. At the same time, space is one of the most exiguous resource on a car,
and this put a challenge in implementing computer vision techniques on resource-constrained
embedded platforms.

Highways and non-urban roads are well limited by lane markings. However, urban areas
are more complex scenarios where the drivable area could be delimited by lane markings,
parked cars, walls, and curbs. For these reasons, the use of ADAS is usually limited to highway
scenarios where markings are visible and the geometry of the road is regular.

The purpose of this research is to develop robust perception systems for autonomous
vehicle using computer vision methods able to run with real-time performance on an embedded
platform. The works in this field are focused on the specific problem of road boundaries
detection, in particular curbs and barriers. Both these structures represent an essential input
for many high-level applications (for instance: path-planning, ego-lane estimation, obstacle
avoidance, and localization) especially when lane markings are not present or when the
complexity of the scene is high. The main contributions of this research are: two innovative
approaches to curbs detection, one based on stereo vision and the other based on mono camera
and deep learning, and a new approach to road barriers detection with a stereo camera.

The approach to curbs detection based on stereo vision takes inspiration from methods
present in literature with the objective to increase detection quality and enabling the execution
in real-time on embedded hardware. It makes extensively use of Digital Elevation Map (DEM)
in order to search for specific height variations in the three-dimensional space. 3D models,
representing the shape and position of curbs with respect to the vehicle, are extracted from
the elevation map and a tracking system temporally integrates the measures. Quantitative and



qualitative analysis demonstrated the reliability of the system. Furthermore, this approach was
successfully used as input for many high-level applications on a highly-automated vehicle.

The second approach to curbs detection is born from the need to overcome the limitations
of stereo-based approaches. For this reason, a different method, based on deep learning and
mono camera was chosen, not much work has been done in this field so far. Curbs detection
is in this case addressed as a semantic segmentation problem, and a very light-weight model
has been trained with promising results: the detection range is increased with respect to stereo
vision methods and moreover, this algorithm provides robust results even in poor lighting
conditions.

With respect of the approaches in literature, which are focused on specific structures, in
this work barriers detection problem is addressed in its most generic meaning: detecting all
the vertical structures defining road or driving corridor borders. Walls, guard-rails, fences
and hedges are just some examples of the structures that fall into this category. In order to
save computation time, this algorithm is designed to share its processing with the stereo-based
curbs detection algorithm. The reliability of the proposed algorithm was proven with extensive
tests in a real-world scenario and barriers were successfully used as input for path planning.
This algorithm was able to run in real-time on an embedded platform together with the curbs
detection algorithm, in this way a wide range of structures can be detected with a minimal
computation impact.

During this research, emerged that several constraints accompany the process of devel-
oping computer vision solutions for the automotive industry: reliable and robust results are
required as well as methods for handling adverse environmental conditions. Moreover, the
software has to be designed in order to require as little as hardware as possible.
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Chapter 1

Introduction

In the last thirty years advancements in sensors, perception algorithms and low-cost
embedded processors have resulted in an accelerated growth of intelligent systems for

vehicle technology.

These technologies are designed in order to save lives, reducing the number of
traffic accidents, and to help the driver improving its confront. Since most of the
automobile accidents are due to driver errors (such as aggressive driving, use of drugs
and alcohol, inexperience), self-driving cars could drastically reduce the number of

accidents helping to save thousands of lives.

Another source of saving is represented by the time spent in the car: with self-
driving cars, people will be free to do other activities than driving, for instance:
working, napping, reading or simply relax and enjoy the travel. In 2017, 3.1 trillions
of vehicle miles were traveled in the U.S [4], that is more or less 10,000 miles per
person every year. Assuming that the average travel speed is 60 miles per hour and
that each vehicle holds only one person at a time, this translates to around 163 hours
spent in the car per person and a total of 53 billion hours. Hypothesize that the value
of the time spent on the car doing what we want instead of driving is about 2$, this
would imply a saving of $100 billion every single year. Moreover, considering fewer
conservatives assumptions, like 5$ hour value and a more realistic average speed of

30 miles per hour the saving can reach 500 billion dollars.
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Self-driving cars will make driving more efficient also in terms of better traffic flow
and less fuel consumption. Since cars will be automated there will be less possibility
of accidents caused by human error and therefore fewer congestions and traffic jams.
Other benefits are related to an increased energy efficiency: a significant saving in
fuel expenses can be achieved by systems able to control vehicle speed, keeping it
constant and, when it is necessary, optimizing acceleration and braking profiles.

Autonomous lane keeping and adaptive cruise control are just some of the most
widespread systems that are now readily available even in small and cheap car models.
They can either warn the driver in case of dangerous situations (e.g. lane departure
warning and blind spot detection) or they can control the steering wheel and the brake
in order to avoid collisions (e.g., adaptive cruise control and advanced emergency
braking system). Moreover, many car makers, technology developers, and original
equipment manufacturer (OEM) are working on automated vehicles requiring little or

no human interaction.

All the systems mentioned above rely on a complete knowledge of the vehicle
environment. Therefore the analysis and comprehension of the road scenario are one
of the most critical and complex tasks for an advanced driving assistance system
(ADAS) or an autonomous vehicle. This means to detect all the information related
to the road (locate its boundaries and determinate the position and orientation of the
ego-vehicle inside it) and to the other road users (e.g., cars and pedestrians). A robust
and precise model of the driving space is the basis for many high-level applications
such as path planning, lane keeping and departure warning, adaptive cruise control,
and collision avoidance.

In this field, artificial vision plays a fundamental role because, with respect to
other sensors such as RADAR and laser scanners, it brings many advantages: high
information content, low power consumption, low cost and simple integration inside
the vehicle. Furthermore, many road features, like lane markings and traffic signs,
have only visual properties.

Unfortunately, the main drawback of camera sensors is the amount of processing
required for extracting useful information from pixels. In the case of ADAS or self-

driving cars prototypes, it is possible to use a standard general-purpose PC located
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in the vehicle trunk. However, space is an exiguous resource in a car and, in a final
product, the perception system has to be invisible, and it has to share the available
space with other units. High accuracy requirements lead to the use of computationally-
intensive computer vision techniques, and this puts a challenge in implementing them
on resource-constrained embedded platforms. Therefore perception algorithms have
to be designed in a way that requires as little hardware as possible.

The purpose of this research is to develop robust perception systems for au-
tonomous vehicle using computer vision methods able to run with real-time perfor-
mance on an embedded platform. The works in this field are focused on the specific

problem of barriers and curbs detection.

1.1 Motivation and Problem Statement

Road environment reconstruction is one of the most relevant topics for self-driving
car and ADAS. Lane departure warning (LDW) and lane keeping (LK) are just some
examples of the technology with which many vehicles are equipped nowadays. LDW
systems monitor the ego-vehicle position inside the lane and, in case of dangerous
situations, they can warn the driver. LK systems instead are also able to take control of
the car in order to reduce or avoid the damage to its occupants. Other systems, called
highway pilot, can keep the safety distance from the vehicle ahead while driving in the
lane. However, all these systems require a complete an accurate scene understanding
and their use is limited to well-structured roads with visible lane markings, clear
weather, and sufficient illumination conditions.

Highways and non-urban roads are, in general, well limited by lane markings.
However, urban areas are more complex and the drivable space could be delimited by
lane markings, parked cars, walls, fences, hedges and curbs of quite different heights.
The reliability and the accuracy of a perception system based on computer vision are
also strongly influenced by illumination and weather conditions as well as the large
variety of street configurations. In figure 1.1 are showed some examples of challenging
conditions.

Since the level of vehicle autonomy is proportional to the robustness of the
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(a) reflection (b) rain (c) traffic

(d) night (e) snow (f) unmarked road

Figure 1.1: Some examples of challenging conditions taken from the Berkeley Deep
Drive dataset [1].

perception system, it is necessary to develop algorithms for reliable detection of

generic road edges able to deal with all the possible adversities.

1.1.1 Motivation for Curbs Detection

One of the most widespread structures that are usually present in urban scenarios is
curb. They delimit road boundaries, for instance in the form of sidewalks, traffic isles
or roundabouts, as shown in figure 1.2.

They can be used as input for center lane estimation and path planning. Curbs
are also an essential feature for the localization task: some fully autonomous cars [5]
use a pre-built map of the environment that they match against the detected curbs in
order to estimate the vehicle pose. These techniques are able to obtain an accurate
pose estimation even in the absence of a GPS signal, for instance in the presence of
buildings and trees. Curbs are also a separator between road and sidewalks, so they

can also give useful information for pedestrian detection.



1.1. Motivation and Problem Statement 5

(a) sidewalk (b) road delimiter (c) traffic isle

Figure 1.2: Examples of curbs representing road limits (from the Berkeley Deep Drive
dataset [1]).

This kind of delimiters is usually not detected by the standard object detectors,
because of their low height. Most of the obstacles detectors, in order to be robust to
the noise, require to manage just obstacles with a minimum height, as in [6]. Also,
a v-disparity approach [7] is not suitable for curbs detection since it has difficulty in
identifying low objects since there is not sufficient data for the vertical histogram.
Moreover, near intersections and pedestrian crossings, curbs tends to be fragmented
in short segments which make the detection very difficult. Curbs detection is also
a harder problem than lane detection since the contrast between curbs and road or
sidewalks may not be very pronounced and can significantly vary due to different
height profiles and colors along the curb. Specialized and sophisticated algorithms
are therefore necessary.

1.1.2 Motivation for Barriers Detection

Among the various free space delimiters also the detection of road barriers is useful
for a significant number of applications. The term barrier includes all those vertical
structures that help to delimit the free space. Some examples of barriers are shown
in figure 1.3. Guard-rails, wall, fences, and hedge are natural road delimiters while
standing, or parked vehicles can be used to estimate a driving corridor for unmarked

roads of when markers on the ground cannot be detected.
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(d) hedge (e) standing vehicles (f) guard-rail and wall

Figure 1.3: Examples of barriers representing road limits (from the Berkeley Deep
Drive dataset [1]).

In some autonomous driving vehicles, like the one described in [8], barriers are
fused with lanes in order to obtain the ego lane estimation. These kind of boundaries
are very challenging to detect because they exhibit a high variety in visual appearance,

so there is the need for a system that can detect generic road edges.

1.2 Contribution and Thesis Outline

The aim of this work is the development of innovative algorithms for barriers and
curbs detection both designed to run efficiently on low-cost embedded hardware.

The main contributions of this work are:

* development of a stereo vision based curbs detection algorithm which has the
objective of increasing reliability and range of detection with respect to state
of the art methods. Moreover, this method is developed in order to be executed

on an embedded platform;
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* stereo vision based technique for the detection of road barriers. With respect
to the state of the art methods that are focused on specific structures, in this
research, the problem is addressed in order to detect generic structures. This
algorithm is developed specifically to be executed on an embedded platform

with a minimum computational impact;

* development of a monocular curbs detection algorithm based on deep learning
techniques with the objective of overcoming the limitation of the stereo visions
methods. Curbs detection is addressed as a semantic segmentation problem,
this kind of approach has not yet studied.

The rest of this thesis is structured as follows:

* Chapter 2: provides background concepts and literature overview of previous

works in these fields;

» Chapter 3: describes the proposed stereovision-based approach for curbs detec-

tion;
* Chapter 4: a presentation of the algorithm for barriers detection;

* Chapter 5: describes the monocular curbs detection algorithm based on deep

learning;

* Chapter 6: concludes this thesis with outlines and future work.






Chapter 2
Background

In this chapter related works on curbs and barriers detection are reviewed.

Since the proposed stereovision-based curbs and barriers detection algorithms
make extensively use of Digital Elevation Map (DEM), the literature regarding this
kind of 3D environment representation structure will be reviewed.

Deep learning-based state of the art solutions for image segmentation will be
presented as well since they represent the basic concepts for the development of the

monocular curbs detection algorithm.

2.1 Digital Elevation Map

Grid-based approaches play a fundamental role in the representation of vehicle 3D
environment which includes road boundaries, free space, both static and dynamic
obstacles.

DEM and occupancy grids are the most famous representation techniques in the
literature. These structures represent a portion of the three-dimensional environment
by mean of a horizontal grid, divided into cells, where each one stores information
about its portion of the 3D space.

Occupancy grids were originally proposed by Elfes [9]: in this representation,

every cell in the grid contains a random variable representing the likelihood of the
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cell to be free or occupied.

DEMs are, instead, a height-based representation of the environment: every cell
can store a set of height-related statistics like minimum, maximum or average height.
DEMs are sometimes also described as having 2.5 dimensions since the description
is not complete: for instance tunnels, tree branch and bridges cannot be completely
represented.

