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Resumo

O crescente compartilhamento de dados e a cultura de registro de informacoes cotidianas
tém conduzido a um aumento sem precedentes na quantidade de videos de primeira pessoa
nao editados. Enquanto dispositivos vestiveis reduzem o esfor¢o na aquisicao de dados,
eles tornam desafiadora a tarefa de recuperar e acessar informacoes dos dados coleta-
dos. Nesta dissertacao, buscamos resolver o problema de acessar informacao relevante em
videos de primeira pessoa, através da enfatizacdo dos momentos considerados importantes
pelo portador da camera. Diferente de trabalhos de sumarizagao, aceleracao de videos e
hyperlapse que tem como seméntica um conjunto definido de assuntos/objetos, propomos
um modelo de atencao baseado em gaze e andlise visual da cena. Rastreando os objetos
da cena que interagem com o olhar do usuéario, juntamente com a avaliagao de suas carac-
teristicas temporais e espaciais, nosso modelo pode inferir dinamicamente os interesses do
usuério. Além disso, empregando uma estratégia de novidade de cena em nosso modelo
de atencao, evitamos assistir excessivamente segmentos de video no video acelerado. O
modelo de atengao resultante é usado para calcular a relevancia de cada frame do video de
entrada. Foram realizadas diversas avaliagoes experimentais em dois conjuntos de dados
de videos egocéntricos publicamente disponiveis: o A*STAR Ego-Gaze e Georgia Tech
Egocentric Activity. As avaliagoes mostram que na cobertura de tarefas que necessitam
de atengao do usuario, nosso método apresenta um resultado médio superior de 9, 6 pontos
percentuais em relacao ao melhor competidor. Considerando a carga semantica presente
no video acelerado, nosso método capturou 15% mais objetos na vizinhanca do gaze que
o melhor competidor. Desta forma, nossa metodologia ¢ capaz de acelerar videos egocén-
tricos de maneira automatica quando o portador da camera interage visualmente com os

componentes da cena, reforcando o aspecto de diversidade das informacoes recuperadas.

Palavras-chave: visao computacional; gaze; videos de primeira pessoa; videos egocén-

tricos; aceleracao de videos; informacao semantica.



Abstract

The growing data sharing and life-logging cultures are driving an unprecedented increase
in the amount of unedited first-person videos. While wearable devices reduce the effort in
the data acquisition, they make it challenging to retrieve information and browse through
the collected data. In this thesis, we address the problem of accessing relevant informa-
tion in first-person videos by emphasizing the important moments to the wearer /recorder.
Unlike works of summarization, fast-forward, and hyperlapse that have semantics as a set
of hard defined subjects, we propose an attention model based on gaze and visual scene
analysis. Tracking the objects of the scene that interacts with the user’s gaze and evalu-
ating their temporal and spatial characteristics, our model can infer the wearer interests
dynamically. Moreover, employing a scene novelty strategy in our attention model, we
avoid overly watching video segments in the accelerated video. The resulting attention
model is used to compute the relevance of each frame of the input video. Several exper-
imental evaluations were performed on two publicly available first-person video datasets
that contain gaze data: the A*STAR Ego-Gaze, and Georgia Tech Egocentric Activity
dataset. The evaluation shows that in the coverage of tasks that need user attention, our
method shows a better average result of 9.6 percentage points to the best competitor.
Also, considering the semantic load present on the accelerated video, our method cap-
tured 15% more objects in the gaze surroundings than the best competitor. Therefore,
our methodology can automatically fast-forward videos emphasizing moments when the
recorder visually interact with scene components while enforcing the diversity aspect of

retrieved information.

Keywords: computer vision; gaze; first-person videos; egocentric videos; fast-forwarding

videos; semantic information.
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Chapter 1

Introduction

Since old age, humanity has made a registry of everything that happened to their sur-
roundings through the available technology. Our ancestors painted on cave walls to de-
scribe situations such as their hunts, social events, and habits in a rudimentary way to
store information. In the modern era, it was possible to perpetuate events through the
development of the photography camera that enabled us to record aerospatial images,
historical events, biological structures, and even ordinary life events, as depicted in Fig-
ure 1.1.

Many attempts were made to integrate cameras and other multimedia devices in
a portable way to enhance the sense of visual awareness of a person. In the nineties,
Mann [1998] developed one of the first modern wearable devices — the WearCam. This
device grouped and interfaced devices such as cameras, microphones, and earphones with a
computer — primarily to collect data for research, occupying the size of a backpack. With
social acceptance and technological advances, wearable cameras increased their capacity

and reduced their size over time, as presented in Figure 1.2.

Figure 1.1: Photography applications. (a) Aerospatial photograph of an HTV-7 vehicle
used to resupply the International Space Station. Reprinted from flickr, by Alexander
Gerst!. (b) Photograph of soldiers entrenched in the First World War at the Battle of
Fromelles. Reprinted from BBC News?. (c¢) Neutrophils with segmented nuclei surrounded
by erythrocytes and platelets. Reprinted from Wikipedia, by Dr Graham Beards?.

"https://www.flickr.com/photos/astro_alex/43960102770
’https://www.bbc. com/news/uk-35963387
3https://commons.wikimedia.org/wiki/File:Neutrophils.jpg
‘http://wearcam.org/steve5.htm

Shttp://shorturl.at/hFGHW

Shttp://shorturl.at/pvGQ5


https://www.flickr.com/photos/astro_alex/43960102770
https://www.bbc.com/news/uk-35963387
https://commons.wikimedia.org/wiki/File:Neutrophils.jpg
http://wearcam.org/steve5.htm
http://shorturl.at/hFGHW
http://shorturl.at/pvGQ5
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Figure 1.2: Wearables evolution. (a) Steve Mann on MIT by the early 1990s. Extracted
from WearCam.org?. (b) Sergey Brinn using Google Glass™. Obtained at NPR.org®. (c)
Narrative Clip 2™ camera. Reprinted from TechCrunch®.

Figure 1.3: FPV configurations. (a) Camera mounted on head. (b) Chest mount.

Nowadays, wearable cameras have become a successful global product thanks to
technological advances and the growing culture of instant sharing and life-logging. Life-
logging records are usually done in a First-Person Video (FPV) configuration, with the
camera mounted on the user’s body, e.g., head or chest, allowing to record the user
activities for long periods, letting the user hands-free, in a way to approximate the wearer

experience, as pointed by Molino et al. [2017] and showed in Figure 1.3.
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1.1 Problem

Wearable cameras allow people to spread their achievements, exhibit reached sports
milestones, advertise hazards, depict catastrophes in real-time, record celebrations and
holidays, or log their daily activities. However, thanks to the easiness of only pressing
the shutter button to record a long event and by pressing the sharing button to directly
publish it on a social network, uncountable hours of long, monotonous, and unedited
First-Person Videos are being generated. Moreover, long First-Person Videos store events
in which the recorder is interested in a particular object, person, or advertisement, as well
as monotonous segments such as a long idle segment in a stop sign. There is no explicit
intention of something on the scene or even a constraint of which kind of things should
be recorded. No specific object is focused, as there is no limit to what should be recorded
- it is just a continuous sequence of events. Some examples of First-Person Videos are
presented in Figure 1.4.

Naturally, not all events in our day-to-day life or leisure time are worthwhile to be
recovered in a late evening watching session. The former recorder and now watcher wants
fast access to the relevant information in his/her videos, and he/she wants the relevant
according to what he/she saw and experienced in the recording time. Recent techniques
address the problem of providing quick access to the information through summarization,
semantic fast-forward, or visual storylines.

Summarization techniques aim to create a summarized version of the original video
by selecting frames using an importance criteria, such as the research works of Lee et al.
[2012]; Xu et al. [2015]; Varini et al. [2017] and de Avila et al. [2011]. Semantic fast-forward
preserves video content, creating an emphasis effect through frame selection as done by
Okamoto and Yanai [2014]; Lai et al. [2017]; Silva et al. [2018b] and Ramos et al. [2016].
Visual storylines methods perform information retrieval of relevant video parts according
to user inputs, as shown by Chen et al. [2012| and Xiong et al. [2015|. The drawback

Figure 1.4: Examples of First-Person Videos. (a) A man riding a horse. Obtained at
YouTube”. (b) Motorcycling. Reprinted from NBC News®.

"https://www.youtube.com/watch?v=LUThBDjQocU
8https://www.nbcnews . com/news/amp-video/mmvo42688581735


https://www.youtube.com/watch?v=LUThBDjQocU
https://www.nbcnews.com/news/amp-video/mmvo42688581735
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of these techniques is the requirement of a prior definition of relevance. The method
must previously know what is relevant to prune out less important frames, limiting these
approaches to specific purposes.

In First-Person Videos, relevant elements of the video, i.e., the recorder’s inter-
ests and intentions, are naturally dynamic as it interacts with the environment. Much
effort was made to extract the camera wearer’s insights, mainly to characterize the ac-
tions performed, using multisensory data such as image, depth, inertial, and gaze. We
highlight gaze, the eye focus on a specific scene region, frequently used when describing
eye movements. The gaze is intrinsically related to human attention when performing
tasks, as demonstrated by Yarbus [1967], providing cues of wearer attention. Gaze data is
obtained through an eye-tracker, a device capable of detecting the eye fovea’s orientation
and projecting the gaze onto a 2D plane, as shown in Figure 1.5.

Using image and gaze data, we built a model able to describe the user attention
along a first-person video recording. This model creates a score profile of user attention to
be used together with acceleration methods, generating a shortened version of the video
with a focus on what was relevant to the camera’s wearer. Our model attempts to solve
the problem of dynamically describing the recorder’s interests along a video, in an implicit
approach, using the gaze data captured during the video recording. This work has some

applications, such as personalized summarization and object retrieval on a video.

