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The next aspect of science is its contents, the
things that have been found out. This is the
yield. This is the gold. This is the excitement,
the pay you get for all the disciplined thinking
and hard work. The work is not done for the
sake of an application. It is done for the
excitement of what is found out. Perhaps most
of you know this. But to those of you who do
not know it, it is almost impossible for me to
convey in a lecture this important aspect, this
exciting part, the real reason for science. And
without understanding this you miss the whole
point. You cannot understand science and its
relation to anything else unless you understand
and appreciate the great adventure of our time.
You do not live in your time unless you
understand that this is a tremendous
adventure and a wild and exciting thing.

Richard Feynman, The Meaning of It All
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Abstract

In this thesis we dive deep into visual understanding of the urban scene with
a smart city scenario in mind. The problem is framed from multiple points
of view, following a zoom out approach. First, we put our focus on the
inside of the vehicle, investigating the dynamics of human attention during
the driving task. We show how a deep neural network can be designed
and trained to replicate the human attentional behavior while driving. We
also study which parts of the scene are the most likely to capture the
attention of the human driver, and in which measure these patterns can be
automatically learnt from the data. A large-scale dataset of human fixations
while driving in a real world scenarios - collected and made available for
the research community for the first time - enables the aforementioned
studies. The focus is then shifted from the vehicle to the infrastructure
point of view. Vehicles are now viewed from the outside, as one of the
most important agents which populate the urban scene. In this frame we
introduce novel methods to infer vehicles characteristics - such as identity,
model, 3D pose and occupancy - which are essential to comprehend the
scene. Finally, we propose a novel framework to exploit these information
to ‘hallucinate’ novel views of the vehicles and of the urban scene in its
whole, paving the way for multiple significant applications in the domain of
urban scene understanding.






Abstract (Italian)

In questa tesi si studia il problema della comprensione visuale della scena
urbana in uno scenario di smart city. In questo processo il problema é
inquadrato da piu punti di vista, seguendo un approccio di zoom out. Per
prima cosa I'attenzione € posta all’interno del veicolo stesso, indagando
le dinamiche dell’attenzione umana durante la guida. Si mostra come
una rete neurale profonda possa essere progettata e allenata per replicare
il comportamento attentivo del guidatore umano. Si studia anche quali
parti della scena abbiano maggiori probabilita di catturare I'attenzione del
conducente umano e in quale misura questi pattern possano essere appresi
automaticamente dai dati. Un vasto dataset di punti di fissazione dei
guidatori - raccolti in scenari reali e resi disponibili alla comunita di ricerca
per la prima volta - & cid che consente gli studi sopra citati. L’attenzione
viene poi spostata dal punto di vista del veicolo a quello dell’infrastruttura
cittadina. | veicoli sono ora visti dall’esterno, come uno dei pit importanti
agenti che popolano la scena urbana. In questo scenario introduciamo nuovi
metodi per inferire le caratteristiche del veicolo - identita, modello, posa 3D
e occupazione spaziale - che sono essenziali per una piena comprensione della
scena. Infine, proponiamo un nuovo framework che consente di sfruttare
queste informazioni per generare nuovi possibili aspetti visuali dei veicoli e
della scena nel suo complesso, aprendo la strada a molteplici applicazioni
nel campo della comprensione della scena urbana.
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Chapter 1

Introduction

The number of connected “things' we share our life with is growing exponen-
tially. Although it is hard to agree on a precise gure, it is safe to say that
the number of connected devices already surpasses several billions§.
Cities are among the hottest spots of this densely connected network, as
the world population congregates in larger and larger urban areas.

Meanwhile, the recent technological progresses - particularly in wireless
networks and Al in the broadest sense - are allowing these devices to have
an increasing capability to perceive and understand the world. Given the
favourable circumstances, there is reason to believe in a new generation
of smart cities in which vehicles and infrastructure communicate closely
to alleviate the historical issues a icting mobility in dense urban areas,
such as fatal accidents and heavy tra c. For sure, a tight interconnection
between vehicles and infrastructure will be necessary for this potential to
unfold.