One of the major contributions for the DEM based approach was proposed by
Oniga [10], where a system for road surface and obstacle detection is described. Since
DEM can be large data structures representing a vast portion of the space, they can
be used for terrain mapping [11] even in unstructured environment [12] and also in
the case of planetary surface exploration [13]. In [14] 3D grid mapping is used to
find traversable and non-traversable regions. DEMs are also suitable for low obstacles
detection, like curbs or traffic isles [15, 16, 10]. The use of DEM for curbs detection
will be described in details further on. DEMs can also be used for indoor pedestrian
tracking as described in [17].

One of the major benefits introduced by the DEM-based approach is the versatility:
DEM can be used for a wide variety of applications, and they can be built in real-
time using the vast majority of 3D sensors. Moreover, maps, in general, allow to
consider the sensor specific noise model, so they are also suitable for applications of
multi-sensors data fusion [18].

It is possible to define DEM over different coordinates system. The most common
approach is to describe the DEM in a Cartesian space, assigning a constant length and
width to every cell. These maps are easy to handle; however, they have the drawback
that image projection of distant cells is too small and they tend to be empty since
only a few disparities measures are associated with them. As an alternative, grids
can be defined in the column disparity space (u,d), with this representation the effect
of empty cells is intrinsically handled since, the image, all the cells have a constant
dimension. Moreover, any cell does not lie outside the camera field of view. These
two different methods are shown in figure 2.1.

In [19] it is proposed a stochastic approach to evaluate generic discrete represen-

tations of the three-dimensional world consisting on a comparison between a local
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(a) Cartesian DEM (b) column disparity DEM

Figure 2.1: a Cartesian DEM (left) and a column disparity DEM (right) from the
bird-eye-view. The red triangle represents the field of view (FOV) of the camera. It is
possible to notice how all the cells of the (i, d)-space DEM are inside the FOV and
how the problem of empty cells is intrinsically handled.

perceived representation with the corresponding previously computed ground truth.
Accurate depth sensing and precise localization are used to generate the ground truth.

DEMs and stereo vision data are used as a test case.

One of the major drawbacks of DEM representation is that, when they are built
using minimum, maximum or average height of the points inside the cell, structures
such as tunnels and bridges cannot be appropriately modeled. In [20] is presented a
building algorithm which looks for gaps in the vertical structures. Another extension
is proposed by Triebel et al [21] wherein each cell a set of surface patches are stored. In
order to achieve a robust classification of traversable space, some approaches [22, 23]

use a combination of occupancy grids and DEM.

In [24], Danescu et al. propose a particle-based dynamic elevation map in which
every cell of the map stores its height and also a probability distribution of the speed
in order to classify dynamic obstacles correctly. A set of particles is used to represent
the map; every particle maintains height, position and speed measures. Particles can
move from one cell to another on the basis of their speed vectors. They can also

be created, destroyed and multiplied employing an importance-resampling technique



12 Chapter 2. Background

driven by stereo vision sensor measurement data.

2.2 Related Work

In this section, related works on curbs and barriers detection will be reviewed.

2.2.1 State of the Art on Curbs Detection

In unmarked and urban roads, the detection of curbs is a fundamental element for
both ADAS and self-driving car perception systems since they define road borders in
most of the driving scenarios. Curbs are also essential features for vehicle localization
task since they can provide, for instance, the location of sidewalks, intersections or
roundabouts when the presence of trees or buildings occludes the GPS signal. In
[25] a localization method based on curbs detection is proposed: curbs are detected
using a laser scanner, which provides a 3D point cloud, and are then used as input
of a Monte Carlo localization algorithm [26] able to produce an accurate estimate of
the vehicle position even in the absence of GPS signal. In [5] is described a robotic
architecture of a self-driving car: its localization module uses a pre-built map of the
vehicle environment, measured curbs are matched against the map in order to get an
estimation the vehicle position.

Curbs can be on both sides of the road, in this case, they are usually a long
continuous structure parallel to lane markings. However, at intersections, roundabouts
or pedestrian crossing, they can be made of different shorts segments, these situations
make curbs detection a challenging task. Moreover, because of their low height, it
is not possible to use standard object detectors, such as Stixels [6] or V-disparity
[7], since they need to model object with certain a minimum height in order to be
robust to noise artifact. Curbs detection is also a harder problem with respect to lane
perception, since the contrast between curbs and road or sidewalks may not be very
definite and can significantly vary due to different materials, height profiles and color
patterns along the curb.

For these reasons, several approaches have been developed to address this task

explicitly.
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The algorithm proposed by Se and Brady in [27] is probably one of the first
methods addressing curbs detection task. This algorithm detects curbs from clusters
of parallel straight lines in the 2D image by mean of Hough transformation. Edge points
that serve as input to the Hough transformation are detected using the Canny edge
detector [28]. In [29] curbs are extracted with a texture based filter: the algorithm uses
local binary patterns because of their accuracy on segmentation and for their suitability
to be ported on an embedded platform, and a neural network as a classifier. Prinet et
al. [30] propose a curbs detection algorithm based on a mono camera with fish-eye
lens. Curbs are modeled using both visual features and geometric characteristic: an
SVM classifier is firstly used to locate curbs on the image space, the 3D geometry
is then estimated by making assumptions about the scene and the camera. Temporal
integration is used to filter out false positives. With respect to other methods, mono
camera based algorithms allow detections at more considerable distances, but they
are susceptible to false positives typically caused by edges in the image, such as lane

markings, shadows or cracks on the road.

For these reasons, the work in [27] was extended in [31] by Turchetto and Man-
duchi adding 3D information obtained from stereo vision. The Hough accumulator is
now weighted by a function proportional to the scalar product of brightness gradient
and 3D elevation gradient. In [32] the weighted function is further extended with
the introduction of a more sophisticated weight function considering the estimated
surface curvature as well. Enzweiler et al. [33] present a curb classifier that operates
on both 3D data from stereo vision and 2D intensity image where a classifier based
local receptive field features is used in conjunction with a multi-layer neural network.
Classifier results are then used as an additional input on a lane detection system. In
[34], a method for low obstacles detection (including curbs) based on the merging of
3D and 2D information is presented. A combination of intensity and 3D features is
used in order to extract candidate obstacles. Candidates are then tracked, clustered and
used for spline fitting. In [35] stereo vision is used to detect a flat area with v-disparity.
In that flat area, a 16-dimensional descriptor, based appearance, geometry, and 3D
information, is used to describe curbs that are classified with SVM. Curbs are then

used for road and sidewalk detection. Approaches which use 3D information from
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stereo vision in conjunction with visual features are less sensitive to false positives
and allow detections to larger distances, however, they suffer from vast computing
time. Nonetheless, stereo vision systems are cost-efficient and can provide 2D and 3D

information.

In [36] is presented a purely stereovision based method for step detection in the
field of mobility aids for visually impaired people. This method estimates a piecewise
planar model of the scene and a tensor voting technique is applied for finding globally
consistent normals, and plane segments are then extracted with clustering. Fernandez
et al. [37] extract curbs measures from a 3D point cloud gained with a stereo camera
using curvature features and Conditional Random Fields (CRF). Purely stereo vision
based algorithm suffer for a limited detection distance, but they are less sensitive to
false positives. Most of the purely stereo vision methods are based on the use of DEM,
since the curbs detection method presented in this work make extensively use of the

DEM these methods will be presented in detail in the next subsection.

Apart from stereo vision, input from other 3D sensors, such as laser scanners, are
possible. Since these sensors are more accurate than stereo cameras having low noise
levels and since they generally require less computational resources, extensive research
has focused on these sensors as well. Pollard et al. [38] use three LIDAR for a Personal
Mobility Vehicle (PMV). Curbs and steps are detected with the analysis of altitude first
derivative. In [39] curbs are obtained from successive readings of a 2D laser scanner
measurement system. A system based on the extended Kalman filter system is used
to filter and segment input data simultaneously. In [40] an omnidirectional LIDAR
with 64 beams is used: dense height images are built on laser measurements, with this
compact representation, curbs are detected by edge filters. An expected road model
is then used to match the extracted curbs measurements. Kellner et al. [41] present
and compare different segmentation and classification methods for the detection of
curbs features from a 3D laser scanner. Furthermore, it is described a grid architecture
where each cell of the map contains linear model parameters which locally describes
the detected curb.

Different frameworks where LIDAR are fused with mono cameras are proposed.
The approach described in [39] is extended by Kodagoda et al. [42] by adding a



2.2. Related Work 15

mono camera. In [43] 3D information from the laser is used to detect curbs searching
for a specific height variation, camera image is then used to expand the identified
curb along the brightness edge defined by it. Then curbs are tracked on the basis of
vehicle ego-motion. Tan et al. [44] proposed a curb detection algorithm based on
curbs geometric property, a color camera and Velodyne, which can detect curbs up to
30 meters.

Time of flight camera is used in [45], where it is proposed a modified version of
RANSAC, called Connected Component RANSAC (CC-RANSAC), where the fitting
score is the largest number of model inliers that are connected in the same set. The
improved CC-RanSaC is used to compute scene most relevant planes, and curbs are
defined as the boundary between planes.

There are different kind of models for representing curbs shape: linear models
[27, 31], polynomial [46, 47, 16], polylines [48] or splines [15]. Also non-parametric
models are possible [40, 43].

2.2.1.1 Digital Elevation Map for Curbs Detection

DEMs are used on a great number of works in the literature.

Maye et al. [49] present a curbs detection algorithm for pedestrian robot navigating
on urban environment: a piecewise planar model of the scene is constructed, and curbs
are detected as plane boundaries segments. In the first step, a DEM is built using 3D
measurements from a laser, in each cell is stored an error model. Planes are estimated
with a mixture of linear regression models on the DEM.

Siegemund et al. [46] propose a curb detection algorithm where curbs horizontal
and vertical geometry are extracted from a column-disparity DEM. Height measures
are assigned to a Conditional Random Field (CRF) which is aligned to the DEM. The
underlying idea is that even at great distances the average height levels of the curb
adjacent surfaces (for instance street and sidewalk) still differ. The curb is defined as
a third order polynomial dividing those adjacent surfaces. The approach is divided
into two steps. In the initial step a 3D point cloud, gained from the stereo camera, is
assigned to the curbs adjacent surfaces with belief propagation on the CRF. Surfaces

are then reconstructed in the second step. The work in [46] is extended in [16] where
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the 3D points from the stereo camera are classified as road or sidewalk using a
temporally integrated CRF based on the use of Kalman filter.

Michalke et al. [50] use a DEM built using stereo camera 3D measurements and
temporally integrated in order to reduce the noise. On the filtered DEM are then
applied odd Gabor filters in order to extract edges due to elevation change.

Oniga et al. conducted one of the most extensive works in the field of curbs
detection with DEM. In his first work [48] a DEM is built from the 3D stereo data.
Height variations are detected applying edge detection filters on the DEM. The 3D
noise is reduced employing of a multi-frame persistence map: edges are filtered with
vehicle ego-motion and only persistent points are kept. Edges are then used as input
for the Hough transformation, and segments and chain of segments are extracted from
the accumulator. The work was then extended in [47] where curbs are modeled as
cubic polynomials computed with a RANSAC approach. Vertical profile and height
from the ground are then extracted. In a later work [15] a cubic-spline model is used
instead. In [10] the DEM is used for detecting simultaneously road surface, obstacles
and sidewalks improving the detection using a density map.

2.2.2 State of the Art on Barriers Detection

The problem of road boundaries detection for autonomous vehicles and driver assis-
tance technologies has been studied for decades. Extensive work has been done for
lane markings and curbs detection. However, there are other kinds of objects that are
of particular interest for road boundaries detection: barriers. The term barrier includes
all those vertical structures, such as guard-rails, walls, fences, lines of standing vehi-
cles that help to delimit the free space or the driving corridor or that can act as an
additional input for lane keeping

In the literature, only a few publications have explicitly focused on the detection
of barriers so far.

Aufrere et al. [43] present an approach for detecting continuous structures (curbs,
barriers, and walls) alongside and in front of the vehicle. As for curbs, the 3D informa-
tion gained from a laser scanner is used to detect barriers searching for specific height

variations. The laser scanner is also used in [51] where it is presented an approach for



2.3. Deep Learning for Semantic Segmentation 17

the detection and classification of various types of safety barriers (for instance Jersey
or steel safety barriers).

Radar and mono camera are fused in [52] for the specific task of guard-rail
detection. The approach is divided into two steps. In the first step, edge detection is
applied to the input image, only the edges with an orientation comparable to a guard
rail are kept. During the second step, the algorithm analyzes the edges and, according
to their length, determines if the object is a guard rail or not. Only objects with speed
lower than Sm/s are considered for guard-rail detection.