1.2 Research Goal

Hard-defined semantics cannot correctly represent the set of important elements on
a video to the camera recorder, given the dynamic nature of a person’s intent over time.
Our research focuses on capturing the implicit user intents when recording a first-person
video, with gaze data, to generate an accelerated version of the video. Our research has

the following objectives:

(a) (b)

Figure 1.5: Eye-tracking device and outputs. (a) Tobi eye-tracker. (b) Pupil detection.
(c) Gaze in bottle cap.
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e Create a user-based evaluation of the frames given gaze data;

e Evaluate the accelerated video given the attention of the user into selected segments.

1.3 Thesis Statement

We argue that when selecting the most relevant frames, the eyes of the beholder,
i.€., the recorder, play a crucial role in extracting cues of the significance of each frame to
the recorder. Thus, we propose to leverage the semantic extraction from frames by using

the recorder’s gaze.

1.4 Contributions

The main contributions of this thesis are:

e a gaze-based attention model designed to emphasize the relevant information re-

garding the behavior of the recorder;

e a new frame scoring methodology combining the attention model with a scene nov-
elty modeling to avoid spending more time than necessary to understand the moment

context;

e the modeling and step-by-step instructions on how to build a wearable eye-tracker
device using consumer cameras, enabling the capture of gaze-based First-Person
Video datasets.

In summary, we propose a gaze-based semantic hyperlapse method for first-person
videos. We model the recorder’s attention fusing gaze and scene components information,
as well as penalizing long unvarying video segments, to accelerate first-person videos, as
depicted in Figure 1.6. Our approach was evaluated in two datasets, showing that in the
coverage of tasks that need user attention, our method shows a better average result of 9.6
percentage points to the best competitor and captured 15% more objects in the gaze sur-
roundings. Visual results presented our method’s ability to capture the user’s intentions,
as well as the underlying behavior of the subject. This work has many applications in

everyday situations, mainly when it involves user interaction, e.g., finding lost objects or
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Extraction of gaze information F : -
- rame scoring F (1)
- Duration
- Gaze type
- Position .
Wear attention
Object tracking
Scene novelty
Camera image - J
Spatial Visual relevance Semantic relevance
- Centrality . )
- Size
- Clarity L )

Figure 1.6: Proposed gaze-based frame scoring. In our work, we infer the frame impor-
tance based on three factors: attention of the recorder, novelty, and relevance. These
factors are obtained by crossing gaze data with scene information, taking into account
the interaction of the user’s gaze with the scene along the time. A frame is considered
relevant if the user’s gaze remains consistently in a region of a detected object for a period
of time, indicating interest.

reviewing previous situations that caught our attention. Moreover, when capturing only
the important parts to the user, a side effect is the original video reduction/compression,
a desirable feature for a First-Person Video.

Part of this work was accepted for presentation at the Sixth International Workshop
on Egocentric Perception, Interaction and Computing at the IEEE/CVF Conference on
Computer Vision and Pattern Recognition (EPICQCVPR) 2020.

1.5 Organization

This thesis is divided as follow: Chapter 2 discusses background concepts involved
on this work, Chapter 3 presents related works, Chapter 4 describes our methodology,
Chapter 5 shows the experiments, Chapter 6 discuss the results, Chapter 7 concludes our

work and Appendix A presents the steps to build an affordable eye tracker.
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Chapter 2

Background

In this chapter, we introduce the concepts underlying the proposed methodology, to give
the reader the basis to understand the problem and the choices behind the design of our
method.

Given the massive amount of videos available today, it is necessary to provide
a suitable way to retrieve useful data to the user, balancing relevance and diversity.
Relevance is related to what is considered important to the user, ¢.e., important events
along with the video. Diversity aims at reducing redundancy on the information found.
The literature has plenty of techniques capable of indexing and extracting Third-Person
Video information. However, First-Person Videos pose an additional challenge to these
techniques, as First-Person Videos videos are generally long, continuous, unconstrained,
and usually contain blurry and shaking scenes, as pointed by Molino et al. [2017]. We
can highlight summarization, fast-forward, and hyperlapse techniques like the ones able

to extract relevant information from First-Person Videos.

2.1 Summarization

According to Lu and Grauman [2013|, video summarization techniques aim to
create a short version of the input video, preserving relevant information. There are two
mainly used approaches to generate video summaries, as pointed by de Avila et al. [2011]:
Storyboards and Video skims. Storyboards extract highlights in the form of keyframes
able to describe the video content. These keyframes may be selected by their position
on the video, color, sharpness, or any other representative characteristic. Video skims
segment the input video into subshots and selects those containing the most relevant
information. Subshots are blocks of contiguous frames separated by previously defined
criteria. The mentioned approaches are illustrated in Figure 2.1.

The problem with summarization techniques relies on the understanding of the

generated videos. In many situations, it is necessary to preserve the temporal dependency
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Input Video Input Video

Keyframe-based Subshot-based
Video Summarization Video Summarization

m Storyboard E Video Skims

(a) (b)

Figure 2.1: Summarization methods. (a) Storyboards select keyframes from the input
video according to specific criteria. (b) Video skimming chooses segments from the input
video to compose the final summary.

of the video parts to understand their context, such as in adventure and extreme sports

videos.

2.2 Fast-forward

Fast-forward methods add the continuity restriction to the summarization problem,
sampling frames at a rate, called speed-up, that creates an acceleration effect in the output
video — preserving the temporal consistency.

Traditional fast-forward, well known as timelapse or naive fast-forward, is obtained
by sampling frames at a fixed rate. It considers all events that occurred on a video as
equally relevant. The semantic fast-forward, from its turn, segments the video according
to defined criteria of importance and applies variable speed-up rates onto these regions,
as realized by Okamoto and Yanai [2014]. Both strategies are presented in Figure 2.2.

Egocentric videos present a natural shakiness related to the body movements of
the person on which the camera is attached. This natural shakiness is increased with

frame removal employed by fast-forwarding techniques, turning the videos unwatchable.
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Selected frames Segments
1 11 21 31
Input Input
Video Video
Speed-ups  5x
i Traditional Fast-forward i Semantic Fast-Forward
Output Output
Video Video
(a) (b)

Figure 2.2: Fast-forward methods. (a) Frames are sampled at a fixed rate from the input
video, composing the accelerated version. (b) For each segment, different speed-up rates
are applied, producing a variable acceleration effect.

2.3 Hyperlapse

Hyperlapse methods attempt to create egocentric fast-forwarded videos concerning
visual smoothness, using reconstruction methods or a careful selection of frames on the
original video.

Some techniques use reconstruction methods to extract frame features and create
a 3D model of the scene. Through this model, they plan an optimal camera path, on
which traveling leads to a smooth accelerated video, as in the work of Kopf et al. [2014].
Other methods treat the smoothness problem as a careful selection of frames, selecting the
frames in which transition is smoother as possible — as performed by Poleg et al. [2015].
This is achieved by calculating the cost of transition between video frames, through the
analysis of visual and/or motion features. The set of frames selected to compose the
hyperlapse video is that one that minimizes the transition costs.

The limitation of hyperlapse methods is the absence of a semantic definition, i.e.,

all video frames are treated as equally relevant concerning semantic information.

2.4 Semantic Hyperlapse

Semantic hyperlapse techniques add relevance constraint to the hyperlapse prob-
lem, highlighting important parts of the video without compromising the continuity,

smoothness, and desired speed-up of the output video. These techniques could treat
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the frame selection problem through a graph optimization approach - modeling video
frames as vertices, and the transition cost as edges, they search for the minimum path
of the graph. The transition cost takes into account all constraints together, trying to
keep constant speed-up, as in the works of Ramos et al. [2016] and Silva et al. [2016], or
weighted by their relative size as done by Silva et al. [2018b]. Or even solve the frame sam-
pling as a Minimum Sparse Reconstruction problem, where each video frame is converted
into a descriptor that encodes their characteristics, and frames are selected to minimize
the reconstruction error of the original video, as performed by Silva et al. [2018a).

These works define semantics as the presence of specific elements in the video such
as faces, pedestrians, the coolness aspect of an image, or the presence of the user’s object
of interest. Therefore, they share the need for a prior definition of relevance — being
limited to this defined set.

2.5 Gaze

Instead of using a hard defined semantic set of objects, we propose to use gaze
to highlight in a dynamic way, what is relevant to the wearer when interacting with the
world. Gagze is the point of the world targeted by fovea, i.e., their focus, as shown in
Figure 2.3. The fovea is a small and high-resolution region in the center of the retina,
able to capture fine detailed visual information from the world, as explained by Land
[2006]. As fovea is small, the eye rotates to puts fovea in a specified direction — getting
the desired information.

The first registry from the study of eye movements remains from 1898 by Delabarre
[1898|, while investigating the relationship between eye movements and optical illusions.
From there, many techniques were developed to record eye movements accurately. Fur-
thermore, two works increased the interest in the field, as it revealed physiology relations
with the visual system. The first one was the work of Yarbus [1967], who discovered that
eye movements pattern change to satisfy the demands of a task. The second work, from
Ballard et al. [1992], perceived that the eye always looks to objects involved in a task, as
well as it anticipates the related motor action, acquiring the necessary information.

Our eyes perform different kinds of movements, with variable speeds, according to
specific strategies. We can highlight three main eye movements: fixation, saccades, and
blinks. Fixation is in the highest level of visual focus, allowing the capture of detailed
information, characterized by the exposure of the eyes in a small region of the scene.
Saccade represents the act of discovering new data through space, with fast eye movements

covering a wide range, but with less acquisition of detailed information, as pointed by Land
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[2006] and presented on Figure 2.4 . Blink is related to the complete lack of attention,
happening when the user is blinking or rambling. These movements differ from the level
of information to be acquired, with our vision swapping between fixation and saccades.
However, our eyes do not move freely by the environment. As the foveal vision is
a limited resource, covering a small area of the scene, it searches for relevant information
guided by visual selection mechanisms. The bottom-up mechanism is performed into
the eye, detecting features related to the image such as contours, colors, luminance, and
faces, triggering eye movements to these regions without passing through the brain. On
the other hand, the top-down mechanism is under the explicit control of the observer’s
brain, being used to perform tasks. During our experience in the world, these selective
mechanisms compete to acquire better information that can prevent imminent danger, as
well as allow the execution of complex operations. Another feature of our visual system
is their linkage to reinforcement paths on the brain, indicating that many of the eye

movements are learned, as mentioned by Hayhoe and Ballard [2005].