In this work we analyze some of the challenges posed by this interac-
tion and propose novel solutions to approach them. In particular, the
thesis is organized following a zoom-out approach. We start our research
work from inside the vehicle itself, diving deep into the human attentional
dynamics during the driving task. We replicate the human attentional
behavior through a deep neural network, trained to infer which areas of
the urban scene would be more likely to attract the attention of the human
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driver in a certain context. In this process, we were the rst to collect and
publicly release to the research community a large-scale dataset of human
xations while driving in real world scenarios.

We then progressively zoom out in the process of moving from the vehicle
to the infrastructure point of view. First, we show how we can exploit
object detection in a vehicle dashboard camera view to learn a semantic-
aware occupancy map of the scene. We then present novel methods for
identifying and re-identifying vehicles, as well as for inferring their poses
in the 3D world. Finally, we present a novel image synthesis framework,
which is particularly designed for the generation of novel views of vehicles
and man-made rigid objects in a broader sense. Based on these results, we
conclude showing how this framework could be exploited to “hallucinate'
novel views of the whole urban scene. We foresee that this imagination
capability - which enable not only to predict, but also to visually depict

di erent possible evolutions of the urban scene - might have signi cant
applications in many domains; surveillance, vehicle re-identi cation and
forensics to name a few.
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Chapter 2

Literature Survey

In the following sections we brie y report other research approaches which
are related to the topics tackled in this thesis. Although the list could be
much longer, we choose to limit ourselves to the methods which are either
most relevant for the community or more strictly related to the proposed
algorithms.

The rest of the chapter is organized following the ow of the thesis: First
we review methods for driver's gaze estimation (Sec. 2.1), then we move
to approaches for urban scene understanding (Sec. 2.2). We appreciate
that the latter term is very broad. Here we restrict to domains for which
contributions have been proposed during the PhD: vehicle pose estimation
and viewpoint changes, vehicle re-identi cation, and vehicle novel view
generation.

2.1 Predicting the Driver's Focus of Attention

Attention in images

Coherently with psychological literature, that identi es two distinct mech-
anisms guiding human eye xations [L87], computational models for Focus
of Attention (FOA) prediction branch into two families: top-down and
bottom-up strategies. Former approaches aim at highlighting objects and
cues that could be meaningful in the context of a given ongoing task. For
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this reason, such methods are also known atask-driven. Usually, top-
down computer vision models are built to integrate semantic contextual
information in the attention prediction process [183. This can be achieved
by either merging estimated maps at di erent levels of scale and abstrac-
tion [67], or including a-priori cues about relevant objects for the task at
hand [208, 57, 45]. Human focus in complex interactive environments €.9.
while playing videogames) [38, 139 16] follows task-driven behaviors as
well.

Conversely, bottom-up models capture salient objects or events naturally
popping out in the image, independently of the observer, the undergoing
task and other external factors: that is, ceteris paribus, how much each pixel
of a scene attracts the observer's attention. This task is widely known in lit-
erature asvisual saliency prediction In this context, computational models
focus on spotting visual discontinuities, either by clustering features or con-
sidering the rarity of image regions, locally [L59, 114] or globally [1, 224, 32].
For a comprehensive review of visual attention prediction methods, we refer
the reader to [L4]. Recently, the success of deep networks involved both
task-driven attention and saliency prediction, as models have become more
powerful in both paradigms, achieving state-of-the-art results on public
benchmarks [91, 102, 74, 37, 38].

Attention in videos

In video, attention prediction and saliency estimation are more complex
compared to still images since motion heavily a ects human gaze. Some
models merge bottom-up saliency with motion maps, either by means of
optical ow [ 237 or feature tracking [224]. Other methods enforce temporal
dependencies between bottom-up features in successive frames. Both super-
vised [232, 117] and unsupervised [ 18 200, 201] feature extraction can be
employed, and temporal coherence can be achieved either by conditioning
the current prediction on information from previous frames [154] or by
capturing motion smoothness with optical ow [232 117. While deep
video saliency models still lack, an interesting work is §], which relies on a
recurrent architecture fed with clip encodings to predict the xation map by
means of a Gaussian Mixture Model (GMM). Nevertheless, most methods
limit to bottom-up features accounting for just visual discontinuities in
terms of textures or contours. The model proposed in this thesis (see
Sec. 3.2 and Sec.3.3), instead, is speci cally tailored to the driving task
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and fuses the bottom-up information with semantics and motion elements
that have emerged as attention factors from the analysis of theDR(eye)VE
dataset.