Stereovision is used in [53] for lane and guard-rail detection. The lane surface
is firstly estimated, 3D points are then classified as belonging or not to the road
surface on the basis of the previously estimated lane model. Points lying above of
the lane surface are used for guard-rail detection. The points are analyzed through
lateral distance histograms: their maximum locate the guard-rail, results are then
temporally integrated to increase algorithm strength. Scharwachter et al.[54] propose
a guard-rail detection system for the specific case of highway scenario using a stereo
camera. A feature encoding method is combined with geometry information: candidate
guard-rails are localized in the image with Hough transformation, for each potential
guard-rail linearity constraints for depth and height are applied. Guard-rail appearance
information is encoded with a bag-of-feature representation.

Monocamera is used in [29] for guard-rail detection. This algorithm, in a similar
way to a structure from motion approach, tracks Harris features with the method of
Lucas and Kanade [55] extracting 3D information from them.

2.3 Deep Learning for Semantic Segmentation

The problem of semantic segmentation consists on assigning a meaningful class to
every pixel of the image, as the example shown in figure 2.2. Semantic segmentation
is a challenging task since it requires to combine dense pixel-level accuracy to multi-
scale reasoning. Complete scene understanding is one of the key tasks for computer
vision since nowadays many applications use image data. Some of these applications

include: autonomous driving [2, 3, 56, 57], medical analysis [58, 59], search engines
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[60, 61], human-machine interaction [62, 63] and so on.

Figure 2.2: An example of a pixel-level segmented image from Cityscapes dataset [2].

Other three main computer vision tasks are image-level classification, object
detection, and instance segmentation. Image-level classification means to treat the
image as a single category, while object detection refers to the localization and
recognition of different objects in the image and instance segmentation means to the
process of pixel-level recognition of multiple instances of different objects.

As described in [64], image segmentation task, can be formally expressed with the
following formulation: a state from a label space L = {/1, [, ..., [, } has to be assigned
to each element of a set of random variables y = {x, xy, ..., xx} where each label /;
represents a class (for example: traffic sign, road markings, sidewalk, pedestrian etc.)
and y is a 2D image.

Over the years have been developed an enormous number of techniques for image
segmentation and they can be divided into two main categories: deep learning methods
and traditional computer vision methods.

Before the deep learning revolution, traditional image segmentation methods used
hand-crafted features like HoG [65, 66], SIFT [67] or SURF [68], just to name a few.
There are also some edge-based segmentation techniques [69, 70]. Other classes
of methods use Markov Random Network or Conditional Random Fields and their
variations [71, 72, 73]. In the medical image domain, thresholding methods are

quite effective since images are usually in grayscale [74, 75, 76]. Some unsupervised
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algorithms, like for example k-means [77], are used to cluster similar pixels.

As with image classification, convolutional neural networks (CNN) have had enor-
mous success on segmentation problems since they surpassed, with a large margin,
traditional methods concerning both accuracy and efficiency.

Since CNN where initially designed for image classification problems, one of the
most popular earlier deep learning segmentation technique was based on a sliding
window classification approach where every pixel is separately labeled using a patch
of image around it [78, 79, 80, 81, 82, 83, 84], as shown on image 2.3. The image
is divided into many smaller patches which are treated as a classification problem.
However, these approaches ended up on very computationally expensive methods

since every pixel of the image requires to solve a separate classification problem.

Classify center pixel
Extract patch with CNN

Full image

Figure 2.3: Image segmentation with sliding window example.

From 2014 CNNs are adapted explicitly for segmentation and fully convolutional
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networks (FCN) [85] without fully-connected layers became very popular. In this
way, segmentation can be applied to any image size, and they are also much faster
with respect to sliding windows approaches. In the following years more or less all
the successive state-of-the-art techniques followed this approach. An example of this

network architecture is shown in figure 2.4.

Figure 2.4: Image segmentation with fully convolutional network architecture exam-

ple.

Rather than applying all the convolutions to the full resolution image, these nets
go through a small number of convolutional layers at the original resolution and then
downsample the feature map using max-pooling and strided convolutions. The first
part of the network consists of a series of downsampling and convolutions. A the end,
rather than transitioning to a fully-connected layer, the spatial resolution is increased
in the second half of the network. In this way, the output vector has the same size as
the input image. These architectures can be made very deep since they work at lower
spatial resolutions for may layers.

FCN [85] is the first work proposing the idea of replacing fully connected layers
with fully convolutional layer. In this architecture, the output size is the same of
input, which is an essential element for image segmentation. The model is trained

end-to-end: it takes as input arbitrary sized vectors and produces same size output.
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FCN adopted the VGG-Net [86] and, at that time, achieved the state of the art for the
dataset PASCAL VOC [87] with an inference time of one fifth of a second.

In [88] deconvolution network, which consists in deconvolution and un-pooling
layers, is introduced. Deconvolution is the opposite operation of convolution, and it
can recover the original input size.

According to [89] CNNs final layers responses are not sufficiently localized for
accurate object segmentation. For these reasons, fully-connected CRF are usually
combined with CNNs final layers.

Dilated convolutions [90, 89] were broadly applied in image segmentation tasks
in order to produce dense predictions. One kind of these networks is called dilated
residual networks (DRN) [91]: it can reduce artifacts produced by regular a dilated
convolution operation.

At the beginning of deep learning, many research used the VGG architecture [86]
as the network backbone. However other architectures have been developed. With the
release of ResNet [92], the semantic segmentation task known a new revolution. From
the intuition behind ResNet, it was possible to introduce new models which were able
to reach and surpass state-of-the-art performances by employing shallower and more
lightweight networks. The reduction of computational cost and memory footprint is
particularly critical for many real-time applications. ResNetXt [93] was presented as
the next generation of ResNet.

Also GoogleNet [94] has been further developed with Inception-v2, Inception-v3
[95], Inception-v4 and Inception-ResNet [96] architectures.






Chapter 3

Curbs Detection

In this chapter, the stereo vision based curbs detection algorithm will be described in
detail.

This work aims is to provide an accurate estimation of the shape and the posi-
tion of road curbs with respect to the ego vehicle. This algorithm works on urban
areas handling dynamic and static obstacles as well as complex road geometries like
intersection, curves, roundabouts and parking slots.

With respect to other stereo vision based approaches in literature, that usually have
a maximum detection range of 20m, this algorithm has an increased detection range
that allows its use as an essential input for ego-lane estimation, not only in low-speed
scenarios.

Furthermore, compared to other state of the art approaches, the algorithm is de-
signed in order to be efficient in terms of computing time and memory consumption
since it will be executed on embedded hardware. Moreover, the computational re-
sources must be shared with other algorithms in order to realize a highly automated
vehicle.

This chapter is organized as follows. Section 3.1 is an overview of the proposed
method for curbs detection based on stereovision. In Section 3.2 the coordinate frame
system and the chosen method for representing efficiently the 3D space will be de-

scribed. In Section 3.3 the 3D model for describing curbs position and shape is
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presented. Sections 3.4, 3.5 and 3.6 are respectively a detailed description of the
curbs detection algorithm main steps: the DEM building procedure and low-level
and high-level processing. Experimental results and benchmark procedure will be

analyzed in Section 3.7.

3.1 Algorithm Overview

The proposed algorithm takes inspiration from the work described in [47] which rely
on the idea that the main feature of curbs, in the three-dimensional space, is a sharp
elevation change.

A stereo camera is chosen as a sensor since it provides dense 3D data and it
can be easily integrated inside a car. Moreover, stereo camera data is shared between
several perception algorithms composing the autonomous system. In the test vehicle,
the sensor is mounted on the roof, beyond the windscreen, framing the space in front
of the car even at great distance.

Most of the processing is done considering a DEM-based representation of the
three-dimensional environment. The DEM structure compresses the 3D data in a grid:
it enables real-time processing and it has low memory footprint while it keeps the
connectivity between adjacent 3D locations. In every cell of the DEM, the minimum
height of all the points laying inside it is stored.

An overview of the proposed algorithm is shown in figure 3.1.

The algorithm can be divided in three main steps:

1. DEM building: the disparity image is taken as input, its measures are then
transformed in a 3D point cloud and arranged inside the DEM. A light obstacle

detector is used to remove most of the high obstacles from the DEM;

2. low-level processing: raw curbs measures are extracted from the DEM analyzing
elevation changes between adjacent cells. Raw features are then clustered in

groups of candidates;

3. high-level processing: performs model fitting on the curbs candidates. Previous

frame detections are then updated and used to perform temporal association on
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Previous
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Figure 3.1: Curbs detection algorithm overview: the disparity is taken as input and
it is then used to build the DEM-based representation of the 3D environment. Curbs
raw features are extracted from the DEM and, successively, 3D models are extracted

and temporally integrated.

the current candidates.

Algorithm output is represented by a list of the detected curbs with associated 3D

elevation profile and tracking information.

3.2 Environment Model

In this work, 3D points (x;, y;, z;) are expressed in the world coordinate system, which

is shown in figure 3.2. This system is placed on the ground in front of the car with the
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X axis pointing in the driving direction.

Figure 3.2: World reference system.

A Cartesian DEM aligned with xy-plane is considered, as shown in figure 3.3.

20m

40m |

25m )

Figure 3.3: Logarithmic DEM.

Since 3D points are more and more sparse as the distance grows, the DEM is built
considering logarithmically spaced cells. In this way, the density of points is kept
constant regardless of the distance. Cells length is a function of the distance and is

determined as follows:
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Jength(x) - { 0.25 x < 25.0 A
max(a *log(x),0.25) otherwise

The parameter « is chosen considering focal length, baseline and pitch of the stereo
pair. All the cells closer than 25m share a constant length of 0.25m, this is necessary
to ensure to not unify many real objects into a bigger one in closer distances.

Cell width is constant instead and fixed to 0.125m.

A DEM cell is represented by its bottom-left corner (r, ¢) and the height value &
stored inside it. There are numerous strategies to determine the final height measure-
ment A from all the values z; associated to the cell: in this work minimum height is
chosen for curbs in order to avoid floating objects, like trees or bridge, to overwrite

the curbs.

3.3 Curb 3D Model

There are different kind of models for representing curbs shape, in this work, a polyno-
mial model, as in [47], is chosen since it is a good trade-off between representational
power and generalization. The model has to be descriptive enough in order to model
different structures, such as sidewalks, roundabouts or traffic isles, but it also has to
be robust to outliers due to noise artifacts.

Therefore curbs are represented as 3D curves in the world coordinate system,

described by three features:

* horizontal profile: it is a cubic curve that describes the object in the xy-plane,

the algebraic form is:

3
§=Fx,p) =) pjx/ = po+pix+ pax? + pax’ (3.2)
j=0

however, since curbs can be horizontally oriented (for instance a roundabout in

front of the vehicle) a second kind of polynomial is possible:

3
xX=fnp)= ijy] = po+piy +pay’ + psy’ (3.3)
j=0
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an example of vertical and horizontal curbs in the xy-plane is depicted in figure
34

x=f(y)=p;y +p,y'+p,y+p,

w

Y:ffX1:P3X3+PzXZ+P|X+Pn

Figure 3.4: Curbs horizontal profile representation, in both vertical y = f(x, p) and

horizontal X = f(y, p) cases.

* vertical profile: it is a quadratic curve that describes the object in the xz-plane,
in the vertical case (figure 3.5a):

2

2= f(xp) = ), pix! = po+ prx+ pox’ (3.4)
Jj=0

or in the yz-plane, for horizontally oriented curbs (figure 3.5b):

2
2=f(.p) = ) Py = po+ piy + pay? (3.5)
7=0
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(a) Curbs vertical profile for the vertical (b) Curbs vertical profile for the horizontal
curb case curb case

Figure 3.5: Curbs vertical profile, in both vertical Z = f(x, p) (3.5a) and horizontal
Z = f(y,p) (3.5b) cases.

* height: represents the elevation of the curb with respect to the road.

The cubic polynomial model used for the horizontal profile allows curvatures and
curvature variations. Moreover, it is in accordance with the widely accepted clothoid
model for lane markings. It can correctly model longitudinal curbs like sidewalks
since their shape follows the boundary of the road and it also enables the detection of

more complex structures such as traffic isles.

3.4 DEM building

The structure of the DEM building block is shown in figure 3.6.

The algorithm takes as input a 1358x612 disparity image. In order to save com-
puting time, the image is then cropped to 1280x360 considering only the portion of
the scene representing the road as shown in figure 3.7. The disparity is obtained from
an implementation of the Semi-Global Matching algorithm [97].

Every pixel (u;, v;) in the rectified image, corresponding to a valid disparity value

dj, is triangulated in order to obtain its 3D coordinates (x;, y;, z;).
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Figure 3.6: Curbs detection DEM building step.

Camera coordinates are firstly obtained with the following equations:

b
yi = —(u; - uO)d_j

. ky, b
== —vo)

¢ ky d;

(3.6)

3.7)

(3.8)

Where (ug, vg) is the principal point, b is the baseline, k,, and k, are the focal

length.