2.5.1 Eye trackers

Eye tracker studies came from the early twentieth century when psychologists were
researching about human behavior. Initially, eye trackers were invasive, big, and occupied
entire rooms. Modern eye trackers are small, light, and can even be carried on the user’s

head, the so-called wearable eye trackers. Eye trackers are mainly divided into screen-

Binocular gaze
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Figure 2.3: Binocular gaze. (a) The green line represents the information captured by
the fovea. The point of this line that intersects something into the world is the gaze. The
intersection of the foveal region on both eyes is the binocular gaze. (b) The red circle is
the binocular gaze, captured by an eye-tracker at A*STAR Ego-Gaze (ASTAR) dataset.
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Fixation

Saccade

Fixation

Figure 2.4: Eye movements. The eyes are in constant motion between regions of interest.
While staying in these regions, the slight eye movement performed is called fization. The
movement performed between these regions is called saccadic movement, also known as
saccade. Reprinted from Krueger et al. [2016].
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Figure 2.5: Modern screen-based eye trackers. (a) Eyeteck VT3 mini. (b) Gazepoint
GP3. (c) Tobii Eye X.

based and wearables. Screen-based remains fixed near a TV monitor and capture gaze
data from a person looking to a stimulus coming from the monitor in a third-person
view, as presented in Figure 2.5. Wearable devices are usually mounted on a glass frame,
recording everything that the user sees in an unconstrained first-person view, as shown in
Figure 2.6. These camera-based devices allow us to capture the wearer’s gaze by creating
a 3D model of the eye, given a sufficient number of observations. Using algorithms that
detect the user’s pupil and corneal reflection, it projects a location in the space where it
predicts that the beholder is looking at — the gaze.

Gaze research was used to investigate neurological and psychological relations of eye
movements in attention and memory studies and to aid in diagnosing mind conditions.
In marketing analysis, it was used to characterize the importance and appearance of
developed products; in simulation to capture insights about user interactions such as
their attention and perceived objects. More recently gaming industry is integrating eye-
trackers to their games, letting users control their characters through their eyes. In

computer vision, gaze was employed on many tasks such as analysis of collaborative
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Figure 2.6: Modern wearable eye trackers. (a) SMI. (b) Ergoneers Dikablis. (c) Pupil
Core.
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scenarios, action recognition, and user interaction.

Despite the increasing popularity, eye-trackers still remains expensive, in special
the wearable eye trackers. One of the cheapest industrial eye trackers, the Pupil Core,
costs around €2740 — turning difficult to produce gaze-enabled egocentric datasets. In
this thesis, we propose to mount an affordable eye tracker, using consumer cameras and
a 3D printer. We present step-by-step instructions at Appendix A. The software used for

gaze processing is the open-source solution Pupil Core from Pupil Labs!.

https://pupil-labs.com/


https://pupil-labs.com/
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Chapter 3

Related Work

Techniques capable of extracting and compiling information from First-Person Videos
are becoming a must-have method due to the exponential growth in the amount of video
data. In this chapter, we present a comprehensive view of the area by exploring remarkable

works of video summarization, fast-forward, hyperlapse and gaze.

3.1 Video Summarization

The ultimate goal of summarization methods is to produce a compiled story com-
posed of several segments of the input video. After segmenting the video, these methods
rank each segment concerning a definition of what is relevant, hereinafter referred to as
semantic. As pointed out by Molino et al. [2017], the semantic definition of recent works
is grouped into important to the viewer or important to the wearer. The majority of

summarization techniques are in the first group.

3.1.1 Important to the viewer

Techniques present in this group generally rely on features obtained from the input
video, such as chromatic, saliency and motion.

In the work of de Avila et al. [2011], they proposed to use k-means clustering algo-
rithm to select the most representative frames of Third-Person Videos. From an equally
distributed sample of the original video, color histograms in HSV space are obtained and
delivered to k-means - grouping frames likely to be near. The nearest frame of each cluster
centroid, the keyframe, is the most representative frame of that cluster. A storyboard of

the original video is composed using the keyframes.
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Focusing on the most important objects and people which the camera wearer inter-
acts, Lee et al. [2012] proposed to build a storyboard using high-level saliency cues. For
each frame, a set of egocentric and object features were calculated in candidate regions
to describe their importance. These features were related to hands distance, frame center
distance, object-likeness, size, and other geometrical features. A regressor was trained on
the obtained features to predict the frame’s importance and select events on the original
video aiming for a representative storyboard.

Usual video skimming approaches focus on the diversity or representativeness of
subshots to build a summary. Instead, Lu and Grauman [2013] aimed to create a coherent
chain of video subshots. Given an egocentric video, subshots were extracted based on
motion features classification among frames. Objects present on each subshot were scored
considering geometrical aspects, as well as their influence and presence among the other
subshots, used to calculate each subshot chain relevance, over the set of possible subshot
chains. The output video is composed of the optimal chain of subshots, that contains the
best event connectivity.

With the advent of Deep Neural Networks (DNNs), many tasks in computer vi-
sion were benefited from methods capable of learning directly from data. In video sum-
marization, it is essential to capture the video structure information to understand the
high-level semantic present along with the video. Zhang et al. [2016] proposed to use a
Long Short-term Memory (LSTM) model able to create summarized videos in the form of
storyboards and subshots. Two Bi-LSTM were trained using deep visual features obtained
from a GoogLeNet model, being able to predict frame-level importance scores - creating
summarizations that ensure diversity maintaining semantic information.

Another approach to create summarized videos involve the direct input of the users
about their preferences, generally using text descriptions, as in the work of Choi et al.
[2018]. A pairwise ranking model built over a DNN model was trained using image and
text data is capable of learning a semantic embedding function that maps frames and
sentences to a joint embedding space. Video summaries were built assigning relevant
subshots to each sentence on the user input text. A hidden Markov model restricts the

subshots to be temporally aligned.

3.1.2 Important to the wearer

Works in this group derive the frame relevance from cues representing wearer in-
tentions, inferred from external sensors information as well as visual-based features.

In the work of Aizawa et al. [2001], brain waves were used to capture the wearer
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intents in order to create video subshots. Specifically, a and § waves, as they present
specific patterns when a person feels awake, interested, or excited - a wearer cue to
describe relevance to a video. These brain waves can be used to directly select frames and
construct a storyboard. Another approach consists in filtering a set of subshots previously
obtained by segmenting a video, according predefined motion categories: moving, turning,
and standing. o waves were used to score the subshots into five levels of importance, and
the selected ones are those with a score higher than the third level of importance.

Using an eye-tracker sensor to measure camera wearer attention in an egocentric
video, Xu et al. [2015] created subshots that attend to representativity and diversity. The
wearer’s attention was captured using gaze, the focus of the attention of a person. A
region descriptor is computed around the gaze movement position for each frame. Con-
sequent frames similar to each other are grouped. These groups form the initial subshots
highlighted by gaze. The final set of subshots, i.e., optimal set, was modeled as a con-
strained modular maximization problem that takes into account diversity, compactness,
and the representativeness of each subshot - measured by the gaze fixation movements
quantity on each subshot.

Another sensor commonly used in action recognition tasks is the Inertial Mea-
surement Unit. In the work of Li et al. [2017|, three-axis accelerometer and gyroscope
data were used by to select keyframes on egocentric videos. Video and sensor features
were embedded into a joint space and used as input to sparse representation methodology
for each video. The dictionary created minimizes reconstruction error, while keeping the
sparseness constraint. Keyframes were selected by minimizing the reconstruction error of
original frames using the sparse coefficients - composing the summarized version of the
video.

Global Positioning System (GPS) data were used in the work of Varini et al. [2017],
in which mixed wearer attention behavior and viewer preferences to build a summarized
video. Attention behavior used motion and frame quality features fused with positioning
data to calculate the wearer attention behavior score. GPS coordinates were also used
to calculate viewer preferences score, searching into the web for related places near that
position. The storyboard was composed of the optimal choice of subshots that maximize

the attention and viewer preference scores.

3.2 Fast-Forward

Fast-forward techniques create shorter versions of the original video that attends

the restriction of continuity. Traditional fast-forward consists of applying a constant
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speed-up rate on the original video. Semantic fast-forward segments the video into re-
gions given importance criteria and apply different speed-up rates on them. Usually,
the emphasis on semantic information is given by reducing the desired speed-up rate on
important segments.

To address the problem of creating a guidance route video, Okamoto and Yanai
[2014] proposed a method to dynamically control video playing speed based on the se-
mantic content of video sections. Using egomotion information and pedestrian crosswalk
detection, video sections were classified as relevant if they contain crosswalks or present
turning movements, moments that the guide needs attention - reducing the playback
speed.

Yao et al. [2016] tackled the problem of video highlighting detection with applica-
tions on video summarization. Video highlighting is related to the discovery of memorable
moments for the user into a video. A highlight score is calculated for each frame of an
input video, using a pairwise deep ranking model, composed of a two-stream Convolution
Neural Network (CNN) that learns from frames appearance and temporal dynamics. The
obtained video scores were used as input data to summarization techniques such as video
skimming and timelapse.

Instead of performing the segmentation step, commonly used on semantic fast-
forward techniques, Lan et al. [2018] proposed an online method able to learn how to per-
form fast-forward. Using summarization labels as ground-truth, a reinforcement learning
approach is able to choose when video frames should be skipped, in real-time, as it reads
the video stream. However, the method fails in static scenes, as the model learns how to

skip frames without being aware of their content.