Attention in the driving context

Prior works addressed the task of detecting saliency and attention in the
speci ¢ context of assisted driving. In such cases, however, gaze and
attentive mechanisms have been mainly studied for some driving sub-
tasks only, often acquiring gaze maps from on-screen images. Bremoied
al. [166 presented a model that exploits visual saliency with a non-linear
SVM classi er for the detection of tra ¢ signs. The validation of this study
was performed in a laboratory non-realistic setting, emulating an in-car
driving session. A more realistic experiment 9] was then conducted with
a larger set of targets,e.g. including pedestrians and bicycles.

Driver's gaze has also been studied in a pre-attention context, by means
of intention prediction relying only on xation maps [ 147. The study
in [197] inspects the driver's attention at T junctions, in particular towards
pedestrians and motorbikes, and exploits object saliency to avoid théooked-
but-failed-to-seee ect. In absence of eye tracking systems and reliable gaze
data, head orientation can be used as proxy to infer eyes o -the-road
and other dangerous driving habits. In this line of work we can collocate
methods such as’§2, 180, 194, 17], which focus on drivers' head, detecting
facial landmarks to predict head orientation. Although such mechanisms
are often more robust to varying lighting conditions and occlusions, there
is no certainty about the adherence of predictions to the true gaze during
the driving task.

Datasets on attention and saliency

Many image saliency datasets have been released in the past few years,
improving the understanding of the human visual attention and pushing
computational models forward. Most of these datasets include no motion in-
formation, as saliency ground truth maps are built by aggregating xations

of several users within the same still image. Usually, a Gaussian ltering
post-processing step is employed on recorded data, in order to smooth such
xations and integrate their spatial locations. Some datasets, such as the
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MIT saliency benchmark [21], were labeled through an eye tracking system,
while others, like the SALICON dataset [80] relied on users clicking on
salient image locations. We refer the reader to15] for a comprehensive list
of available datasets.

On the contrary, datasets addressing human attention prediction in video
still lack. Up to now, Action in the Eye [117] represents the most important
contribution, since it consists in the largest video dataset accompanied
by gaze and xation annotations. That information, however, is collected
in the context of action recognition, so it is heavily task-driven. A few
datasets address directly the study of attention mechanisms while driving,
as summarized in Tab. 3.1. However, these are mostly restricted to limited
settings and are not publicly available. In some of them 166 191] xation
and saliency maps are acquired during an in-lab simulated driving experi-
ence. In-lab experiments enable several attention drifts that are in uenced
by external factors (e.g. monitor distance and others) rather than the
primary task of driving [179].

A few in-car datasets exist [L9, 147, but were precisely tailored to force the
driver to ful Il some tasks, such as looking at people or tra c signs. Coarse
gaze information is also available in 2], while the external road scene
images are not acquired. We believe that the dataset presented inlL{}Z]
is, among the others, the closer to our proposal. Yet, video sequences are
collected from one driver only and the dataset is not publicly available.
Conversely, our DR(eye)VE dataset (see Sec. 3.1) - featuring 74 videos
of ve minutes each, for a total of more than 500K frames annotated
with driver xation points via an eye tracking device - is the rst dataset
addressing driver's focus of attention prediction which is made publicly
available. Furthermore, it includes sequences from several di erent drivers
and presents a high variety of landscapesif. highway, downtown and
countryside), lighting and weather conditions.

2.2 Urban Scene Understanding

Vehicle re-identi cation

Vehicle re-identi cation is the problem of matching the identities of vehicles
across non-overlapping views from di erent cameras. Despite its huge
application signi cance, this task is far from being solved and it still fea-
tures many open challenges. Recently Liu et al.]J04] proposed an hybrid
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approach to vehicle re-identi cation, based on features fusion (FACT). The
method is called hybrid as it leverages both handcrafted features (Bag of
Words (BoW), SIFT [ 11( and color names 197]) and learned features by
means of deep learning models. In particular, they rely on GoogleNetl[7q
network to extract high level semantic features such as the number of doors,
the number of seats or the shape. For this purpose they ne-tune the net-
work on CompCars dataset P19. After merging texture, color and semantic
features the euclidean distance is used to match the prediction against a
features gallery. In a successive work, the same authord (5 introduce
two new features - an embedding of the license plate and spatio-temporal
properties - which are concatenated with the former. Notably, a Siamese
network is trained to determine if a couple of plates actually point to the
same vehicle.