World coordinates points are then obtained from the transformation mapping cam-

era coordinates into world coordinates, ie the rotation matrix " R. and the translation

(xW7 yw’ ZW)T'

3.9
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(b) Input DSI.

Figure 3.7: Algorithm input image and the DSI resulting of the SGM algorithm.
Disparity values are encoded with colors: green for close and red for far disparity

measurement.

A region of interest (ROI) of size 20mx40m in front of the vehicle is considered.
All the 3D points laying outside of the ROI are discarded. 3D points having z;
coordinate higher than 2m in absolute value are discarded as well, since they are out
of interest.

The 3D point is then assigned to its corresponding DEM cell (r, c). DEM cells
are represented by the minimum height £ of all the height values z; associated to the
cell. In addition, also the number of points is stored for every cell.

Empty cells are marked as invalid and they will not be considered in the further
processing steps.

The resulting DEM is shown in figure 3.8: different elevations are represented
with grayscale colors, 128 represents ground level while 255 represents cells 2m high
and O cells -2m high. Empty cells are represented in color.

The objects in the DEM can lead to small jumps in the height values which can
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Figure 3.8: Input DEM for curbs detection. Different elevations are represented with
gray scale colors, 128 represents ground level while 255 represents cells 2m high and

0 cells -2m high. Empty cells are represented in color.

generate false positives. Therefore an obstacle filter module is added. This filtering is
based on the idea presented in [10] where the expected road density is computed for
every cell C as the area of its trapezoidal projection on the image (depicted in figure
3.9):

erd(Csiope=409) = Cy * Cp (3.10)

The expected road density is computed considering a slope of 40%; the main idea
is that cells containing obstacles will have a higher density of points than the road. A
value of 40% for the slope is used in order to avoid uphills road to be considered as

obstacles.
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Figure 3.9: Projection of DEM cell in the right image

The classification rule for a cell C is:

obstacle, if point_num(C) > erd(C. —40%
state(C) _ p ( ) ( slope=40% ) (311)
ground, else
The cells classified as obstacles are marked as invalid and they will not be con-
sidered in the further processing steps.
This classification is not a real obstacle detector, but it helps to have raw filtering

of false positives due to other kinds of obstacles.

3.5 Low Level Processing

Curbs raw data extraction is based on the idea that curbs generate on the DEM sharply
height changes in the interval between 0.05m and 0.30m. However, the noise in the
image and in the 3D reconstruction can generate similar height variations, producing
a considerable number of false positives and making curbs raw data extraction a
challenging task.

Low-level processing steps are depicted in figure 3.10.

In order to reduce noise artifacts, a Gaussian filter on a 3x3 window is firstly

applied on the DEM minimum heights. The Gaussian filter has the disadvantage of
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Figure 3.10: Curbs detection low-level processing

smoothing height variations, making them less sharply. Therefore a median filter

would be more appropriate, however for performance reasons it is not applicable.
Since it is not possible to make hypothesis on curbs orientation, their raw features

are extracted computing height gradient in both horizontal and vertical direction. The

gradient g(r, c¢) for the cell (r, ¢) is computed as:

gx(r,c) =h(r+1,¢c)—h(r—1,c¢) 3.12)

gy(r,c) = h(r,c+1)—h(r,c—1) 3.13)

8(r.C) = \Jgu(r.)? + g,(r. )2 (3.14)
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Only gradient magnitudes included in the interval between 0.05m and 0.30m are
considered valid.

Ideally, the final result should have thin edges. Thus, non-maximum suppression
(NMS) is performed to thin out curbs candidates. Some edge detectors, like Canny
[28], perform the NMS step considering the direction of the gradient: i.e., the locations
with gradient pointing in the x-direction are compared to the locations above and
below. Since, for performance reasons, it is not possible to compute the gradient
direction for every cell location, the NMS is computed in both horizontal and vertical
direction. Are kept only edges that are maximum in the horizontal or vertical direction.
The remaining edges represent the locations with the highest height variations. In
figure 3.11 is depicted an example of detected edges.

Figure 3.11: Non-maxima suppression result where valid edges are highlighted with
red.

Valid edges are then grouped with a flood-fill algorithm on an 8N neighborhood.

The final result of the low-level processing is shown on the DEM and on the input

image in figure 3.12. It is possible to notice that a lot of false candidates are present,
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they are principally due to the noise in the 3D reconstruction and discontinuities
in the road pavement. Moreover, since the flood fill algorithm is limited to the 8N
neighborhood, real curbs can be fragmented in more than one candidate. Further

processing is therefore necessary.

(b) Raw curbs candidates on the input image.

(a) Raw curbs candi-
dates in the DEM ref-
erence frame.

Figure 3.12: Curbs detection low-level output, clusters of points are highlighted in

different colors.

3.6 High Level Processing

Once raw candidates are extracted a high-level processing block is executed in order
to filter additional false positives and to obtain a 3D model and tracking information.

Curbs candidates, which are represented by clusters of points (7, ¢) in the DEM
reference system, are transformed in the world coordinate system.
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High-level main steps are shown on figure 3.13.

l Raw Clusters

‘ Best Clusters Selection ‘

Best Candidates

%—‘ Temporal Association ‘

Tracked Candidates
A

‘ Merging ‘

Previous
Frame Curbs

Final Candidates

4
‘ Model Fitting ‘

i Curbs

Figure 3.13: Curbs detection high-level processing.

3.6.1 Best Clusters Selection

Since the output from the low-level block is affected by a large number of false
positives, it is necessary to preliminarily filter out some of them keeping only the
clusters that represent the best possible candidates.

It is possible to observe that the vast majority of the false positives, due to the
noise, generate little clusters characterized by a small set of 3D points while larger
clusters represent real curbs. For this reason, all the small clusters are considered

invalid.
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Among the remaining cluster, are kept only the most relevant, considering both
the size, in terms of the number of points, and their proximity to the ego-vehicle.

Since the DEM is logarithmically spaced, it is important to notice that it is possible
for a cluster at a great distance to be characterized by a low number of points while
representing a real curb. However, this filtering is a good trade-off since it is able to
filter out the majority of the noise. Some distant curbs could be erroneously discarded,
but this event is pretty rare and involves just very distant curbs.

3.6.2 Temporal Association

Past frame curbs are updated to the current one using vehicle ego-motion.
As shown in figure 3.14 a 3D point from the frame k — 1 can be transformed in the

current frame k if the translation %

el = (tx’,i_l, ty’]i_l, tzllz_l)T and the rotation angle

v are known.

A point pf~h = (xf 7Ly DT

is updated to the current reference frame

pr = (xk, yk, 25T with the transformation:

k-1

xi.‘ cos(y) =—sin(y) O\ [x;~ X,
yi=]sin(y) cos(y) Of[ ¥+ ev5 (3.15)
zf 0 0 1\ ez,

Past detections are updated considering four 3D points from the horizontal profile
model. These points are then updated to the current frame considering relation 3.15.
3D horizontal models are then recomputed in closed form from the updated points.
Vertical models are not updated since the association between current candidates and
past detections are made on the xy-plane only.

Now it is possible to associate current candidates with past detections. A new
candidate is said to be associated with a past detection if its points overlap the updated
past detection.

Past detections that are not associated with current measurement are kept updated
for some frames if there are no more new associations they will be discarded.

Current measurements that are not associated with past detections will be inserted

in the tracking system and will be available for the output. However, they are flagged
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Y

Ego vehicle on frame k - 1

Figure 3.14: Ego motion on the xy-plane

with a particular state indicating that the curb has been detected for a small period of
time.
The tracking state of past detections associated with current measures is updated.
Temporal integration helps to filter out some of the false positives due to disparity
noise since it is not constant in time. Moreover tracking information can be used as

an additional cue for high-level applications.

3.6.3 Merging

In this step possible merging between clusters are checked. This step is essential
since the low-level clustering is limited to the 8N neighborhood and curbs can be
fragmented in more than one candidate.

Tracked and non tracked candidates are iteratively analyzed to determine if a



40 Chapter 3. Curbs Detection

compatible candidate exists, if it is found their points are merged and the search
continues considering the new merged candidate.

Two clusters can be merged if all these three constraints are met:

1. their orientations must be compatible. Candidates orientation is computed con-
sidering the aspect ratio of their bounding box in the xy-plane, so they can be
divided in three main categories: vertically-oriented, horizontally-oriented and
diagonal candidates. Vertical and horizontal oriented candidates can be merged
only with other candidates of their type or with diagonal candidates. This is
necessary to ensure to have a selective merging, where it is not possible to

merge candidates that are representing different objects;

2. their extremities must be close: the last point of the reference candidate must be
close to the last point of the other candidate. Moreover, their connection angle

must be small;

3. their average elevation from the ground must be similar since two clusters with

different elevation change represent different objects.

If two tracked clusters are merged, they will result on a unique curb with the
tracking information inherited from the older of the two.

At the end of this step, remaining untracked candidates that are too small or too
distant are discarded.

The result of the merging step is shown in figure 3.15.

3.6.4 Model Fitting

In this step, 3D models are computed starting from the merged clusters.

As mentioned above there are two kinds of models: vertical and horizontal curbs.
During the fitting procedure, both are computed and the best one is chosen as the final
model.

For simplicity the fitting step will be described in the case of a vertical curb, the

procedure for horizontal curbs is entirely similar.
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Figure 3.15: Merged curbs candidates

3.6.4.1 Horizontal Profile

The model fitting step for the horizontal profile is done by solving the system of n
equations and 4 unknowns, where 7 is the number of points (x;, y;) of the candidate
and the 4 unknowns are the coefficients pg, p1, p> and ps3 of the cubic curve. For
vertical curbs the equations are in the form:

P3x; + pox? + pix; +po = yii = l.n (3.16)

And the system can be written as a matrix equation:

AX =B (3.17)

with:
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x? x% xp 1 3 V1

PR HWx=|” s=|" (3.18)
: : S P1 :
xox ox, 1 po Vn

Since the number of points is above 4 the system in (3.17) is overdetermined, and
it is solved in a least square fashion.

It is possible to have noise artifacts in the clusters and it is not reasonable to
assume that every observation should be treated equally. A weighted fitting is done
by assigning each data point to its deserved degree of importance in the parameter
estimation process by including weight factors.

So the error function is the sum of the weighted quadratic errors:

1 N
E(wp) = 5 ) wii(xip) = yo)’ (3.19)
i=1

where w; are the weights associated to the point (x;, y;).

By replacing 3.16 in 3.19 the cost function became:

N
1
E(w.p) = 5 ) wip3x; + pax; +pixi + po = i)’ (3.20)
i=1

For E(w, p) to have a minimum value, its partial derivatives with respect to the

unknowns parameters p; must be 0. The following system of equations must be solved:

SEw,p) _
ops 0
aEa(w,p) -0
P2
sEep _ (3.21)
pi
OE(w,p)
dpo

After writing explicitly each equation, the system in 3.21 becomes:
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Sinywixp Ziywix] XLywix} B wix?| [ps Tl wix}yi

Z?:l wix? Z?:l W[)C;-1 Z?zl Wix? Z?:1 Wix% D2 _ Z?:l Wix?yi (3.22)
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System 3.22 has 4 linear equation and 4 unknowns, therefore solving it is a trivial
algebra problem.
The weights are initialized considering the orientation of gradient, the shape of

the cluster and the elevation change:

1. firstly the gradient orientation of every point in the cluster is computed, if it is
concordant with the cluster main orientation the point will have a high weight;

otherwise the weight will be low:

1.0 if orientations are the same
w? =4 0.5 one of the two is diagonal (3.23)

0.0 otherwise
2. secondly the elevation change of every point is considered: if its value is close
to the cluster average elevation change an extra factor is added to the weight:

¢ = (3.24)

. 1.0 |z; —avg_z| <th
0.0 otherwise

Where th is the threshold defining the maximum difference between the eleva-

tion of the point and the average elevation of the cluster;

3. for vertically-oriented clusters the histogram of the distribution of the y; coor-
dinates is computed as in figure. The argmax y;,x is then found and the third

component of the weight is computed as:

1
d
wl=— (3.25)
' I+ |Ymax - yi|



44 Chapter 3. Curbs Detection

The same procedure is done for horizontally-oriented clusters considering the
distribution of x; coordinates instead. For diagonal clusters, the weight is fixed
to 1.0.

The normalized initialization value became:

wo + w¢ + w
wl=-Lt L L (3.26)
3
The weighted least squares is iterated 3 times. Weights are then updated after
every iteration considering the distance from the computed model. At the iteration n

the weight for the point i is computed as:

1

w?‘1(3 +n)+

n l1+e;
n— 3.27
i 4+n (3.27)
Where ¢; is the error for the point i:
ei = |yi =p3* xi %3 =py*xi*2 = p1*x; = pol (3.28)

The model is considered valid only if it has enough inliers. If the model is not
valid, the cluster is rejected.