3.2.1 Hyperlapse

Egocentric videos present an inherent shake related to camera wearer motion. Fast-
forwarded versions amplify this shakiness, leading to hard to see videos. Hyperlapse
techniques arose to solve the stability problem on fast-forwarded egocentric videos while
keeping the desired overall speed-up rate.

The seminal work of Kopf et al. [2014] proposes to reconstruct 3D geometry of the
scene, in order to build a First-Person timelapse video with a smoothly moving camera
- the so-called hyperlapse. Primarily, the 3D scene is reconstructed for every frame on
input video with structure-from-motion algorithms. Over the reconstructed scene, the
camera path is planned to be as smooth as possible along with the video. The last step

of the method uses rendering, stitching, and blending techniques, to generate a timelapse
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stabilized version of the original video. The output video presents impressive visual re-
sults; however, it contains some reconstruction artifacts and has a high computational
cost.

Instead of dealing with complex scene geometries, Poleg et al. [2015] used an adap-
tive frame sampling to fast-forward an egocentric video addressing the smoothness con-
straint. The frame sampling is modeled as an energy minimization problem into a directed
acyclic graph whose nodes correspond to the frames of the input video. An edge repre-
sents the transition cost among frames, taking into account the shakiness, velocity, and
visual appearance between them. The shortest path of this graph leads to the hyperlapse
version of the input video. The technique fails when there is no translation of the camera,
as is built to deal with shakiness induced by moving cameras.

Parallel to the previous work, Joshi et al. [2015] attempted to solve the hyperlapse
problem using dynamic programming, achieving real-time processing without sensors,
and handling significantly camera motion. Their method uses Dynamic-Time-Warping
(DTW) to jointly model the smoothness and time restriction, being able to select frames
that balance matching the target speed-up rate and minimizing frame-to-frame motion
in the output video. The transition cost between frames was calculated as a weighted
sum of frame-matching, velocity, and acceleration costs. The frame-matching cost reflects
the reprojection error and lack of overlap among frames. Velocity address the desired
speed-up, while acceleration cost prevents visual jumps in the output video. Transition
cost is used in the DTW technique, whose output is the set of frames that composes the
hyperlapse. A final step consists of 2D smoothing, using frame matching and cropping.
The method presents good visual results and is surprisingly fast, running on a mobile
phone. However, like all other techniques presented in this subsection, all frames of the

video are considered equally relevant, without any semantic consideration.

3.2.2 Semantic Hyperlapse

Semantic Hyperlapse methods attempt to create video summaries that attend to
restrictions of continuity, visual smoothness, and relevance. These methods prioritize
sections of the video which contains information related to relevant aspects, highlighted
by a de-acceleration in the hyperlapsed video.

In one of the first works in the area, Ramos et al. [2016] segmented the egocentric
video into semantic and non-semantic regions and generate a semantic hyperlapsed version
of the video. The authors considered the presence of faces as semantic content, assigning

relevance to a frame based on a linear combination of the face classifier confidence, spatial
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centrality, and bounding box size. A semantic thresholded value is used to segment video
portions due to their semantic load, applying different speed-ups to emphasize semantic
ones. The frame sampling is modeled as an optimization problem through graph-based
approach, similar to the work of Poleg et al. [2015|, where nodes correspond to the frames
of the input video and edges represent the transition cost among frames, taking into
account the shakiness, velocity and visual appearance, semantic load and desired speed-
up violation between them. The output of the shortest path algorithm onto the graph is
the semantic hyperlapse video.

Extending the previous work, Silva et al. [2018b| proposed a parameter-free and
fully automatic fast-forward technique, using a Convolution Neural Network to score video
frames and a multi-importance approach to segment relevant regions of the input video.
The proposed CNN, named Coolnet, was trained on images that compose the most liked
videos on the Internet, being used to score video frames due to their coolness. Then, the
video is segmented using a multi-importance approach, that considers different levels of
relevance, assigning different speed-up rates to them. They also proposed to automatically
select the set of hyperparameters of the transition cost, one step of the frame sampling
problem, using the Particle Swarm Optimization algorithm from Kennedy and Eberhart
[1995].

Modeling the adaptive frame selection problem as a Minimum Sparse Reconstruc-
tion problem, Silva et al. [2018a] used a Sparse Coding approach to select the set of frames
that better accelerates the input video, while preserves semantic content. The sparse set of
frames selected from the input video minimizes the reconstruction error based on move-
ment, appearance, content and sequence features. A smoothing frame transition step
solves gaps that may appear in high frame transitions. Thus, combining a sparse-based
frame sampling technique with a smoothing transition step creates an end-user visually
pleasant video. Moreover, using Locality-constrained Linear Coding (LLC) formulation,
the problem can be solved analytically, leading to a low computational cost.

Applying personalized-based techniques to solve the problem of defining the frame
relevance to the wearer does not work properly, such as one object could catch the wearer
attention even if it is not in his/her preference set. For example, in risky situations, where
rarely the object that represents the imminent danger will be one of our favorites. An-
other possible scenario is the contact with previously unknown objects that may provoke
curiosity. Moreover, an object that relies on user preferences may not attract its attention
in a particular situation, turning complex the task of describing the user behavior by a
fixed set of elements. To tackle this lack of certainty about the user focus, we propose to

use the gaze in the context of the hyperlapse problem.
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3.3 Gaze

One of the first attempts to track and record eye movements were made by De-
labarre [1898], trying to explain geometrical optical illusions. In his experiment, a plaster
ring was attached to the eye, connected to levers and pulleys, recording eye movements
into a kymographic cylinder. Nowadays, modern eye-tracking devices are camera-based,
using geometry calculus to track and record eye-gaze - exploring relations between eye
movements and motor actions, as pointed by Land [2006].

Many researchers tried to find the connection between gaze and behavioral mech-
anisms. In the sixty’s, Yarbus [1967] analyzed eye movements along with cognitive pro-
cesses, revealing that seeing is inextricably linked to the observer’s goals. Subjects looking
at pictures were submitted to answer related questions, evoking different patterns of eye
movements on them, clearly related to information required to solve the problem. These
eye behaviors suggested a top-down attention mechanism, goal-driven; as opposed to
reflexive, stimulus-driven, bottom-up attention mechanisms known until them. Many
task-oriented studies, as mentioned by Hayhoe and Ballard [2005|, discovered that given
the demands of a task, eyes are positioned in elements related spatio-temporally with
the task to satisfy its demands. Fixations often precede the motor control, in a just-in-
time strategy - acquiring specific information for the action to be realized. This could be
observed in visuo-motor coordination tasks such as cooking, walking, and driving.

Despite the crescent availability of eye-tracking devices, the options are yet limited
as well as expensive. Thus, the need for predicting the gaze emerged. On static scenes, a
way to measure human attention is to calculate a saliency map, which describes regions
that attract human attention when looking for a picture. This bottom-up attention
model is based on the feature integration theory, were distinct visual features such as
color, intensity, and contrast on specific areas of the image leads to high saliency regions.
Mixing pixel-data, object properties, and semantic attributes, Xu et al. [2014] predicted
the human gaze on images through a linear SVM classifier. The training phase involved the
mentioned features as well as human fixation maps, an average of eye-tracking information
from persons when free viewing images, to predict saliency maps for static images. Using
DNN models, Huang et al. [2015] performed a transfer learning approach using fixation
maps to achieve state-of-art performance on saliency prediction. As an alternative to
eye tracking to describe human attention, Jiang et al. [2015] proposed a psychophysical
paradigm using observer interaction to approximate the human gaze in visual exploration.
Human eye-fixations on images were also predicted using LSTM-based saliency model,
such as in the work of Cornia et al. [2018]. The presented network focuses on the most
salient regions of the image, iteratively refining the predicted saliency map, through an

attention mechanism.
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However, when performing tasks, saliency models alone were inefficiently to de-
scribe/predict were in the scene the human attention is. As the bottom-up and top-down
attention mechanisms compete for eye dominance along with our interaction of the world,
a deeper understanding of their relationship could bring better results. In the work of Li
et al. [2013], egocentric cues from object manipulation tasks are used to estimate egocen-
tric gaze on videos. Based on psychophysical experiments that indicate that gaze, head,
and hand acts in a coordinated manner in many tasks, cues such as head motion, hands
position, and center bias are feed to a random regression forest to predict gaze location.
Their results show the applicability of the method in gaze prediction, as well as boost-
ing segmentation and action recognition tasks. Exploring the human attention transition
when performing hand-eye coordination tasks, Huang et al. [2018| proposed a hybrid CNN
model that integrates bottom-up and top-down attention information to predict gaze on
an egocentric video. A two-stream network pre-trained on ImageNet dataset extract tem-
poral and spatial features, that feed bottom-up and top-down attention modules, modeled
through saliency and attention transition. A late fusion network merges the result, out-
putting the predicted gaze. Modeling gaze uncertainties as a distribution, Li et al. [2018|
predicted gaze as well as actions on egocentric video. Using a Two-Stream 3D ConvNet
(I3D), it jointly learns how to predict gaze and action recognition tasks, with the output
of specific convolutional layers of the referred network. The joint training boosted action
recognition results - given the relationship between gaze and actions performed. However,
gaze prediction is modeled in a bottom-up fashion, leading to saliency-like performance.