With the rise of Triplet Network architectures in various challenging com-
puter vision domains [L07, 165 163 31] with promising results, Ho er et
al.[73] revisited the proposal from [L0]] to include the concept of vehicles
classes. The successive work7d further improves triplet-wise training
procedure by introducing a custom classi cation-oriented loss to augment
with the original triplet loss as well as a new triplet sampling method based
on pairwise images.

In this frame, in Sec. 4.1 we propose to leverage a Triplet Network to
learn a feature space where visually similar vehicles are clustered together,
whereas the ones visually di erent are kept far apart. While using Triplet
Networks for vehicle re-identi cation is not novel itself, in our work we
mainly focus on presenting an overall pipeline that can be deployed for
re-identifying vehicles across completely di erent views. Furthermore, we
detail how a re-identi cation network can be trained even in absence of
manually labelled data, as it was the case of the NVIDIA Al City Challenge
we participated in.

Object 3D shape reconstruction

Ten years after its public release, the ImageNet40] dataset has been the
essential ingredient to many advances, as for the rst time enough data
were available for training very large (deep) models which in turn shook
many benchmarks [L67, 69, 145 27]. More recently the large-scale database
of synthetic models ShapeNet 3] dataset is having an analogous impact on
the 3D community, showing that, in presence of enough data, 3D geometry
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and deep learning can be integrated successfullyi[2, 211, 34, 171, 97, 6].
One of the areas in which this marriage is being fertile the most is the one of
estimating the 3D shape of an object given an image, either in explicit (e.qg.
generating voxels), or implicitly (e.g. generating novel views of the same
object). Indeed, pre deep learning methods][7, 65, 89, 195 140, 17( often
need multiple views at test time and rely on the assumption that descriptors
can be matched across viewss[, 2], handling poorly self-occlusions, lack of
texture [156 and large viewpoint changes J11]. Conversely, more recent
works [172, 211, 34, 171, 97, 6] are built upon powerful deep learning models
trained on virtually in nite synthetic data rendered from ShapeNet [23].
From a high level perspective, we can distinguish at least two categories of
methods; i) the ones that learn an implicit representation of object pose
and volume and then decode it by means of another deep networkif7, 43,
34, 21§ and ii) the ones that infer from the image a valid 3D representation
(e.g. voxel-based) that can be re-projected by means of a di erentiable
renderer P17, 189, 55, 205 to eventually measure its consistency w.r.t.
the input image. Works leveraging the latter approach are strictly related
to our proposed method in that they all found di erent ways to back-
propagate through the renderer in order to correct the predicted object
volume. [217], [55] and [205 take inspiration from the spatial transformer
network [78] in the way the predicted volume is sampled to produce the
output silhouette, even though they di er in the way the contribution of
each voxel is counted for each line of sight. Rendering process proposed in
[149 has to be trained via REINFORCE [20€ since it is not di erentiable;
[189 frames the rendering phase in a probabilistic setting and de ne ray
potential to enforce consistency.

Our method presented in Sec. 4.3 di ers substantially from all these works
in several aspects. First, we keep the volume xed and back-propagate
through the renderer to correct the object pose, while the aforementioned
works project the predicted 3D volume from a pre-de ned set of poses (e.g.
24 azimuthal angles 0, 15, ::: 345 around y-axis) and back-propagate
the alignment error to correct the volume. Furthermore, while all these
works use ray-tracing algorithm for rendering, our work is the rst to
propose adi erentiable raster-based renderer. Eventually, all mentioned
works represent the volume using voxels, which is ine cient and redundant
since most of valuable information is in the surface 16g, while we use its
natural parametrization by vertices and faces, i.e. the mesh.