3.6.4.2 Vertical Profile
Similarly, the vertical profile is computed in a least square fashion from the set of n
points (x;, z;):

pzx? + pi1Xxi +po = Zi,i =1..n (329)

Only the inliers of the horizontal profile are considered in this step.

The error function is:

N N
1 _ 1
E(p) =3 ;u(xi, P) =) =5 ) (paxi +pixi+po - ) (3.30)

i=1
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The minimum value of E(p) is computed solving the following system of equa-

tions:

SE(p) _
opy 0

OE(p) _
%D — g (3.31)

OE(P)
9po

Which can be written explicitly in the system:

4 3 2 2

DX Xim X i X | |p2 Dicy X; Vi

Z?:l x? Z?:] x? Z?:l Xi| (P1] = Z?:l XiYi (3.32)
2

Z?:l X3 Z?ZI Xi n Po Z?:l Vi

For computational reasons weights are not considered in this step, and the fitting
is iterated just one time. Moreover, the horizontal profile is much more noisy with
respect to the vertical one. Once points are cleared from the first fitting is not necessary
to have an iterative procedure.

The vertical profile is then validated considering its inliers number: if they are not

enough, the cluster is discarded.

3.6.4.3 Height

Once the horizontal and vertical profiles are computed curbs height from the ground
is extracted.

The height is computed as the average value of the DEM gradient magnitude
corresponding to the curb inliers.

The final result of the detection is shown in figure 3.16.
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Figure 3.16: Algorithm final result: the detected curb is reprojected back onto the

right image

3.7 Experimental Results

In this section, the validity of the proposed method will be demonstrated with extensive
qualitative and quantitative analysis.
The system was implemented for an embedded platform and it was able to run on
it in less than Sms, therefore well below the secure threshold of 30fps.
Three-dimensional data was acquired with a calibrated stereo rig mounted on the
roof of the vehicle and pointing to the driving direction.

3.7.1 Qualitative Results

Before proceeding with the quantitative results, a qualitative analysis will be presented.

The proposed approach was tested on a demonstrator vehicle in various traffic
scenarios. Tests covered as much conditions as possible, from highway to urban
scenario and including different road geometries, some examples of detection results
are shown in figure 3.17.

In all the scenarios curbs were robustly detected and tracked: results were evaluated
by inspection of human experts. Moreover, curbs were used in a test vehicle as input
for path planning and localization demonstrating to be able to produce robust results
that can be used for high-level applications.

The detection has a maximum working range of about 40m, however, in order

to be seen curbs lower extremity must be closer than 25m. This is well above other
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(d) horizontal curbs

Figure 3.17: Qualitative results, for various scene and road geometry, of the proposed

stereovision-based method for curbs detection.

stereo vison based algorithms that work at most to 20m.

The chosen model demonstrated to be descriptive enough in order to model the
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vast majority of the situations, however, as shown in figure 3.18, there are some
cases where road curbs geometry is not accurately reconstructed. These situations are
nonetheless acceptable since they tend to be rare and the detection is still present. A
more sophisticated model would represent these cases more accurately; however, it
would be more sensitive to noise outliers with the risk of fitting too noisy and too
unstable curbs candidates.

Figure 3.18: Example of curb which cannot be modeled with the chosen polynomial
model.

3.7.2 Quantitative Results

Since curbs can be manually annotated on the image, a quantitative benchmark pro-
cedure will be described.

3.7.2.1 Benchmark procedure

The proposed method was evaluated on two recordings collected with our test vehicle
in different traffic scenario and, also on a subset of the KITTI odometry dataset [3].
Regarding the first two recordings, curbs were manually annotated with polylines
defining the border between road and curbs: the labeled data describes how the
optimal curbs detection algorithm should be. Since the algorithm was used for ego-
lane estimation and localization, were annotated all curbs with a starting point closer
than approximately 20-25 meters and all curbs belonging to the ego-lane or its adjacent
lanes. Short segments of curbs (with length less than 1m) were annotated only if they

were part of a longer curb that could be seen previously. Too distant curbs were not
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annotated since they do not belong to the system requirements. In figure 3.19 are
shown some examples of labeled ground truth.

Figure 3.19: Examples of curbs ground truth

Regarding the KITTI dataset, the annotation procedure is the same as before

however, since KITTI dataset includes scenarios with low-height curbs, only the ones
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with an elevation that is compatible with the proposed method were annotated (i.e.,
an elevation included in the range between 5cm and 35cm). Moreover, curbs in strong
saturation and shadows scenarios were not annotated, and the required minimum
detection distance was reduced to approximately 10 meters considering the different

stereo-rig setup. Some example of annotations in the KITTI dataset are shown in
figure 3.20.

(b) example of curbs annotated at two sides of the road

(c) example of annotation with a distant curb

Figure 3.20: Examples of curbs ground truth of the KITTI visual odometry dataset.

3D detections were reprojected on the image space and associated with ground
truth annotations. An annotation was said to be associated if a detection overlapped
it. An annotation was considered a true positive if it was associated with at least

one detection; otherwise, it was considered a false negative. Detections that were not



3.7. Experimental Results 51

associated with annotations were considered as false positives.

Two measures were provided:

* recall or sensitivity, computed as:

TP
Sensitivity = —— (3.33)
TP+ FN
* precision, computed as:
TP
Precision = ———— (3.34)
TP+ FP

3.7.2.2 Benchmark results

Two different recordings acquired with our test vehicle were evaluated:

* the first one was recorded in Las Vegas. The sequence was captured in a traffic

scenario with normal lighting conditions;

* the second recording was collected in Santa Clara (CA) in the late afternoon
after a thunderstorm. The wet asphalt and low sun on the horizon created a very

challenging test for curbs detection.

Both recordings have a total of 9000 frames, captured at 30fps. Annotations were
at 1 fps; therefore for every sequence, there are 300 annotated frames.

A summary of the evaluation is shown in table 3.1.

Recording | # annotated frames | # total curbs | Sensitivity | Precision

Las Vegas | 300 271 90.7% 72.5%
Santa Clara | 300 349 66.2% 75.4%
Overall 600 620 78.45% 73.95%

Table 3.1: Curbs detection results evaluated on two different datasets.

It is possible to notice that the algorithm worked robustly in the first evaluated
recording: since lighting conditions were good, the 3D environment was correctly

reconstructed, and curbs were detected in the 90% of the cases.
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Missed curbs were usually due to the presence of poor illumination, shadows or
reflective surfaces which made the quality of the 3D reconstruction very low. In these
situations, the detection was challenging since the 3D data on the curb and on its

neighborhood was not dense enough. An emblematic case is shown in figure 3.21.

This effect was even more strong for curbs belonging to a side lane, like the one in
figure 3.21.

(a) Input image

(b) DSI

Figure 3.21: An example of difficult scenario for stereovision-based curbs detection
where the quality of the 3D reconstruction tends to be very low due to the presence

of shadows.

Most of the false positives, in the first recording, were due to the presence of
multiple levels of curbs. This kind of false positives did not represent a problem
since they were not placed on the road and since they were also occluded by other
curbs. They could be removed, for instance with a ray tracing algorithm on the DEM

as explained in [47]. In this work occluded curbs are not removed since occlusion
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removal algorithms, such as the one in [47], are computationally expensive and these
kinds of false do not represent an issue for the system.

Regarding the second recording, it consists in a challenging scenario since the
presence of wet asphalt and poor lighting conditions the three-dimensional recon-
struction quality became very low. In this case, the precision fell at 66% due to the
lack of detections in dazzle situations or when the asphalt was so wet to become a
perfect mirror.

In these conditions, even when curbs were detected, as in figure 3.22 they resulted
in a very unstable and noisy detection. Also, the detection range tended to be lower

(approximately 20m) than in normal situations.

(c) Both dazzle and wet asphalt, with poor image quality.

Figure 3.22: An example of detection in presence of wet asphalt and poor lighting

conditions.

In these scenarios dangerous false positives, as the ones shown in figure 3.23, are
possible. This particular kind of false positives should not happen since they are in
the middle of the road they could disturb both path-planning and localization.

These considerations suggest that further processing is required in order to man-
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Figure 3.23: False curbs on the road, due to poor lighting and image quality.

age scenarios with poor three-dimensional reconstruction. In order to improve the
performance in these cases, something can be done by correcting the image quality
for cases where the lighting conditions are very poor.

Direct comparisons with other algorithms are not possible since there are not
shared datasets and benchmarks with left and right pairs and since most of the works
in literature propose only qualitative analysis. Some works, like for instance [41] and
[48], present quantitative results without a detailed description of the dataset they
used.

For these reasons, the proposed method was additionally evaluated on the KITTI
dataset, since it is a severe and commonly used dataset which could be useful for further
comparisons. In particular, the visual odometry dataset was chosen since it is used by
other works on curbs detection in literature [34, 35] and since it includes images with
strong saturation and shadows, there is a considerable number of misshapen roads
and, most importantly, the vast majority of curbs have a low elevation from the ground
which makes the detection particularly difficult for methods which model curbs as a
sharp elevation change, like the one presented in this work.

Similar to [34], three recordings from the dataset were used: odometry03, odom-
etry06, odometry15. The sequences are all captured in a suburban area with straight
and curved roads together with static and dynamic obstacles. Since KITTI sequences
are recorded at 10 frames per second, a frame every 10 was annotated as previously
described.

Results are reported in table 3.2. The work presented in [34] reports an average
true positive rate of 81% and a false positive rate of 3.2%, they are both referred as
the ratio of the total length of the detected curbs and the total length of the curbs

in a region covering 3m to either side of the vehicle. In [35] results are reported as
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pixel-level metrics: the setup with the best performance achieves 89.73% in terms of

F1-measure.
Recording # annotated frames | # total curbs | Sensitivity | Precision
odometry03 | 80 111 73.9% 87.2%
odometry06 | 110 134 94.0% 88.7%
odometryl5 | 190 184 72.8% 66.6%
Overall 380 429 80.23% 80.83%

Table 3.2: Curbs detection results evaluated on the KITTI visual odometry dataset

[3].

The algorithm performs well in the odometry06 recording: in this scenario, curbs

represents a sufficiently sharp elevation change, as shown in figure 3.24, that can be

robustly detected in all sides of the road.

Figure 3.24: Examples of robust and stable detections on the dataset odometry06 from
KITTI.

In odometry03 and odometry15 recordings, a great number of low curbs is present
(some examples in figure 3.25). These curbs are at the border between detectable and
non-detectable objects for the proposed method, errors and noise in the 3D recon-
struction make the detection particularly challenging, especially at greater distances.
In order to solve this issue the range of valid elevations could be extended to detected
4 cm high curbs also, however, the 3D reconstruction must have very high quality
and, even in this case, the risk of having unstable and noisy detections is real.

In figure 3.26 are shown other challenging situation in the presence of extreme

saturation and shadows, as previously discussed.
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Figure 3.25: Examples of low curbs representing a challenging scenarios for the

proposed method.

Figure 3.26: Examples of images with shadows and strong saturation.

Shadows and saturation are also responsible for the detection of false curbs on
the road surface, which represents the vast majority of false positives in odometry15

(some examples are shown figure 3.27).

-

Figure 3.27: Examples of images with false positives curbs caused by shadows and

saturation.

Other false positives are due to the presence of low height brushes which could
generate elevation changes that are compatible with the presence of curbs, as shown
in figure 3.28.

These considerations suggest that color intensity cues could be used together
with 3D information in order to give to the system additional robustness, even in
case of low-height curbs, vegetation or poor light conditions, at the cost of higher

computational demand.
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Figure 3.28: Examples of images with false positives caused by the presence of low

height vegetation.






Chapter 4

Barriers Detection

This chapter provides a detailed description of the stereo vision based barriers detec-
tion algorithm.

This work is developed with the purpose of detecting generic vertical structures
defining road boundaries as well as a possible driving corridor. Structures like: guard-
rails, fences, hedges, walls, and lines of standing or parked vehicles fall into this
category. Since most of the state of the art approaches are focused on specific struc-
tures, this algorithm is designed to be generic enough in order to detect every kind of
barrier regardless of their aspect and it should also be able to produce robust results
that can be used for ego-lane estimation or obstacle avoidance.

The algorithm is designed in order to be efficient in terms of computation time
and memory footprint, and it is also designed to share some of the processing with the
curbs detection algorithm described on Chapter 3. Barriers detector runs in real-time
on an embedded platform, sharing computational resources with other algorithms in
order to realize a highly autonomous driving system.

This chapter is organized as follows. In Section 4.1 will be presented an overview
of the proposed algorithm. In Section 4.2 the environment model will be described.
The model used to describe barriers in the three-dimensional world is described in
Section 4.3. In Sections 4.4, 4.5 and 4.6 algorithm steps will be presented. In Section

4.7 experimental results will be analyzed.
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4.1 Algorithm Overview

Since the term barrier includes a wide variety of objects, it is not possible to make
assumptions regarding their appearance. For this reason, the algorithm is based on
the detection of sharply elevation changes from the road surface, since it is the only
feature that characterizes the entire set of structures.