Gaze information has attracted attention in many areas, such as product and
system design, visual advertisement, customer behavior analysis, shopping layout, and
computer-human interaction. In computer vision, many tasks were boosted with the
use of gaze information. In collaborative scenarios, Higuch et al. [2016] demonstrated
that gaze improves the task completion time by a worker when seeing the collaborator’s
gaze-+gestures in a workspace. They performed three user studies evaluating the perfor-
mance of participants when realizing assembling, identifying, and arranging objects tasks.
Gaze helped workers to capture collaborator’s implicit intents as well as immediate in-
structions, boosting activity completion time, and minimizing the occurrence of mistakes.
Focusing on activities that require eye-hand coordination, Fathi et al. [2012]| used gaze
and visual features to train an SVM able to recognize daily actions on egocentric videos.
The spatiotemporal relation among gaze, scene features (objects classification, color his-
togram, segmentation) and action was modeled onto a probabilistic generative model -
able to recognize actions and predict gaze. Gaze information was also used recently to
study the relationship between the bottom-up visual attention and task-based visual anal-
ysis Polatsek et al. [2018]. Through three low-level analytical tasks, it was analyzed the
eye-tracking of 47 participants to determine the influence of bottom-up image features

when a person performs exploratory and confirmatory analysis and presentation of data.
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To the task of video-guidance, the work of Damen et al. [2016] propose a unsuper-
vised method to discover objects and their usage by multiple users in order to create an
assistance system. It extracts useful data from egocentric videos such as objects appear-
ance and position, triggered by the presence of user gaze fixations. When assisting novice
users, it presents the most common objects usage snippets, as well as the most likely ob-
ject to be used next, automatically. On health-related studies, Gu et al. [2017] created a
vision-aided system based on visual analysis of gaze tracking to illustrate reading patterns
and help specialists on detection and verification of mind wandering cases. It created an
eye-tracking graph (ETGraph), where nodes represent clustered fixation patterns, and
edges are the saccades between them. ETGraph-based system aid users in understanding
reading patterns of persons and identify anomalous behaviors that can be characterized
as mind wandering.

This thesis takes a step towards emphasizing the relevant moments to the wearer,
enabling quick access to the information therein. We propose an attention model based
on the gaze that fast-forwards First-Person Videos while keeping the visual smoothness

and the required speed-up.
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Chapter 4

Methodology

Semantic hyperlapse methods highlight video segments given a previously defined seman-
tic, constraining these techniques to be used for specific purposes. As the wearer intents
are dynamic along with his/her interaction with the environment, methods must be able
to deal with a set of preferences that may change along the time, to extract useful infor-
mation. In this chapter, we present a methodology able to highlight the fluid interests of
the wearer using gaze information.

Our model is based on four main factors: i) the visual interaction of the wearer with
scene components; ii) temporal and iii) spatial-visual relevance of the scene component;
iv) avoidance of over watching video portions.

Modern wearable eye-tracking devices provide video and gaze data, which are used
to assign relevance to each frame according to the recorder gaze. In the first step of our
method, the visual interaction step, the object in focus is identified among all objects
detected, using gaze and image information. Its trajectory is tracked in the temporal-
visual relevance step using a tracking algorithm. Visual and geometrical features of the
object in focus are obtained in the spatial-visual relevance step, also contributing to the
frame scoring. In the last step of our method, a novelty term penalizes objects that
have been focused for a long time. After scoring all frames of the video and feeding the
semantic hyperlapse technique, a new video is created, emphasizing the relevant parts to

the wearer. Figure 4.1 illustrates the overview of the methodology.

4.1 Visual interaction

In First-Person Videos, the capture device is usually attached to the recorder’s
body or head and follows its movements. Additionally, when attached to the recorder’s
head through an eye-tracker device, gaze data provides an important clue to infer the
wearer preference at that moment, since gaze is deeply related to the user’s intentions

and interactions when performing tasks, as described by Yarbus [1967]. The recorder’s
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Figure 4.1: Proposed gaze-based semantic hyperlapse methodology. Using gaze and video
data provided by wearable eye-tracking devices, the object in focus o} is identified (green
dashed box) and its trajectory is tracked while it gots user attention. Analysis of temporal,
visual and geometrical features of o] composes the frame score, which feeds a semantic
hyperlapse technique, resulting in a new video that emphasizes the relevant parts to the
wearer.

visual interaction is modeled through the analysis of the scene components and the gaze
position. The scene components are defined using CNN object detectors.

Let f; be the i-th frame of the video, g; = [,]" be the gaze position regarding
frame 7 coordinate system and O; the set of bounding boxes of the detected objects in
the frame i. To infer which object is observed by the wearer, it is verified whether the
gaze position g; is lying inside of the bounding boxes of objects in the set ;. The result
is the set of objects O, C O;.

The non-occluded object with the smallest area is selected, assumed as the fore-

ground object, as follows

o; = argmin A(o?b), (4.1)

0j € O

where the function A(z%) returns the area of the bounding box x%

around the object x.
After inferring the scene component that the recorder is looking at, the visual interaction
component v(i) of the i-th frame is obtained regarding the eye-movement pattern mp(g;).
The mp(g;) is provided by the eye-tracker through calculation of raw tracking data, con-

sidering the eye position along the time. It is a classification of the eye movement at the
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frame 7. The v(i) term is defined as follows:

1.0, if mp(g;) = Fixation;
v(i) = 1 0.5, if mp(g;) = Saccade; (4.2)
0.0, if mp(g;) = Blink or Oy = 0.

The presented values for the visual interaction term wv(i) were chosen to express the
associated levels of attention, with the higher value assigned to fixation movement, a
medium value to saccade, and a null value to blink patterns.

At the end of this step, the term related to the visual interaction v(i) and the

object of which the user interacts in the ¢-th frame of the video are defined.

4.2 Temporal-Visual relevance

It is expected that objects of interest remain longer in the recorder’s field of view.
This behavior is modeled as the temporal-visual relevance of the semantic information,
penalizing scene components that have a short time life.

The life time of the object of is computed by tracking the object along with the
video. While tracking, many information are kept, such as the object identification,
its bounding box, the classifier’s confidence regarding the object class, tracking start
timestamp, tracking duration, and position. The tracking is performed from the start of
the visual interaction until the attention got dispersed, or the object disappear. Tracking
data is used to compute the temporal relevance of the object o, at the frame 7 as

L tr(of)
t(i) = T (4.3)

) indicates the tracking duration in frames of the object of, and T},4, is the

*
[

where tr(o

longest tracking duration considering all objects of a video V' composed of n frames,

Tinae = max (tr(o})) Yor eV |i=1,...,n. (4.4)

t(4) ranges from 0 to 1 and has the highest value when evaluating the longest tracking.
The tracking also brings robustness to our methodology since temporary oclusion
or sensor failures during the visual interaction will not mask the real wearer intention.
For example, if the recorder is focused looking to television and someone passes in front of
the television, the tracking process still holds the object position for a few frames, waiting

for interaction with the user’s gaze.
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4.3 Spatial-Visual relevance

In many computer vision tasks, such as saliency and semantic fast-forward, visual
analysis of the semantic elements such as their centrality, size, complexity, and color-
related characteristics are used to describe image importance. We highlight the works
of Judd et al. [2009], Xu et al. [2014], and Ramos et al. [2016]. In a similar fashion,

geometrical and visual features were embedded in our model as follows:

Relative area (a,:). The first geometrical feature is the ratio of the focused object o}

box bounding area w.r.t. the whole image, as presented on Figure 4.2:
ag; = A(0;") JA(f;), (4.5)

where z? indicates de box around object x, and A(.) is a function that returns the
bounding box area. a,+ ranges from 0 to 1, having the higher value for objects closer to

the camera.

Centrality (c,+). Visual perception experiments performed by Bindemann [2010] sug-
gest that observers tend to fixate the center of the observable area initially. This strong
center bias persists even when visual features are present off-center location on scenes.
This way, being central in an image captured by a wearable device also represents a fun-

damental cue about the scene component relevance for the wearer. The centrality is given

by

1
T T c@™® = el

where C(.) is a function that returns the central point of a rectangle, and ||.||, is the

(4.6)

euclidean norm. The maximum value of 1 happens when the center points are overlapping

each other. Ilustrated at Figure 4.3.

Frame's area

(in blue)

Object in focus
area (in green)

Figure 4.2: Relative area metric. Ratio of focused object area by image area, representing
relative proximity to the recorder.
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centers
distance

Figure 4.3: Centrality metric. Euclidian distance between image center and object center.

Focus (m,:). The third geometric feature used to compose the visual relevance is the
focus on the object of. This feature is derived from centrality, assuming that the recorder
is fully concentrated in an object when he is looking at any point of the vertical centerline
of the bounding box, as showed on Figure 4.4. As far as the gaze is horizontally from the

of the central section of the object, lower the focus is

1
M T T (g, — Clor™),]

(4.7)

where |.| is the absolute diference. Values range from 0 to 1 with maximum value when
the user is looking directly to the middle of the object.

The geometrical features obtained are based on information acquired by an object
detector, being directly related to the classifier confidence (d,+). We consider the d,: as a
weighting factor, once high confidence generally implies in high definition, non-occluded
and facing forward objects. The final spatial-visual relevance score s; of the i-th frame is
given by the sum of the three previous defined geometric features weighted by the visual
feature:

5(1) = (aor + Cor +Mgr) X dor. (4.8)

gaze and object centers
horizontal distance

object
center

Figure 4.4: Focus metric. Horizontal distance between image center and gaze.
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4.4 Novelty model

Since First-Person Videos rely on an unconstrained video domain, in some cases,
the recorder could perform a long task that requires visual focus, e.g., a video of a software
developer looking to the computer screen, a gamer playing, or an attendant talking with
customers. Given the design of the visual interaction term, when infering frame relevance,
all frames in a video segment could receive high scores, even when the task itself is not
relevant in its entirety. To avoid overly watching these segments, we propose to use a
novelty weighting factor n(i) — based on the tracking of object of and a decay function.
The decay function is applied to video segments, penalizing frames after a defined period
a. A conditional exponential decay function was chosen to decrease frame importance
after the a period rapidly.