Eventually, more recent works P09, 238 have shown that 2.5D sketches can
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be a useful intermediate representation to bridge 2D and 3D worlds as well
as to alleviate the gap between synthetic and real-world data. In particular,
in [239 the 2.5D sketch consists of both a silhouette and a depth image
rendered from a learnt low-resolution voxel grid by means of a di erentiable
ray-tracer. While this method is appealing for its geometrical guarantees,
it is limited by a number of factors: i) it requires a custom di erentiable
ray-tracing module; ii) footprint of voxel-based representations scales with
the cube of the resolution despite most of the information lying on the
surface [L68 130; iii) errors in the 3D voxel grid naturally propagate to the
2.5D sketch. We also follow this line of work to provide soft 3D priors to the
synthesis process. Conversely, in the semi-parametric setting presented in
Sec. 4.4 the 2.5D sketches are simply additional inputs which do not require
to be di erentiable and can thus be rendered from arbitrary viewpoints
using standard rendering engines.

Object pose estimation

Image formation is essentially a lossy process, as during the perspective
projection we loose a lot of information about 3D structure of the captured
scene. For this reason, recovering back the 6-Degrees of Freedom (6-DoF)
pose of an object from a single image is extremely challenging. The task
of object pose estimation, traditionally framed as a Perspective-n-Points
(PnP) correspondence problem between the 3D world points and their
2D projections in the image P5, 12(], was recently re-framed in a deep
learning context with analogous e ectiveness. With respect to descriptor-
based methods §5, 36, 111], recent methods relying on convolutional neural
networks [108 172, 189 can solve ambiguities and handle occluded keypoints
thanks to their high representational power and composite eld of view.
Indeed, these have already shown impressive results in speci ¢ tasks such
as the one of human pose estimation123, 204, 184, 235. Building upon
this success, approaches ag39, 136 combine CNN-extracted keypoints
and deformable shape models in a unique optimization framework to jointly
estimate the object pose and shape. Di erently from all these works, the
pose estimation method proposed in Sec. 4.3 integrates object shape and
pose estimation and model tting into a coherent end-to-end di erentiable
framework. In particular, the di erentiable renderer is used to correct
the 6-DoF object pose estimation by back-propagating 2D information
on silhouette alignment error. Furthermore, in Sec. 4.3 we abandon the
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redundant voxel representation in favor of meshes, which are lightweight
and better tailored to represent 3D models [168].

Learning the occupancy grid around the vehicle

Few works in literature tackle the problem of learning the vehicle's surround-
ing occupancy map from a single monocular image. From an application
standpoint, most of these approaches aim at helping drivers during parking
manoeuvres and rely on both geometry and computer vision to merge
information from usually multiple cameras mounted on the vehicle. In
particular, in [ 99] a perspective projection image is transformed into its
corresponding bird's eye view, through a tting parameters searching al-
gorithm. In [ 10€] authors took a dynamic programming approach, exploiting
six calibrated sh eye cameras to compose a unique overall image of the
scene. In [L24] were described algorithms for creating, storing and viewing
surround images, thanks to synchronized and aligned di erent cameras.
[175 proposed a camera model based algorithm to reconstruct and view
multi-camera images. In [L87], an homography matrix is used to perform
a coordinate transformation: visible markers are required in input images
during the camera calibration process. Recently, 25 proposed a surround
view camera solution designed for embedded systems, based on a geometric
alignment, to correct lens distortions, a photometric alignment, to correct
brightness and color mismatch and a composite view synthesis.

Videgames and simulators for data collection

The use of synthetic data has recently gained considerable importance in the
computer vision community for several reasons. First, modern open-world
games exhibit constantly increasing realism - which does not only mean
that they feature photorealistic lights/textures etc, but also show plausible
game dynamics and lifelike autonomous entity Al [L50, 153 . Furthermore,
most research elds in computer vision are now tackled by means of deep
networks, which are notoriously data hungry in order to be properly trained.
Particularly in the context of assisted and autonomous driving, the oppor-
tunity to exploit virtual yet realistic worlds for developing new techniques
has been embraced widely: indeed, this makes possible to postpone the
(very expensive) validation in real world to the moment in which a new
algorithm already performs reasonably well in the simulated environment