A three-dimensional reconstruction of the scene is therefore necessary. The stereo
camera is chosen as the input sensor: it enables a dense reconstruction of the 3D
environment even at greater distances, it can be easily integrated on a vehicle, and it
is also shared between the several perception algorithms composing the autonomous
driving system.

This algorithm is also designed to share some of the processing with the curbs
detection algorithm described in Chapter 3, this would result in an important compu-
tation time-saving. In particular, it inherits the processing on the logarithmic DEM
which is used to represent the 3D environment. The DEM is chosen for the 3D space
representation because it enables real-time processing and because it requires little
memory.

An overview of the proposed algorithm is shown in figure 4.1.

The algorithm is divided into three main blocks:

1. DEM building: disparity image is taken as input, image points are then triangu-
lated in order to obtain the corresponding 3D coordinates and arranged inside
the DEM;

2. low-level processing: in this step, raw features are extracted from the DEM
analyzing height variations between connected cells. A clustering algorithm is

then applied to group measurements in sets of raw candidates;

3. high-level processing: raw candidates are associated with previous frame de-
tections, a model representing barriers in the 3D world is then fitted to the

candidates.

The algorithm output consists on the detected barriers described by their position

and shape in the 3D environment and their tracking information.
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Figure 4.1: Barriers detection algorithm overview.

4.2 Environment Model

The reference frame used to express 3D points (x;, yj, z;) is the world coordinate
system. This system is placed in front of the vehicle with the X-axis pointing in the
driving direction; a more detailed description can be found on Section 3.2.

A logarithmic Cartesian DEM, like the one described in Section 3.2, is used for
representing the 3D space. In this case, the size of the grid is 20mx80m. Since the
density of the 3D points becomes lower and lower with the distance, cells length is

increased logarithmically:

0.25 x <250
length(x) = 4.1)

max(a *log(x),0.25) otherwise
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Where « is a parameter chosen considering stereo camera baseline, pitch, and
focal length. In the first 25 meters, cells length is constant to 0.25m in order to not
merge different objects at closer distances.

The width of the cells is constant and fixed. Typical values are 0.125m and 0.25m.

The cells composing the DEM are represented by their bottom-left corner (7, ¢)
and the height value /4 stored inside them. In every cell is memorized the maximum

height from all values z; associated to the cell.

4.3 Barriers 3D Model

The model used to describe barriers in the 3D environment is the same used for curbs
and described in Section 3.3. This model has demonstrated to be robust enough to
noise outliers, while it can describe most of the structures appropriately since it is in
accordance to widely accepted clothoid model used for lane detection.

Barriers are represented as 3D curves in the world coordinate system, described

by three features:

* horizontal profile: it is a cubic curve that describes the object in the xy-plane,

the algebraic form is:

3
y=fxp) = ijxj = po + p1X + pax* + p3x° 4.2)
=0

however, barriers can be horizontally oriented (for instance a wall in front of

the vehicle) a second kind of polynomial is possible:

3
F=f(.p) = ) Py = po+piy+pay’ +p3y’ (4.3)
=0

* vertical profile: it is a quadratic curve that describes the object in the xz-plane,

in the vertical case:

2
2= f(op) =) pixl = po+ pix + pax’ (4.4)
j=0
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or in the yz-plane, for horizontally oriented barriers:
2
z=fnp) = ijy’ = po+p1y +pay’ (4.5)
j=0

* height: represents the barrier elevation from the road surfaces.

A more detailed description can be found in Section 3.3.

4.4 DEM building

The DEM building block is shown in figure 4.2.

Disparity

3D Point Cloud Computation

3D point cloud

Y

DEM Building

DEM {maximum heights}

Figure 4.2: Barriers detection DEM building step.
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The algorithm input is a 1358x612 disparity image, computed with an imple-
mentation of the Semi-Global Matching algorithm [97]. The disparity is cropped to
a 1280x360 ROI including only the image portion representing the road. An example

of an input image and the corresponding disparity is shown in figure 4.3.

(a) Input image.

(b) Input DSI.

Figure 4.3: Barriers detection algorithm input image and the DSI resulting from the
SGM algorithm. Disparity values are encoded with colors: green for close and red for

far disparity measurement.

The pixels (uj,v;) in the rectified image, corresponding to valid disparity values
d; are triangulated to obtain their 3D coordinates (x, y;, z;) in the world reference
frame. Camera coordinates are obtained with the following equations:

(4.6)

xjc.:ku*

L
J
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b
¥ =~ = w0) @.7)
’ J
. ky b
Zj = —(Vj — VO)k_Vd_j (48)

Where (ug, vo) is the principal point, b is the baseline, k, and k, are the focal
length.
World coordinates points are then obtained from the rotation matrix * R, and the

translation (X,y, Yy, Zw)! mapping camera into world coordinates:

X; x5 Xy
yi[=" Re|y§|+]vw 4.9)
Zj Fad 2w

J

The algorithm considers only the 3D points falling inside a region of interest
(ROI) of size 20mx80m in front of the vehicle. 3D points having z; coordinate higher
than 2m are discarded since they are out of interest.

World points are then assigned to their corresponding DEM cell (r, ¢), which are
represented by the maximum height % of all the z; associated to the cell.

Empty cells are marked as invalid, and they will not be considered in the further
processing steps.

The resulting DEM is shown in figure 4.4: gray-scale colors are used to represent
different elevations, 128 indicates ground level while 255 represents cells 2m high

and O cells -2m high. Empty cells, instead, are represented in color.
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Figure 4.4: Input DEM example for barriers detection. Different elevations are rep-
resented with gray scale colors, 128 represent ground level while 255 represent cells

2m high and O cells -2m high. Empty cells are represented in color.

4.5 Low Level Processing

Once the DEM is built, the low-level processing block is executed. The basic idea
behind the extraction of barriers raw features is that they generate on the DEM sharply
height changes.

Figure 4.5 describes low-level processing steps.

Since barriers must be detected independently of their orientation, raw features
are extracted computing height derivatives in both vertical and horizontal direction.
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l DEM maximum heights

Gradient Computation

Gradient magnitude

A

Edge Detection

Valid edges

) J
NMS

Valid edges

/

Clustering

l Barriers candidates

Figure 4.5: Barriers detection low-level processing.

The gradient g(r, ¢) in the cell (r, ¢) is computed as:

gx(r,c) =h(r+1,¢c) — h(r—-1,c¢) (4.10)
gy(r,c) = h(r,c+1) = h(r,c—1) 4.11)
807 ) = \Jgu(r.0)? + g,(r.)? (4.12)

Only gradient magnitudes included in the interval between 0.30m and 2.0m are
considered compatible for barriers detection.
Non-maximum suppression (NMS) is performed on the resulting edges to obtain

tiny candidates. Are kept only edges that are maximum in the vertical or horizontal
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direction. The resulting edges represent the locations with highest height variations.
An example of detected edges, for the input image 4.3a, is shown in figure 4.6.

1

itk
- i !

Figure 4.6: Non-maxima suppression result.

A flood-fill algorithm on an 8N neighborhood is used to group valid edges in
clusters of candidates.

The final result of the low-level processing is shown in figure 4.7.

4.6 High Level Processing

High-level processing step is feed with the raw candidates extracted by the low-level
block. In this step, additional false positives are filtered, and 3D models and tracking

information are obtained.



4.6. High Level Processing 69

Figure 4.7: Barriers raw candidates.

Barriers raw candidates, which are represented by clusters of points on the DEM,
are firstly transformed back in the world reference system.

High-level main steps are shown on figure 4.8.

4.6.1 Best Clusters Selection

In this step, smaller and distant clusters are filtered in order to remove some of the
false positives keeping only the most promising clusters.

Since most of the noise is due to little clusters with a small set of points, all the
smaller clusters are firstly rejected. Moreover, small candidates are not suitable for

representing barriers, since they are typically very long and continuous structures.
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l Raw Clusters

Best Clusters Selection
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Figure 4.8: Barriers detection high-level processing.

Only the most relevant clusters, in terms of points number and proximity to the
ego-vehicle, are kept for further processing. However, at great distances, it is possible
that clusters characterized by a low number of points to represent a real barrier. This
is due to the fact that DEM cells are logarithmically spaced: closer cells are shorter
than more distant ones. Some faraway barriers could be erroneously discarded, but
this event is rare and involves just very distant barriers, therefore this filtering is a

good trade-off since it can filter out the vast majority of the noise.

4.6.2 Temporal Association

Vehicle-ego motion data is used to update past frame barriers to the current frame.

As described in Section 3.6.2 a 3D point from the frame k£ —1 can be transformed in
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the current frame k with the translation rX = = (tx’]z_l, ty,f_l, tz,’i_l )T and the rotation

k-1
angle y:
x{.‘ cos(y) —sin(y) O x{.“l tx’lz_l
yE=]sin(y)  cos(y) Of[yE'|+] vk, (4.13)
z* 0 0 1\&1) \ezk |

Current candidates are now associated with past detection: a new candidate is said
to be associated with a past detection if its points overlap the updated past detection.
The tracking state of past detections associated with current measures is updated.

New measurements that are not associated with past detections will be inserted in
the tracking system and will be available for the output, but marked with a particular
State.

Past detections that are no more associated with current measurement are kept

updated for some frames, if there are no more new associations they will be discarded.

4.6.3 Merging

Low-level clustering is limited to the 8N neighborhood and a single barrier can be
fragmented in more than one candidate, therefore, in this step, possible mergings are
checked.

Both tracked and non-tracked candidates are iteratively analyzed to determine if
a compatible candidate exists, and if it is found their points are merged and the search
continues considering the new merged candidate.

Two clusters can be merged if these two constraints are met:

1. their extremities must be close: the last point of the reference candidate must be
close to the last point of the other candidate. Moreover, their connection angle

must be small;

2. their average elevation from the ground must be similar since two clusters with

different elevation change could represent different objects.

When two tracked candidates are merged, the resulting unique barrier will inherit

tracking information from the older of the two.
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At the end of this step, remaining untracked candidates that are too small or distant
are discarded.

In figure 4.9 are shown merging process results.

Figure 4.9: Merged barriers candidates.

4.6.4 Model Fitting

In this step merged clusters are used to compute 3D models.

As mentioned above there are two kinds of models: vertical and horizontal curbs.
During the fitting procedure, both are computed and the best one is chosen as the
final model. For simplicity, the fitting step will be described in the case of a vertical

barrier, the procedure for horizontal one is completely similar.
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4.6.4.1 Horizontal Profile

The model fitting step for the horizontal profile is done by solving the system of n
equations and 4 unknowns, where n is the number of points (x;, y;) of the candidate
and the 4 unknowns are the coeflicients pg, p1, p» and ps of the cubic curve. For

vertical barriers the equations are in the form:

P3X + pax2 4 pixi 4 po = yii = Lun (4.14)

And the system can be written as a matrix equation:

AX =B (4.15)
with:
x? x% x; 1 7 y1
32
x> x5 x 1 y2
A=|"22 77 x=|",B=]" (4.16)
: : Do D1 :
xox ox, 1 Po Yn

Since the number of points is above 4 the system in (4.15) is overdetermined, and
it is solved in a least square fashion.

So the error function is the sum of the quadratic errors:

N
1 _
E(wp) = 5 ;@(xi, P) - )’ (4.17)
By replacing 4.14 in 4.17 the cost function became:

N
1
E(w.p) = 5 > (psx] +pax} + pixi + po =~ i)’ (4.18)
i=1
For E(p) to have a minimum value, its partial derivatives with respect to the
unknowns parameters p; must be 0. The following system of equations must be

solved:
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OE(w,p) _
ops 0
6E6(w,p) -0
P> 4.19
OE (w,p) =0 ( )
opi
OE(w,p) _
opo 0

After writing explicitly each equation, the system in 4.19 becomes:

IR DT VI 2| [P DR
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System 4.20 has 4 linear equation and 4 unknowns, therefore solving it is a trivial

~
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algebra problem.
The model is considered valid only if it has enough inliers. If the model is not

valid, the cluster is rejected.

4.6.4.2 Vertical Profile

Similarly, the vertical profile is computed in a least square fashion from the set of n

points (x;, z;):

pax}+ pixi+po=2zii=1l.n 4.21)

Only the inliers of the horizontal profile are considered in this step.

The error function is:

N N
1 _ 1
E(p) =3 ;u(xi, P) =)’ =5 ) (paxi +pixi+po - ) (4.22)

i=1

The minimum value of E(p) is computed solving the following system of equa-

tions:
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OE(p) _ 0

opy

OE(P) _

o = 0 4.23)
OE(p)
9po

Which can be written explicitly in the system:

(98]

? DI D W x% p2 2o xl?yi
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The vertical profile is then validated considering its inliers number: if they are not

enough, the cluster is discarded.