The novelty weighting factor n(i) is defined as:

1 Jif et; < a;
e 2 , otherwise.
The term et; is given by
et; =i — tr(o;, start time stamp), (4.10)

where tr(of,start time stamp) returns the initial frame when the user first focused in
object of. The condition « is the number of frames considered as fresh information, after
that the frame relevance will be penalized by the lack of novelty. Values range from 0 to

1 with lower values related to tedious moments of the video.

4.5 Frame scoring

Given each term defined before, for the i-th frame, we assign the score

S; = v(i) x t(i) x (i) x n(i). (4.11)

In the visual interaction term (i), the attention level of the wearer is evaluated,
preferring moments where the beholder’s eyes remain stationary, i.e., fixation move-
ments. Temporal-visual relevance term #(i) explores the continuity of visual contact of

the recorder with scene components, as an object that attracted the recorder’s attention
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for a significant amount of time should be important — highly scoring frames in a segment
with long-time tracking objects. Scene components far from the wearer, in the image
border, or visually noisy, will penalize the frame score, as they do not present substantial
interactions or interest to the wearer - performed by spatial-visual relevance term s(7).
Although long-time tracking objects represent relevant video elements, they can become
the most important elements in the video. To address diversity in our method, these long
appearing objects are penalized, i.e., frames with newly focused objects will score higher
than the frames in which the same object has appeared enough. All the terms from the
Equation 4.11 can be obtained separately, however, the most important ones should occur
jointly, e.g., a long tracked object should be more important if it is near and in a central
position of the image. In that way, terms dependency is modeled through a multiply
operation among them. By processing all frames in the video, a relevance profile of the

video is created.

4.6 Semantic Hyperlapse

To achieve our goal of creating a video emphasizing the relevant moments for the
recorder, semantic hyperlapse algorithms are used, feeding it with our gaze-based video
relevance profile as semantic information. These techniques create the semantic hyperlapse
video by segmenting it into relevant and non-relevant segments according to the semantic
score level assigned to each frame of the video. Using an optimization function based on
the length of each segment, different speed-up rates are defined for each type of segment.
This process creates the emphasis effect by assigning lower rates to relevant segments.

A frame sampling approach is applied to select an optimal set of frames regarding
visual smoothness, the amount of semantic information, and length of the final video.
The result is a visually pleasant, hyperlapse video with the relevant segments highlighted.
Since our method can infer the user’s attention during the recording, and this model fed
the technique, the output is a video emphasizing the moments that caught the user’s
attention.

In this thesis, we feed the state-of-the-art techniques regarding semantic hyper-
lapse, Multi-Importance Fast-Forward (MIFF), and Sparse Adaptive Sampling (SAS)
along with our gaze-based video semantic profile S. MIFF is a graph-based optimiza-
tion method, presented in the work of Silva et al. [2018b], that splits the original video
into semantic segments, by levels of semantic information; while the SAS method of Silva
et al. [2018a] accelerates a video by applying an adaptive frame sampling scheme based

on sparse coding formulation and minimum reconstruction problem.
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Chapter 5

Experiments

In this Chapter, we describe the datasets used in the experimental evaluation, the imple-

mentation details, and the baselines techniques.

5.1 Datasets

Were used two datasets composed of videos recorded using eye-tracking wearable
devices: Georgia Tech Egocentric Activity (GTEA Gaze+)' and ASTAR?.

The GTEA Gaze+ dataset was presented in the work of Fathi et al. [2012] and
its data collected in Georgia Tech’s AwareHome - an instrumented house with a kitchen
containing all standard appliances and furnishings. The dataset is composed of videos
of seven meal preparation activities performed by six different subjects, as shown in
Figure 5.1. Participants must prepare meal following to food recipes: American Breakfast,
Turkey Sandwich, Cheese Burger, Greek Salad, Pizza, Pasta Salad, and Afternoon Snack.
Each activity takes around 10-15 minutes to be completed on average. The dataset
was built for action recognition and gaze prediction tasks, taking advantage of top-down
attention mechanisms when executing coordinated hand-eye tasks - such as cooking. In
coordinated hand-eye tasks, the eye anticipates hand movements aiding their execution to
attend the goal, being participative along with task execution. The dataset is composed of
37 videos in HD resolution (1280 x 960) at 24 frames per second (fps) with gaze tracking
data, action annotations, and hand masks. Gaze location was obtained using SMI eye-
tracking glasses at a sampling rate of 30 Hz. Actions were annotated with ELAN, a
linguistic annotator, using predefined verbs and nouns. An action is defined as a short
temporal segment on the video, such as putting sauce on pizza crust or washing the
mushrooms. GTEA Gaze+ dataset is used in action recognition, summarization, gaze

prediction, and other tasks.

'Publicity available at http://www.cbi.gatech.edu/fpv.
2 Available under request.
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Figure 5.1: Recipes preparation in Georgia Tech Egocentric Activity dataset. Gaze is
presented as a red circle.

The ASTAR dataset is the second used in our experiments, published by Ma et al.
[2012]. It is an unconstrained egocentric dataset with gaze annotation. This dataset was
recorded in an opened scenario, where participants perform free daily activities, such as
socializing, going to work, manipulating objects, and cleaning the house, as presented
in Figure 5.2. Unlike GTEA Gaze+, there were no instructions about what activities
should be performed during the recording. In that way, ASTAR is very challenging,
as the wearer performs various types of activities, triggering top-down and bottom-up
attention mechanisms, i.e., being attracted by visual characteristics of the scene as well
things related to an internal state. The gaze is the only information available to present
user intent. ASTAR contains 12 videos in HD resolution (1280 x 960) at 24 fps with gaze
tracking data and annotated actions, recorded by six subjects. The gaze information was
captured using SMI eye-tracking glasses, sampled at 30 Hz. Annotated actions were made
by three volunteers, describing overall information of the scene as the time of day, place,

a summary, and an activity such as social, walk, object, transit, and observe.
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A — A iy

Figure 5.2: Unconstrained recording of daily living activities in A*STAR Ego-Gaze
dataset. Gaze is presented as a red circle.

5.2 Implementation details

The gaze data present on both datasets were sampled at 30 Hz, while the video
stream was sampled at 24 fps. To register both data, we apply a linear interpolation
on gaze data and generate new gaze location coordinates sampled at 24 Hz. For each
interpolated gaze point, if it belongs to an existent interval of fixation or saccade, the
respective eye movement type is assigned. Otherwise, the gaze point is considered as
being a blink. In the end, we performed a cleaning step, by removing fixations with
negative coordinates as well transforming fixations with less than 500 ms (12 frames) in
saccades, because of sensor failures.

As discussed in Section 4.1, the scene component analysis was performed through
an object detector. For each frame, the selected object detector returns a set of bounding
boxes with the candidate objects with their respective confidence, excluding those below
a predefined threshold. We used the default confidence threshold of 0.5 of the selected
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method, the You Only Look Once (YOLO)3. YOLO is a CNN designed to the task of
object detection proposed by Redmon and Farhadi [2017]. The premise of YOLO is the
accurate and fast detection of objects, using a custom CNN able to perform image classi-
fication together with bounding box offset predicition in one pass, given a previous known
dataset distribution. The custom network, so-called Darknet-19 is mainly composed of 19
convolutional layers and 5 maxpooling layers, as depicted in Table 5.1. We use the YOLO
pre-trained version on Microsoft Common Objects in Context (MSCOCO)?* dataset, being
able to detect up to 80 classes, as defined on the research work of Lin et al. [2014].
Given the set of detected objects and the gaze information, we look for the object
in focus and track it until the user stops the visual interaction, or the object disappear.
The tracking is performed by using the tracking-by-detection algorithm Simple Online and
Realtime Tracking (SORT)?, proposed by Bewley et al. [2016]. SORT is as Multiple Object
Tracking algorithm that predicts the object location using Kalman filters and Hungarian
algorithm, to be used in realtime applications. We set the parameters min_hits and
max_hits as 3 and 7, respectively. With this setting, the tracking process starts when
there are at least 3 intersections between the gaze and the detected object. Also, it
keeps the tracking of the object for at least 7 frames, as soon as the visual interaction is

interrupted, bringing robustness to abrupt changes. During our experiments, these values

Table 5.1: Darknet-19 architecture

Layer Type Filters Size/Stride Output

Convolutional 32 3x3 224 x 224
Maxpool - 2x2/2 112x 112
Convolutional 64 3x3 112 x 112
Maxpool - 2x2/2 56 X 56
Convolutional 128 3x3 56 x 56
Convolutional 64 1x1 56 x 56

Convolutional 128 3x3 56 x 56

Maxpool - 2x2/2 28 x 28
Convolutional 256 3x3 28 x 28
Convolutional 128 1x1 28 x 28
Convolutional 256 3x3 28 x 28

Maxpool - 2x2/2 14 x 14
Convolutional 512 3x3 14 x 14
Convolutional 256 1x1 14 x 14
Convolutional 512 3x3 14 x 14
Convolutional 256 1x1 14 x 14
Convolutional 512 3x3 14 x 14

Maxpool - 2x2/2 TXT
Convolutional 1024 3x3 TxT7
Convolutional 512 1x1 77
Convolutional 1024 3x3 77
Convolutional 512 1x1 7Tx7
Convolutional 1024 3x3 77

3Publicity available at https://github.com/pjreddie/darknet.
4Publicity available at http://cocodataset.org.
SPublicity available at https://github.com/abewley/sort.


https://github.com/pjreddie/darknet
http://cocodataset.org
https://github.com/abewley/sort

5.3. Competitors 46

balanced the quantity and quality of tracked objects, respectively.

Regarding video content and frame-rate, in our experiments, we use o = 96 in the
novelty model (Section 4.4), as the videos were recorded 24 fps, treating the first 4 seconds
as fresh information.