10
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[212, 56]. Building upon this tendency, [26] relies on TORCS simulator
to learn an interpretable representation of the scene useful for the task of
autonomous driving. However, while TORCS P17 is a powerful simulation
tool, it's still severely limited by the fact that both its graphics and its game
variety and dynamics are far from being realistic. CARLA [4Z7] is another
simulator designed to support development, training, and validation of
autonomous driving systems; despite not being photorealistic, it is under
active development and it is reasonable to expect that it will be even more
widely used in the near future. In our work on learning the occupancy
grid surrounding the vehicle (Sec. 4.3), we rely on GTAV videogame for
automatically extracting annotated data. In di erent papers we instead
relied on the ShapeNet P3] database to get individual 3D models which we
then rendered using either Blender [11] or Open3D [233].

Object and vehicle novel view generation

In just few years, the widespread adoption of deep generative models§§, 64]
has led to astounding results in di erent areas of image synthesis1j4, 5,
226, 85, 199 227. In this scenario, conditional GANs [119 have been
demonstrated to be a powerful tool to tackle image-to-image translation
problems [77, 236, 237, 33]. Hallucinating novel views of the subject of
a photo can be naturally framed as an image-to-image translation prob-
lem. For human subjects, this has been cast to predicting the person's
appearance in di erent poses [13 164, 229, 46]. Fashion and surveillance
domains drew most of the attention, with much progress enabled by large
real-world datasets providing multiple views of the same subject 107, 230.

For rigid objects instead, this task is usually referred to asnovel 3D
view synthesisand additional assumptions such as object symmetry are
taken into account. In point of fact, symmetry is the most common assump-
tion [234, 134, 239 to synthesise disoccluded portions of the object. Starting
from a single image, Yanget al. [218 showed how a recurrent convolutional
network can be trained via curriculum-learning to perform out-of-plane
object rotation. In a similar setting Tatarchenko et al. [177] predicted both
object appearance and depth map from di erent viewpoints. Successive
works [234, 134] trained a network to learn a symmetry-aware appearance
ow, re-casting the remaining synthesis as a task of image completion;1[73
extends this approach to the case in whichN > 1 input viewpoints are
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available. However, all these works §18 177, 234, 134, 173 assume the
target view to be known at training time. As this is not usually the case in
the real-world, these approaches are limited by the need to be trained solely
on synthetic data and exhibit limited generalization in a real-world scenario.
The recent work by Zhu et al. [23§ exploits cycle consistency losses to
overcome the need of paired data, thus training on datasets of segmented
real-world cars and chairs they gathered for the purpose. Although that
work shows more realistic results, it requires pixel-level segmentation for
each class of interest. In contrast, we show that already available datasets
for object 3D pose estimation P15 214] can be used for this purpose, despite
the extremely rough alignment between the annotated model and the image.

Non-parametric approaches to novel view synthesis

In the interactive editing setting, recent works [86, 147] have shown astound-
ing results by keeping the human in the loop and assuming a perfect (even
part-level) alignment between the 3D model and the input image. However,
as pixels are warped from the input to the target view [L47] it is not feas-
ible to perform shape transfer to a completely di erent model. Moreover,
the time required to synthesise the output is still far from real-time (few
seconds). On the opposite, our semi-parametric framework presented in
Sec. 4.4 enables disentangled shape and appearance transfer in real-time,
with only a coarse alignment between the input image and the 3D model.
In the scenario of image synthesis from semantic layout the recent work of
Qi et al. [143 has shown that non-parametric components (i.e. a memory
bank of image segments) can be integrated in a parametric image synthesis
pipeline to produce impressive photo-realistic results. Despite our di erent
setting, we similarly rely on image patches to provide hints to the Image
Completion Network (ICN); however, our patches are not queried from a
database but warped directly from the input view.
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Chapter 3