4.6.4.3 Height

Once the horizontal and vertical profiles are computed the height from the ground
is extracted: it is computed as the average value of the DEM gradient magnitude
corresponding to the barrier inliers.

The final result of the detection is shown in figure 4.10.

Figure 4.10: Algorithm final result: the detected barriers are reprojected back onto

the right image.
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4.7 Experimental Result

The robustness of this algorithm was proved on a test vehicle equipped with a stereo
rig on its roof pointing in the driving direction.

The algorithm was executed on an embedded processor in real-time. Since this
algorithm shares both the input and some of the processing with the stereovision-
based curbs detector described on Chapter 3, the two processes were merged and
executed simultaneously. In this case, the total processing time of both the algorithms
was under 8ms.

The detection range of the algorithm is 80m.

Since the definition of barrier is very general and it can comprise a wide set of
objects, ranging from hedges to guard-rails, the process of manual annotation is too
expensive and error-prone. For this reason, qualitative results will be presented only

for the particular case of guard-rails detection.

4.7.1 Qualitative Results

The algorithm was evaluated by a human expert in a wide range of different scenarios.
Moreover, the algorithm demonstrated to be robust enough in order to be used as an
input for ego-lane estimation task.

Some examples of detections are shown in figure 4.11.

This approach, detecting barriers as continuous elevation changes independently
from the object visual aspect, demonstrated to be sufficiently generic in order to detect
a wide set of different structures. In this way it is not necessary to develop several
ad-hoc detectors (for instance only a guard-rails detector), overloading the system
with expensive processing.

Most of the false positives were due to real obstacles that are moving slowly: in
this case, the tracking algorithm, which is pretty simple, was not able to discriminate
the movement and the candidate could be marked as a valid barrier. In figure 4.12 it
is shown a case where the track was moving slowly and it was erroneously detected

as a barrier.
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(a) Fence.

(d) Wall.

Figure 4.11: Some qualitative results, in different scenarios, of the proposed
stereovision-based algorithm for barriers detection.
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Figure 4.12: Example of a false barrier detected in correspondence of a slowing-

moving object.

4.7.2 Quantitative Results

As mentioned above, since the definition of barrier is quite large, it is not possible
to manually annotate these structures. For this reason, a benchmark based on the
detection of only guard-rails in highway scenario will be presented.

A sequence from KITTI [3] odometry dataset (odometry06) was manually anno-
tated with polylines indicating the presence of a guard-rail, as shown in figure 4.13.
This sequence is recorded in a highway scenario with merging where guard-rails

delimit both sides of the road. Since the sequence comprises 1100 frames recorded at

10 frames per second, a frame every 10 was annotated.

Figure 4.13: Examples of annotation of guard-rails.

The benchmark procedure is similar to the one explained in Section 3.7.

Results are summarized in table 4.1, while some detections are shown in figure
4.14.

Algorithm performances were stable and robust: guard-rails were detected in both

side of the road during the whole recording, even if they limit side lanes.
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Recording

# annotated frames

# total barriers

Sensitivity

Precision

odometry06

110

188

92.5%

90.06%

Table 4.1: Barriers detection results evaluated on the KITTI visual odometry06

dataset.

Figure 4.14: Some qualitative detection of barriers from the KITTI dataset.

Examples of errors are shown in figure 4.15. Some false negatives were present

especially when barriers segments were particularly short. False positives appeared

mainly in correspondence of trees and hedges at the roadside.
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Figure 4.15: Some examples of errors in the detection of barriers.



Chapter 5
Deep Curbs

In this chapter, the proposed semantic segmentation approach to curbs detection will
be described.

The development of this algorithm is born from the need to overcome all the
limitations of the method proposed in Chapter 3. For this reason, an opposite approach
based on mono camera and deep-learning as been chosen. Not much work has been
done in this field as a deep learning application. With respect to the method presented
in Chapter 3 and other stereo vision approaches in literature, this method is designed
to increase the detection range and the robustness to scenarios with poor lighting
conditions.

This chapter is organized as follows. Section 5.1 is a description of the chosen
dataset, in Section is an overview of the used data augmentation techniques 5.2. In
Section 5.3 the used deep learning model will be described. The loss function and the
training procedure will be presented in Section 5.4 and 5.5. Experimental results will

be analyzed in Section 5.6.

5.1 Dataset

Deep neural networks require millions of training images in order to achieve state-of-

the-art performances. In particular, for the case of autonomous driving applications, it
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is not simple to take advantage of deep learning power of since the vast majority of the
existing datasets are limited in terms of annotations richness and scenarios variation.
For these reasons models trained on these data-sets easily tend to over-fit the training
data.

In the case of curbs detection, this problem is even more accentuate: it is quite
simple to over-fit the training data since curbs are always at the border between
drivable and non-drivable space, more or less in the same position on the image and
with same colors. The risk is that models prefer to learn the contrast between the road
and other objects without learning the concept of curb itself.

To overcome these limitations, the Berkeley Deep Drive (BDD100k) dataset [1]
has been chosen for training. It is a large scale diving dataset: in total there are 100k
driving videos collected in different geographical regions (such as New York and San
Francisco Bay Area). Moreover, the dataset contains various scenarios from urban
to highway streets in different lighting and weather conditions. Every video is 40
seconds long, the frame at the 10 second of each video is annotated.

Annotated categories are:

* objects: bus, traffic light, traffic sign , person, bike, truck, motor, car, train, and

rider;

e lane: curb, double white, double yellow, other double, single white, single

yellow, other single and crosswalk;

e drivable areas: drivable and alternative.

There is a total of 157401 road curbs instances annotated as Bezier curves on the
image, and curbs are classified as a special case of lane marking.

In this work have also been used lane markings and drivable areas annotations to
add a penalty for erroneous classifications of curbs on the drivable space.

Some examples of the used annotations are shown in figure 5.1.

There are also 5683 fine-grained pixel-level annotated images, but they are not
used in this work.

Intable 5.1 is shown the weather distribution: it is possible to notice that the dataset

contains a lot of extreme weather conditions like rainy foggy or snowy scenarios.
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Figure 5.1: Examples of road markings and drivable area annotations from BDD100k
dataset [1]. Road markings (curbs and lanes) are annotated in red if they are vertical
or in blue if they are parallel. Drivable area is annotated in red, while alternative areas
are in light blue.

As shown in table 5.2 the dataset is also well distributed across day hours, since
it has approximately an equal number of daytime and night examples.

In table 5.3 as instead shown the number of different scenes.
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clear | partly cloudy | overcast | rainy | snowy | foggy
# instances | 53525 | 7066 12591 7125 | 7888 181

Table 5.1: Distribution of images in weather

dawndusk | daytime | night
# instances | 7285 52511 39986

Table 5.2: Distribution of images in hours

This diversity enables to study the problem of semantic segmentation applied to

curbs detection.

5.2 Data augmentation

For some applications, acquiring and annotating a sufficient amount of data for training
a deep neural network can be difficult and expensive. In the specific case of curbs
detection (and automotive applications in general), an insufficient amount of training
data can lead to over-fitting, since curbs are more or less in the same position at the
border of the road, and they have a similar visual aspect. Thus millions of annotated
images are required.

This kind of over-fitting can be regularized by applying some techniques of data
augmentation generating additional training data by transforming the original input

image. It has been shown that data augmentation is especially beneficial for image

residential | highway | urban | parking | gas stations | tunnel
# instances | 11753 24987 61960 | 536 40 206

Table 5.3: Driving scenarios distribution
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segmentation tasks [58] and that it is useful even in larger datasets [98]. It can also
act as an additional regularizer for very deep architectures [99].

In this work, data augmentation is done online by directly transforming the input
image before being fed into the deep neural network.

Used data augmentation techniques are:

» random vertical flip: since training examples are still valid if they are flipped a
random rotation on the vertical axis is applied with probability 0.5. Therefore,
the resulting batch has an equal chance to contain the flipped o non-flipped

version of the image. An example is shown in figure 5.2;

(a) Original (b) Modified

Figure 5.2: Flip example.

* intensity scaling: images in the batch are transformed, with probability 0.5,
by element-wise multiplication with a scalar. This would results in a contrast
change since multiplying the image with a scalar has a more significant impact

on larger image intensities. An example is shown on figure 5.3;

* additive noise: additive noise is added to the image before feeding it into the

neural network. The noise is drawn from a Gaussian distribution:
N~ N(u ) (5.1)
and the resulting image 14 is obtained as:

Ip=I+N 5.2)
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(a) Original (b) Modified

Figure 5.3: Intensity scaling example.

In figure 5.4 an example is shown. This should force the net to be tolerant

against uncorrelated variations in pixels values, reducing the overfitting;

(a) Original (b) Modified

Figure 5.4: Additive Gaussian noise example.

* channels permutation: RGB channels order is randomly permuted with a prob-
ability of 0.5. This should encourage the neural network to learn the concept of
curb without making strong assumptions regarding their color. An example is

shown in figure 5.5.
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(a) Original (b) Modified

Figure 5.5: Channels permutation example.

5.3 Model

In this work we used a deep neural network architecture named ENet (efficient neural
network) [100], it is a light-weight and very efficient network that uses only a few
parameters and computations to achieve state-of-the-art results. This net is designed
specifically for low-latency semantic segmentation tasks.

ENet achieves a frame rate of 14.6 fps (69 ms) on the NVIDIA TX1 embedded
system module for 640x360 input images. The size of the model in half precision
floating point and for an input of size 3x640x360 is 0.7MB for a total of 370000
parameters. This enables to fit the net in the on-chip memory of embedded hardware.

ENet has been trained over different datasets (like Cityscapes [2] and CamVid

[101]) and its performances match state-of-the-art models.

5.3.1 Architecture

The net architecture, presented in table 5.4, is an encoder plus decoder network with
an initial stage: the encoder part is a CNN designed for classification, while the
decoder is an upsampling model designed to propagate the categories back into the
original image for segmentation. The initial stage consists in only one block; the
encoder contains five stages while the last two stages belong to the decoder. A full

convolution is placed as the last stage, this block alone takes a large portion of the
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decoder processing time.

’ Block name ‘ Type

|

Output size ‘

| initial block | | 16x256x144 |
bottleneck1.0 | downsampling | 64x128x72
bottleneck1.1 64x128x72
bottleneck1.2 64x128x72
bottleneck1.3 64x128x72
bottleneck1.4 64x128x72
bottleneck2.0 | downsampling | 128x64x36
bottleneck?2.1 128x64x36
bottleneck2.2 | dilated 2 128x64x36
bottleneck2.3 | asymmetric 5 | 128x64x36
bottleneck2.4 | dilated 4 128x64x36
bottleneck2.5 128x64x36
bottleneck2.6 | dilated 8 128x64x36
bottleneck2.7 | asymmetric 5 | 128x64x36
bottleneck2.8 | dilated 16 128x64x36
as section 2 but without bottleneck2.0
bottleneck4.0 | upsampling 64x128x72
bottleneck4.1 64x128x72
bottleneck4.2 64x128x72
bottleneck5.0 | upsampling 64x256x144
bottleneck5.1 64x256x144
bottleneck5.2 64x256x144
fullconv Cx512x288

Table 5.4: ENet architecture, in the case of 512x288 input size

The architecture is not symmetric since it consists on a larger encoder with respect

to the decoder: the idea is that the encoder should be able to operate on low-resolution
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data providing information for filtering while the decoder should upsample the data
only fine-tuning the details.
Downsampling creates low-resolution images, and this operation has two main

advantages:

* the net has a larger receptive field which allows to gain more context. This
helps the net to learn not only how curbs look but also the context in which they

appear;

* real-time performances can be achieved by compressing the input data in a more

efficient representation.

For these reasons, ENet early blocks produce a small feature map by heavy reducing the
size of the input data. However, in the case of semantic segmentation, downsampling
has the disadvantage to require equal upsampling in order to output has the same
size as the input. ENet addresses this issue as in SegNet [102]: in max-pooling layers
indexes are saved and used then to produce sparse upsampling maps in the decoding
module, this allows to reduce memory requirements.

Like ResNet [103], the architecture is divided into bottleneck modules. The se-
quence of operations composing these modules can be seen as decomposing a large
convolutional layer into a series of simpler operations representing the low-rank ap-
proximation of the original layer. This factorizations allows large speedups and reduce
the number of parameters. Bottlenecks can be downsampling (encoder) or upsampling
(decoder) modules.

As shown in figure 5.6, a bottleneck module is made by three convolution layers:
the first one is a 1x1 projection that reduces dimensionality followed by a main
convolution module and a 1x1 expansion.