To choose a good value to saccade eye movement in visual interaction v(i) score
term, we performed a grid-search method for values from 0.0 to 1.0 with a step of 0.1
on two videos of each dataset. On ASTAR, the videos were S007 C02 and S002_ C0S3.
On GTEA Gaze+, the chosen were Shaghayegh American and Alireza_ Snack. After
executing the methodology with the varying parameter, we evaluate the semantic quantity
present on videos generated, achieving better results with saccade equal to 0.5 - being the
chosen value.

After computing the semantic video profile (a curve with semantic scores of each
frame), we used a Gaussian function with o = 30 to smooth abrupt changes in the score
caused by fast camera viewpoint changes. As the last step, a Min-Max normalization is

applied, fitting values between 0 and 1.

5.3 Competitors

We compared our method against two semantic information extractors, i.e., Cool-
Net and YOLO-based, from two state-of-the-art semantic hyperlapse techniques: the
MIFF and SAS method.

MIFF is presented in the work of Silva et al. [2018b]. It is a fully automatic fast-
forward method for egocentric videos, that provides a balance between smoothness and
emphasis on relevant parts. By using a multi-importance approach, their methodology
splits the original video into semantic segments (composed of relevant frames), by levels of
semantic information. The adaptive frame sampling step involves creating graphs for each
segment. On a graph, a node represents a frame and each edge represents the transition
costs among them. It takes into account terms related to instability, appearance, velocity
and semantics. The frame sampling step is processed by computing the shortest path,
where the selected nodes represent the frames chosen for the fast-forwarded video. To
classify the semantic contents of a video, the authors proposed a CNN trained on web
video statistics of coolness — the CoolNet. This network architecture is based on the
VGG16 model, trained on MIT Places205 dataset and fine-tuned on a defined domain.
The CoolNet receives as input a frame f; and returns a value that indicates the probability
of this frame be considered cool by general users — being out first challenger.

The Sparse Adaptive Sampling method of Silva et al. [2018a] accelerates a video
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by applying an adaptive frame sampling scheme based on sparse coding formulation and
minimum reconstruction problem. An advantage of the SAS method is its capability of
leveraging the smoothness restrictions related to abrupt camera movements, which are
common in First-Person Videos. The semantics presented by the authors was defined as
the presence of faces captured by the Normalized Pixel Difference (NPD) face detector
algorithm. However, it is not fair to use face semantics in datasets like GTEA Gaze+
Gaze+, as there are no faces present in videos. Instead, we use YOLO-based semantic in
our experiments, obtained through the weighted sum of spatial features, such as relative
size and centrality, from detected objects at an image feed to the YOLO network.

In our experiments, we evaluated the power of extracting semantic information
based on the gaze and compare the results using YOLO and Coolnet semantic approaches.
Thus, we fed the two methods of adaptive frame sampling, i.e., sparse coding (SAS) and
sampling based on graph optimization (GS), and we analyzed the quality of the fast-
forwarded videos. The parameter setting of both techniques was performed as recom-

mended by the authors in the original works.
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Chapter 6

Results

In this chapter, we compared the accelerated videos generated extracting semantic in-
formation using our gaze-based method, the CoolNet and YOLO-based method. We
performed several quantitative and qualitative evaluations by analyzing the emphasis on

high attention tasks, diversity of objects being focused, and fast-forward metrics.

6.1 Results on visual attention tasks

We borrow the idea of this first quantitative analysis from the work of Xu et al.
[2015]. In their work, the authors evaluated the quality of the subshot extraction by
overlapping the subshots with ground truth task segmentation. The motivation of this
analysis relies on the premise that if a moment is labeled, then it has a meaning to the
watcher. In this metric, we analyzed the overlap of the emphasized video segments and

ground-truth tasks, which caught the user’s attention.

6.1.1 Evaluation metric

Each person proceeds in a different way to perform a task, delivering more or less
attention to elements on the scene, e.g., a person who does not cook has difficulties when
cutting legumes, differently from a chef who can cut it without looking at the legumes
entirely. Instead of just evaluating the intersection of selected segments with ground truth
tasks, we perform a filtering step on ground truth tasks, selecting those on which the eye-
tracking monitor logged at least 50% of the task duration as gaze fixation - defined as
high attention tasks. Semantic fast-forward techniques define the speed-up rate of each

segment regarding its relevance. So as high is the score, the lower is the speed-up rate. In
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our experiments, we found that some fail in identification or even low scores could lead
to an emphasis moment. However, the speed-up applied to these misclassified emphasis
segments is a value close to the speed-up of the non-emphasized segments. Therefore,
we only consider a true emphasis when the acceleration rate applied to the segment is
smaller than half of the required speed-up. The emphasized actions metric is calculated
by counting overlaps between segments of true emphasis on the accelerated video and

high attention tasks, given by

Fa=|ENH| (6.1)

where H is the set of high attention tasks of the video, E is the set of true emphasized
segments on accelerated video and [.| is the cardinality of a set of objects.

For more detailed performance assessment of the semantic extractor influence in
the creation of the final video, we fed the graph frame selection algorithm from the work
of Silva et al. [2018b], i.e., MIFF, with three semantic score extractors: scores given by
the CoolNet, the YOLO-based method, and our gaze-based scoring methodology. The
experiments were performed on the GTEA Gaze+ dataset due to annotations’ detail. For
the ASTAR dataset, we could not use the annotations since they are related to general

and continuous actions - such as walking, looking around, opening the door, and so on.

6.1.2 Discussion

Table 6.1 shows the number of high attention tasks that were truly emphasized by
the sampling techniques using different semantic scores. The values were presented as a
percentage between truly emphasized moments and high attention tasks for each video.

Accelerating videos with CoolNet presented the worst result, being unable to cap-
ture and emphasize user attention when performing tasks. The result is related to defined
semantic - what is considered “cool” by the network on presented videos. YOLO-based
method detects many kitchen elements on the scene; however, it does not emphasize
any specific object at all - creating a fast-forwarded video with high acceleration rates
(speed-up). Our method models the temporal interaction of the wearer with the sur-
rounding environment, better-selecting segments containing high attention tasks, being

more relevant to the wearer, in 28 out of 33 videos of the dataset.
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Table 6.1: Percentage of truly emphasized tasks on accelerated videos, among different
semantic score extractors, on GTEA Gaze+ dataset. For each video, we evaluate the
number of high attention tasks that were truly emphasized by our proposed method and
the competitors. Best in bold.

Videos CoolNet YOLO-based Ours
Ahmad_ American 1% 5% 14%
Ahmad_ Burger 18% 1% 6%
Ahmad_ Greek 1% 13% 26%
Ahmad_ Pasta 1% 10% 16%
Ahmad_ Pizza 4% 2% 12%
Ahmad_ Snack 4% 8% 4%
Ahmad_ Turkey 12% 1% ™%
Alireza_ American 8% 2% 14%
Alireza_ Burger 10% 10% 12%
Alireza_ Greek 24% 6% 16%
Alireza_ Pasta 23% ™% 17%
Alireza_ Pizza 6% 6% 16%
Alireza_ Turkey 17% 5% 6%
Carlos_ American 3% 3% 20%
Carlos_ Burger 5% 1% 18%
Carlos_ Greek 2% 0% 27%
Carlos_Pasta ™% ™% 8%
Carlos_ Pizza 6% 29% 42%
Carlos_Snack 3% 9% 27%
Carlos_ Turkey 6% 6% 14%
Rahul_American 0% 1% 20%
Rahul_ Burger 12% 0% 16%
Rahul_ Greek 3% 12% 20%
Rahul_Pasta 1% 8% 19%
Rahul_ Pizza 5% 3% 19%
Rahul_ Snack 8% 16% 16%
Rahul_ Turkey 0% 6% 16%
Shaghayegh _ Pizza 2% 17% 20%
Shaghayegh_ Snack 13% 12% 15%
Yin_ American 14% 6% 19%
Yin_ Burger 11% 10% 17%
Yin_ Greek 26% % 18%
Yin_ Pizza 0% 0% 12%
Yin_ Snack 8% 15% 26%
Yin_ Turkey 3% 0% 26%
Mean 7.6% 7.2% 17.2%

6.2 Diversity of objects in focus

In this evaluation, we analyzed the capacity of the methods providing a rich di-
versity set of objects. We quantified the detected objects in a Region of Interest (ROI)

around the user’s attention focus, through the gaze.
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6.2.1 Evaluation Metric

We are always gazing at something into the scene, to perform an action, or even
explore, visually interacting with objects in the environment. On this metric, our objective
is to quantify the amount of semantic information captured by the accelerated video, that
is useful to the camera wearer, using the desired semantic extractor. Given an accelerated
video, we extracted the gaze position on each frame and defined a ROI based on gaze
movement pattern, i.e., fixation, saccade, or blink. A ROI is defined around the gaze
coordinates to deal with gaze measurements imprecision, along the eye-tracking process.
For fixations, we used a ROI of 100 x 100 pixels sized centered on the gaze location.
Saccades have a smaller area the fixation, with 50 x 50 pixels, because of the dynamic
behavior of the movement, while the 0-area ROI is assigned to blinks. The next step
is to detect all objects in a frame using YOLO and obtaining the objects that intersect
with the defined ROI. Objects that intersect with ROI are considered of the potential
interest of the user. We also discard objects in the class person since when performing
daily activities in crowded environments, the user attention focus could not correspond

to their real intention or desire. The diversity metric is defined by

Do = Z |R(g:) N O, (6.2)

i=1
where NV is the number of frames on the accelerated video, O; is the set of detected objects
on the i-th frame, g; is the gaze position on the i-th frame, R(.) is a function that returns
the ROI around the gaze position and |.| is the cardinality of the resulting set of objects.

The metric outputs the number of objects in the surroundings of the wearers’ gaze,
along with the video. We used the videos from the ASTAR dataset and the graph frame
selection algorithm (GS) to fast-forward the videos based on the three mentioned semantic

scores: CoolNet, Yolo, and our model.