Inside the Vehicle:
Predicting the Driver's
Focus of Attention

Autonomous and assisted driving are hot topics in computer vision these
days. Despite the advent of autonomous cars, it's likely - at least in the
near future - that human attention will still maintain a central role as a
guarantee in terms of legal responsibility during the driving task. However,
the driving task is extremely complex and a deep understanding of drivers'
behavior is still lacking. Several researchers are now investigating the
attention mechanism in order to de ne computational models for detecting
salient and interesting objects in the scene. Nevertheless, most of these
models only refer to bottom-up visual saliency and are focused on still
images. Instead, during the driving experience the temporal nature and
peculiarity of the task in uence the attention mechanisms, leading to the
conclusion that a deeper and more comprehensive study on real-life driving
data is mandatory. In this chapter we describe our research e ort for
reducing this gap.
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3.1 The DR(eye)VEDataset

Autonomous and assisted driving have recently gained increasing momentum
in the computer vision community. With the advent of deep learning, many
tasks involving visual understanding something which cannot be eluded in
driving have reached human-level performance, and sometimes overtaken
it. Examples are pedestrian and vehicle detection and tracking, lanes or
road signs recognition and, ultimately, semantic segmentation, where each
pixel gets a label according to what it represents 30, 231]. All of these
achievements are great examples fubtasksto autonomous and assisted
driving, but we must not forget that the utmost goal is (better) driving
itself. Do humans really need to detect all pedestrians or recognize all signs
to drive? Do humans really need to label the whole scene?

In widely accepted psychological studies on the topic, the connection
between driving, attention and gaze has been exploredl[/9, negatively
answering the above questions. It is known that humans' selective attention
is a constraint required by the limited amount of resources available to our
brain. Hence, it is still debatable if this approach may also bring bene ts
to visual computing models where the computational resources can be
raised by adopting advanced performant hardware (e.g. GPUSs, clusters).
Nevertheless, the act of driving combines attention mechanisms in uenced
by the driver past experience, the temporal nature of the task and strong
contextual constraints. As a result, we can drive much more safely and
e ectively than any automated system. One of the most relevant open
questions in the eld is to establish whether autonomous cars could bene t
from attention-like mechanisms as well. Unluckily, this topic is under-
investigated in computer vision and the lack of a realistic experimental
framework does not help. In this section we describe our contribution of a
new dataset available to the community, depicted in Fig. 3.1. We recorded
more than six hours and 500,000 frames of driving sequences in di erent
tra ¢ and weather conditions. For every frame, we also acquired the driver
gaze through an accurate eye tracking device. Additionally, to favor the car
point of view, we projected gaze information on a HD quality video recorded
from a roof-mounted camera. Given the subjective nature of both attention
and driving, experimental design has played a crucial role in preparing the
dataset and rule out spurious correlation between driver, weather, tra c,
daytime and scenario.

14
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Figure 3.1: An exemplar frame from the DR(eye)VE dataset. From left to
right, from up to bottom: car-mounted view, driver's point of view, gaze
map overlay and geo-referenced course.

At a computational level, human attention and eye xation are typically
modeled through the concept ofvisual saliency. Most of the literature on
visual saliency focuses on ltering, selecting and synthesizing task depend-
ent features for automatic object recognition. Nevertheless, the majority
of experiments are constructed in controlled environments €.g. laborat-
ory settings) and on sequences of unrelated image&q1, 21, 80]. Instead,
our dataset has been collected on the road" and it exhibits the following
features:

It is public and open. It provides hours of driving videos that can be
used for understanding the attention phenomena;

It is task and context dependent. According to the psychological
studies on attention, data are collected during a real driving experience
thus being as much realistic as possible;

It is precise and scienti cally solid. We use high end attention
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recognition instruments, in conjunction with camera data and GPS
information.

We believe that our proposal can be useful in several contexts aimed at
understanding the driving phenomenon. It can be applied to identify and
collect new features tailored for the driving experience (by analogy with
what recently studied for video action recognition [L17]). It can help under-
standing the in uence of motion and semantics in salient object detection
[169 200. It can foster the creation of new driver-centric visual ontholo-
gies, and as well serve the purpose to better understand how driver past
experience a ects the importance of objects in the scene.

The following is organized as follows. First, the acquisition apparatus
and protocol is described in Sec. 3.1.1. In Sec. 3.1.2 we dive deep into
the details about dataset design, video-gaze registration, computation of
xation maps and annotation provided. We present the attentional patterns
emerging from the data analysis and exploration of theDR(eye)VE dataset

in Sec. 3.1.3. Eventually, the section is concluded with a discussion on the
possible uses of the collected data.