Between all the convolutions are placed Batch normalization [104] and PReLU
[105]. Downsampling bottlenecks use max pooling, moreover a 2x2 convolution with
stride 2 in both dimensions replaces the 1x1 projection. Upsampling modules, instead,
use max-unpooling and padding is replaced with spacial convolution.

In some modules, the main convolution, is replaced with a sequence of 1x5 and 5x1

asymmetric convolutions since it has been demonstrated [106] [95] that convolutional
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Figure 5.6: ENet bottleneck module

weights have a certain amount of redundancy and each nxn convolution can be
decomposed into two subsequent smaller convolutions: one with an nx1 kernel and
one with 1xn filter.

Spatial dropout [107] is used, after the 1x1 expansion, for regularization. Bias
terms are never used in any of the projections in order to reduce the number of kernel
calls and the overall memory operations.
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The initial stage is shown in figure 5.7: there is a max-pooling block on 2x2 non-
overlapping windows and a convolution with 13 filters. The two branches are then
concatenated obtaining a total of 16 feature map. The initial block does not contribute
to classification: its role is to act as a good features extractor, preparing the data for

the following modules.

Input

Conv, 3x3 stride 2 ‘ MaxPooling

Concatenation

Figure 5.7: ENet initial module

5.4 Loss function

The loss function is computed by the average pixel-wise soft-max over the final feature
map, combined with the cross-entropy function.
The soft-max is defined as:
exp(ac(x))
3G explac (x))

Where a.(x) denotes the activation in feature channel c at the pixel positionx € 1

pe(X) = (5.3)

and C is the number of classes, which is 2 in this case since classes are background
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and curb.
The cross entropy, penalizes at each position the deviation of p;x)(x) from 1

using:

E =) wx)log(pi (X)) (5.4)

xel

where [ : I — (1,...,C) is the true label of each pixel and w : I — R is a weight
map that is introduced to give some pixels more importance during the training.

A weight map w(x) is precomputed for each training example to force the network
to learn that curbs cannot be on the drivable area and to compensate the different
frequency of pixels of the class curb in the training dataset. For every pixel x € [ the

value of w(x) is chosen as:

50 ifxislabeled as a lane marking of drivable area
w(x) =130 ifx is labeled as a curb (5.5)

1 otherwise

See figure 5.8 for an example.

: "-!‘— V‘ ‘ e —
e

(a) Input data (b) Ground truth (c) Weight map

Figure 5.8: Input data example (5.8a) with ground truth labeling (5.8b) and weight
map (5.8c).

5.5 Training

ENet model is trained using the Adam optimization of stochastic descent [108].

Training is performed with batch size 20, weight decay 2¢~* and a starting learning
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rate of 1e™>. In order to accelerate the convergence, the learning rate is decremented
by one order of magnitude every time the error becomes stagnant.

As mentioned above the model is trained on the BDD100k [1] data set, which
contains 60000 labeled images for training and 10000 for validation. The net is trained
with images of size 512x288.

In figure 5.9 are shown the training and validation losses during the epochs.

Training Loss Validation Loss

Loss

100k

200k 300k

minibatches

400k

500k

Loss

—

10k 20k 30k 40k 50k 60k

minibatches

Figure 5.9: Training and validation errors over mini-batches.

5.6 Experimental Results

In this section, an extensive qualitative and quantitative analysis of the proposed
method will be presented.

The algorithm was evaluated on the validation and test dataset of BDD100k [1].
Two different kinds of metrics are provided: object-level and pixel-level metrics.

It has not been evaluated on a test vehicle yet since this work is still in progress

and it is not robust enough.

5.6.1 Qualitative Results

Figure 5.10 shows various example of segmentation results obtained with ENet ar-
chitecture. These examples demonstrate that this approach yields robust qualitative

results, event at far distances in the scene or with poor lighting conditions.
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The detection tends to be coarse especially at far distances, and this suggests that

a post-processing step to refine the segmentation would be necessary.

Figure 5.10: Segmentation results examples from BDD100k dataset [1], where curbs
are highlighted in green.

However, some important misclassification errors are present, as the ones shown
in figure 5.11.

In figure 5.11a a curb is detected on the rear window upright of the vehicle, it is
probably because there is a sharp contrast change between the asphalt and the rear
window upright. In figure 5.11b, instead, the right side curb is completely ignored
since in the training set there are not many examples of curbs with this particular

orientation. The left side curb, in figure 5.11c, is missed probably for its aspects since
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(a) (b)

(© (d

Figure 5.11: Wrong segmentation results, from BDD100k dataset [1].

it is located in the middle of the road and since its color it is pretty similar to the
asphalt. In figure 5.11d the curb on the right is missed due to a reflection on the

windscreen; moreover, a false curb is detected in correspondence of the reflection.

5.6.2 Quantitative Results

The quality of segmentation was quantitatively evaluated, and two kinds of metrics

were provided:

* object-level metric: the proposed approach was evaluated in terms of the number

of detected curbs;

* pixel-level metric: intersection over union and Dice loss.
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5.6.2.1 Object-Level Metric

A benchmark system on the image space was implemented. Segmentation results were
firstly clustered in sets of contiguous pixels, and every cluster was then considered as
a detected curb.

An annotation was said to be a true positive if a detection overlapped it. However,
the overlap was considered valid only if a minimum number of points, proportional
to the annotation curve length, was close enough to the annotation.

Annotations that were not overlapped with detections were considered false neg-
atives.

Not associated detections were discarded if they were too small, and so they were
not considered as false positives.

Table 5.5 summarizes the evaluation.

# Annotated Examples | # Total Curbs | Sensitivity | Precision
ENet | 10000 15821 89.50 % 76.5%

Table 5.5: Evaluation results in terms of detected objects on BDD100k [1] dataset.

Sensitivity indicates that results are very promising: on about ~16k instances of
curbs almost the 90% was correctly detected. Considering that the dataset comprises
challenging scenarios with poor illumination and extreme weather conditions these
results are very encouraging and demonstrate that this is a good approach to achieve
a robust level of detection.

There is still a not negligible fraction of false positives. Some of them are at the
border of the road, these kind of false positives are not dangerous from the system
point of view since they are at the border of the road. However, they could be an issue

for localization.

5.6.2.2 Pixel-Level Metric

Two pixel-level metrics were evaluated since they are the most common in semantic

segmentation problems:
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e intersection over union (IoU):

IoU = rp (5.6)
T TP+FN+FP '
¢ Dice loss or F1 score: TP
Fl = 5.7
2TP + FN + FP

Since the segmentation tends to be coarse, the annotations were empathized
making the polyline 9 pixels thick instead of only one pixel.
In table 5.6 and 5.7 IoU and F1 score results are presented.

mean loU | curbs IoU | background IoU
ENet | 69.66 % | 40.0% 99.32%

Table 5.6: Evaluation results in terms of intersection over union (IoU) on BDD100k
[1] dataset.

mean F1 | curbs F1 | background F1
ENet | 78.40 % | 57.41% | 99.66%

Table 5.7: Evaluation results in terms of F1 score on BDD100k [1] dataset.

Despite the fact that the two metrics are positively correlated and that both take the
average score over a set of inferences, there is a difference in how much they quantify
that a classifier is worse than another. [oU metric measures something closer to the
worse case performance, while F1 score is much closer to the average performance.
However, both of them suffer from the fact that, in this particular problem, the two
categories (curb and background) are highly unbalanced since the number pixels
annotated as curbs are just a small fraction of the total.

Even if these metrics are not the best way to evaluate this approach, they indicate
that the segmentation is still coarse and there are many false positives. This is in

accordance with the considerations made in the previous evaluation.
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Conclusions

This work is focused on the development of road boundaries perception algorithms
for autonomous vehicle applications. This is a challenging problem that requires to
reach high levels of reliability and real-time performances.

The complete knowledge and comprehension of the vehicle surroundings are
core tasks for every autonomous driving application and the algorithms aimed at the
reconstruction of road geometry are at the basis of all the high-level applications.
This work in particular addresses the specific problem of curbs and barriers detection,
since these two structures are one of the most widespread elements that are usually
present in the road scenario. Both curbs and barriers represent an essential input for
many high-level applications such as, for instance: path-planning, ego-lane estimation,
obstacle avoidance, and localization.

During this study emerged that the process of development of computer vision
solutions for the automotive industry is accompanied by several constraints: reliable
and robust results are required as well as methods for handling adverse environmental
conditions. Moreover, the software has to be designed in order to require al little as
hardware as possible.

Cars, in order to be sell, needs to be well-designed: they should have an attractive
appearance and they should be aerodynamic to limit fuel consumption as much as

possible. In this scenario, artificial vision based on camera technology is demonstrat-
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ing all its powerful characteristics: cameras are cheap, they can be easily integrated
on a vehicle and, above all, visual data has huge information content. One of the
main drawbacks of computer vision is the amount of data to process, for this reasons

automotive solutions has to be carefully designed.

With the goal to achieve reliable, robust and fast solutions in mind, the proposed
methods were developed, validated and demonstrated with real-time implementation

on an embedded platform.
The summarized conclusions for each chapter are presented in the following.

In Chapter 3 a stereovision-based approach for curbs detection is presented. It
takes inspiration from methods present in literature with the objective to increase
detection quality and enabling the execution on embedded hardware with real-time
performance. The stereo camera was chosen as a sensor since it allows curbs three-
dimensional reconstruction. The proposed method was validated with both quantita-
tive analysis and qualitative tests on real-world scenarios. Moreover, it was able to
run in real-time on an embedded platform sharing computational resources with other
perception algorithms. This method demonstrated to be able to produce highly reliable
results even at far distances which are used by other high-level tasks composing the
autonomous system. The detection range is incremented with respect to other state-
of-the-art methods. Quantitative analysis confirmed qualitative tests. However, this
algorithm suffers from the typical problems related to stereovision: loss of accuracy
in the presence of poor lighting or mis-calibration conditions. These problems are
even more emphasized by the fact that the algorithm search for very low obstacles

that are easily disturbed by noisy data.

Chapter 4 presented an approach for detecting road barriers based on stereovision.
Unlike other state-of-the-art algorithms which are focused on specific structures, in
this work the problem is addressed in its most generic meaning: it is considered as
a barrier every vertical structure defining a driving corridor regardless of its visual
aspect. This work takes inspiration from the approach to curbs detection presented in
Chapter 3 and shares with it most of the processing. This trick, along with the idea
of barriers as a generic structure, allowed to detect in real-time and with a minimal

computational impact a wide range of objects with the same processing. The algorithm
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was tested on many real-world scenarios, from urban to highway, and moreover, it
was used as input for ego-lane estimation. As the method for curbs detection proposed
on Chapter 3 also this algorithm suffers in poor lighting conditions while it is more
robust to mis-calibration issues since it detects bigger structures that are less sensitive

to 3D reconstruction noise.

In Chapter 5 a further approach for curbs detection is presented. The development
of this algorithm born from the need to overcome all the limitations of the method
proposed in Chapter 3. For this reason, an opposite approach, based on deep-learning
and a mono camera, was chosen. Not much work has been done in this field as a
deep learning application. A very lightweight and efficient model, called ENet, is
used in this work since it has to be suitable for a future integration on an embedded
processor. This approach demonstrated promising results enabling detections even at
far distances also at nighttime. However it is still suffering from incorrect detection

issues, post-processing operations are therefore needed in order to get reliable results.

As a future research, the deep learning-based solution presented in Chapter 5
could be used as an additional cue to the approach described in Chapter 3: while
stereo vision allows to reconstruct the 3D geometry of the observed scene, at the other
side monocular technologies take into account the appearance of the object and allow
detections even at far distance. The fusion of the two solutions could improve the
detection in difficult lighting and weather conditions, and it could also enhance the
detection distance. Otherwise other kinds of solutions can be taken into account, for

example a full deep learning end-to-end solution based on stereovision.

One problem related to the use of convolutional neural networks is that a large
amount of data is required, especially in the automotive field. Having a large amount
of data from the beginning is not always possible; moreover, the process of learn-
ing should be continuous and models have to be exposed to new knowledge. For
this reason, datasets must be continuously extended with new examples. Adaptive
incremental learning methodologies could be used to learn new unseen training data
without the need of retraining models on the complete dataset. These techniques could
be exploited for future research, in the specific task of curbs detection, in order to

obtain increasingly reliable results.
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Automotive industry requires high levels of reliability for computer vision appli-
cations. Some studies [109, 110] demonstrated that deep neural networks, as other
machine learning techniques, are vulnerable to adversarial input examples, which are
obtained by intentionally adding small perturbations to inputs with the objective of
obtaining a completely wrong prediction. This leads to serious concerns about the se-
curity of deep learning models in safety-critical applications. Analyzing the causes of
adversarial examples could help to fix these vulnerabilities, state of the art researches
are still working on methods for adversarial example constructions and defense in

order to obtain better understanding and higher security levels.
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