3.1.1 Apparatus and acquisition protocol

The driver's gaze information was captured using the commerciaSMI ETG

2w Eye Tracking Glasses (ETG). ETG capture attention dynamics also in
presence of head pose changes, which occur very often during the task of
driving. While a frontal camera acquires the scene at 720p/30fps, users
pupils are tracked at 60Hz. Gaze information are provided in terms of eye
xations, saccade movements, blinks and pupil dilation. In order to ensure
the highest possible gaze quality, manual 3-points calibration is performed
before each recorded sequence to adapt to small changes in the ETG device
position.

Simultaneously, videos from the car perspective were acquired using the
GARMIN VirbX camera mounted on the car roof (RMC, Roof-Mounted
Camera). Such sensor captures frames at 1080p/25fps, and includes further
information such as GPS data, accelerometer and gyroscope measurements.
Figure 3.2 illustrates the aforementioned acquisition rig. During the acquis-
ition phase, the two cameras are started simultaneously and the resulting
videos are manually aligned to the frame in an o ine stage to achieve the

16
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Figure 3.2: The acquisition rig for the DR(eye)VE dataset, featuring the
head-mounted ETG and the car-mounted camera.

best possible synchronization. In order to re-project the gaze point on the
video acquired by the car-mounted camera, local keypoints correspondences
are exploited, resulting in the gaze information being present on both video
sequences (see Section 3.1.2).

3.1.2 Dataset description and annotation

In this section we present theDR(eye)VE dataset (Fig. 3.16), the protocol
adopted for video registration and annotation, the automatic processing

Table 3.1: Summary of theDR(eye)VE dataset characteristics. The dataset
was designed to embody the most possible diversity in the combination of
di erent features.

Videos Frames Drivers Weathers Lighting Gaze Info Metadata Viewpoint
Sunny Day Raw xations GPS Driver (720p)
74 555,000 8 Cloudy Evening Gaze map Speed Car (1080p)
Rainy Night Pupil dilation Course
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Table 3.2: A comparison betweenDR(eye)VE and other datasets.

Dataset Frames Drivers Scenarios  Annotation Real-world  Public
Countryside Gaze Maps

Pugeault et al. [142] 158,668 Highway Driver' . Yes No

river's Actions

Downtown

Simon et al. [166] 40 30 Downtown Gaze Maps No No

Underwood et al. [191] 120 77 Motorway No No

Fridman et al. [52] 1,860,761 50 Highway 6 Gaze classes Yes No
Countryside Gaze Maps

DR(eye)VE [4] 555,000 8 Highway GPS, Speed, Yes Yes

Downtown Course

of eye-tracker data and the analysis of the driver's behavior in di erent
conditions.

Dataset design

The DR(eye)VE dataset' consists of 555,000 frames divided in 74 sequences,
each of which is 5 minutes long. Eight di erent drivers of varying age from
20 to 40, including 7 men and a woman, took part to the driving experiment,
that lasted more than two months. Experimental design played a crucial
role in preparing the dataset to rule out spurious correlation between driver,
weather, tra ¢, daytime and scenario. Per-sequence details are reported in
Tables 3.3 and 3.4.

To cover the widest range of scenarios as possible, videos were recorded
in di erent contexts, both in terms of landscape (downtown, countryside,
highway) and tra ¢ condition, ranging from tra c-free to highly cluttered
scenarios. They were also recorded in diverse weather conditions (sunny,
rainy, cloudy) and at di erent hours of the day (both daytime and night).
Tab. 3.1 recaps the dataset features and Tab. 3.2 compares it with other
related proposals. DR(eye)VE is currently the largest publicly available
dataset including gaze and driving behavior in automotive settings.

Video-gaze registration

The dataset has been processed to move the acquired gaze from the ego-
centric (ETG) view to the car (RMC) view. In fact, the latter features
a much wider eld of view (FoV), and can contain xations that are out

Lhttp://imagelab.ing.unimore.it/dreyeve
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