6.2.2 Discussion

Table 6.2 presents the results of the diversity of objects in the focus metric. Low
interaction of objects and user gaze was detected when using CoolNet and YOLO-based
semantic data, showing that selected frames were unable to highlight user intents. Our
model, instead, better-selected frames that contain objects in the vicinity of gaze position,

detecting more objects in 7 out of 10 videos. This result shows that the proposed method
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capture scene elements that attract the interest of the wearer, different from the other

techniques that only detect their presence.

6.3 Fast-forward analysis

The evaluation of fast-forwarding techniques relies on two quality factors of the
produced final video: the length and the frame transition shakiness. The length factor is
related to the adaptive frame sampling process. An ideal fast-forward technique should
sample the number of frames determined by the required speed-up while keeping the tran-
sition between frames as smooth as possible. Shakiness is the more challenging issue for

fast-forwarding techniques since it turns the final video unwatchable and even nauseating.

6.3.1 Evaluation metric

Instability is an index to measure how visually pleasing is the video considering
the shakiness of frame transitions. It calculates the cumulative sum over the standard

deviation of pixels in a sliding window over the video, defined as

Z]eB fj 1)
In= \/ Sy : (6.3)

where N is the number of frames in the video, B; is the i-th buffer composed by Ng

Table 6.2: Object detection measurement among techniques on ASTAR Dataset. We
present the object count for each video and technique for a defined ROI. Best in bold.

Videos CoolNet YOLO-based Ours
5001 C01 112 123 96
S001_C02 115 124 128
S001_C03 129 135 157
5002 _C01 53 41 88
S002_C02 330 369 606
5003 C02 345 517 418
S003_C03 44 58 136
S004_C02 72 55 154
5004 CO03 140 107 176
5007 _C01 350 342 197

Mean 169.0 187.1 215.6
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temporal neighborhood frames, f; is the j-th frame of the video, £ is the average frame
of the buffer B; , M(-) is a function that returns the mean value for the pixels of a given
image and In indicates the instability index of the video. The less the In value, smoother
the resulting video.

The Speed-up metric measure how well the hyperlapse techniques respect the re-
quired speed-up. It is given by the absolute difference of the achieved speed-up rate from
the required speed-up rate. The achieved speed-up rate is the ratio between the number
of frames in the original video and its fast-forward version, as showed on Equation 6.4 In
this thesis, we used 10 as the required speed-up. We performed frame sampling using SAS
and MIFF. Both methods were fed with our proposed frame scoring in GTEA Gaze+ and
ASTAR datasets.

, (6.4)

where N is the number of frames in the video, N, is the number of frames in the accelerated
video, 7, is the required speed-up rate, |.| is absolute value of a scalar and Sp is the
deviating speed-up value from the required speed-up. Both metrics were defined by Silva
et al. [2018b).

6.3.2 Discussion

Table 6.3 presents the speed-up and instability values for the output videos created
by all three techniques. These results demonstrate that our gaze-based frame scoring
is feasible to be combined with the semantic fast-forward techniques since it did not

negatively affect the frame sampling step. It is worth noting that the combination of the

Table 6.3: Comparison of the methods regarding the achieved speed-up and video insta-
bility. We combined our scoring with the frame sampling step of SAS and MIFF. Best in
bold.

Dataset SAS MIFF
atase CoolNet YOLO-based Ours CoolNet YOLO-based Ours

=N
T ASTAR 30.54 32.50 30.26  33.67 35.34 32.46
§ GTEA Gaze+ 22.32 20.74 23.15 27.18 27.36 28.66

~
,§ ,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,
T ASTAR 0.14 0.14 0.16 0.27 1.62 0.38
% GTEA Gaze+  0.48 0.80 0.26 0.17 0.02 0.10
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proposed scoring methodology with the SAS adaptive sampling achieved the best average
value for Instability in the ASTAR dataset and the second-best for GTEA Gaze+. For

the Speed-up metric, excluding a few outliers, all values represent decimal differences.

6.4 Qualitative analysis

In this section, we discuss the visual results when accelerating the input video using
the different frame scoring (Ours gaze-based, YOLO-based, and CoolNet) combined with
MIFF frame sampling on ASTAR and GTEA Gaze+ datasets.

To highlight the frame scoring capability of our technique, we present the top-10
scored frames according to CoolNet, gaze-based, and YOLO-based methods, for one video
from each dataset. We select the top-10 frames performing a local maxima search, with
a restriction of at least 240 frames (10 seconds) separating each peak.

Figure 6.1 presents the top-10 frames according to the semantic scores obtained
using three methods: Coolnet, YOLO-based, and gaze-based - for the video S007 CO01.
This video records the path traveled by a person using an eye-tracker, from a workplace
to a coffee shop. When using the CoolNet, the presence of radical sports and beautiful
landscapes related elements could trigger a high score on evaluated frames. However, in
this video, it highlights frames related to brighter regions and with wooden appearance.
These frames should contain useful objects; indeed, it is not guaranteed that they lie on
the user’s attention focus. For example, in the 6th frame, a person is in the central region
of the scene, while the camera wearer looks to the column - an object that usually should
not catch attention. Other frames such as 2, 5 and 10 present image-like landscapes,
with far from view images, on which the wearer is blinking or looking outside the visual
recorder camera area.

The YOLO-based semantic score is obtained through the sum of detected objects
size and position on the frame. In this way, frames with higher scores contain many
objects, preferably those near the camera wearer. It should be noted that the two most
important frames have little or no interaction with the user gaze, being irrelevant to the
user in the video context, as well as in frames 4, 9 and 10. Moreover, some of them do
not bring any useful information about a user interest, such frames 1 and 8.

The top-10 frames obtained by the gaze-based scoring method highlights scenes
were the user gaze interacts with objects detected on the scene. As our technique takes
into account the object size, relative position, temporal relevance, and attention level
- it is expected that emphasizes the implicit interaction of the user with scene related

elements. This could be seen in interaction with people face to face, on frames 1, 2, 6 and
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8; or when using hands to handle an object as in frames 3, 5 and 10.

CoolNet and YOLO-based semantics were unable to model the importance of the
objects through time. These methods rely on pre-defined semantics that cannot be modi-
fied during their execution, ¢.e., their context is static. The most important video segment
selected by those techniques is defined by the presence of near elements on a single frame.
Since they use only image characteristics, it may highlight video regions without relevant
information to the camera wearer. Instead, our approach can dynamically select a subset
of objects which are relevant to the camera wearer along with the video, without explicit
intervention, just employing user attention — the eyes of the camera wearer act as a
selector of what is important.

We show the top-10 frames according to the semantic scores obtained using three
methods mentioned before, on Yin_American video, as exhibited in Figure 6.2. The
semantic score obtained using CoolNet presents a noisy behavior, triggering high scores
on scenes in which a white wall and a kitchen cabinet table appear. Four of these frames
are a little blurred (1, 3, 5 and 8) or do not contain detectable objects in the central
region of the image (4 and 10).

YOLO-based semantic score presents frames that contain important visual infor-
mation; however, 6 out of 10 frames highlight the same object that occupies a large part
of the scene - an oven. These frames also contain many objects that contribute to their
high score. Our methodology gives high scores to frames that contain camera wearer
interactions with objects, as well as not being affected just by the presence of the scene
objects.

Gaze-based scoring methodology was capable of modeling the user interest dy-
namics when interacting with objects in the environment, even though we are always in
contact with visual information. The tracking of the objects of interest, as well as the
novelty model, are able to filter the visual information flood that we are exposed - as
visualized into the graphs presented with the figures. While Coolnet and YOLO-based
semantic information are noisy, gaze-based is smooth; being able to highlight different
parts of the video relevant to the camera wearer.

In Figure 6.3, we present the semantic profile (blue line) and the speed-up rate for
two specific frames from video S003_C02 of the ASTAR dataset when using: CoolNet,
YOLO-based, and our gaze-based attention model. The frame on the left received a high
value in our model because of the interaction between the bus and the wearers’ gaze. A
crescent value is assigned when using YOLO-based information as a semantic score due
to bus detection and its crescent proximity throughout the time. CoolNet output high
semantic values due to the presence of trees in the background. In the frame on the right,
our method assigned low values of relevance since there is no interaction with the user’s
attention (red circle) and a scene component. The YOLO-based semantics returned a

higher score due to the presence of several people on the scene. For CoolNet, the low
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scores obtained should be related to the indoor-like scenes, as the recorder is inside a bus,

with little portion of coolness in the video such the presence of trees. YOLO detected

Coolnet

Semantic
Information

YOLO

Semantic
Information

Frame Number

Gaze-based

Semantic
Information

Frame Number

Figure 6.1: Top-10 frames, according to the semantic score computed by three different
semantic information extraction approaches on S007 C01 from ASTAR dataset. Frame
importance is ordered from left to right, top to down. Wearers’ gaze is presented as
a circle, with fixations and saccades showed on green and yellow colors, respectively.
Frames without circle mean blink. The score graph with the red crosses highlights the
top-10 frames.
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Figure 6.2: Top-10 frames, according to the semantic score computed by the three differ-
ent semantic information extraction approaches on Yin_ American from GTEA Gaze+
dataset. Frame importance is ordered from left to right, top to down. Wearers’ gaze
is presented as a circle, with fixations and saccades showed on green and yellow colors,
respectively. Frames without circle mean blink. The score graph with the red crosses
highlights the top-10 frames.

many objects in both images, leading to high speed-up rates on interesting segments while

highlighting a moment in the bus where the gaze is lost. CoolNet gives high scores to



6.4. Qualitative analysis 58

0

Figure 6.3: Example of two scenes and the semantic score computed by three different
semantic information extraction approaches.

many regions of the video, being unable to really emphasize specific moments of them.
Both images contain distinguishable scene elements, but our method remains unaffected
by their presence unless it arouses the interest of the wearer.

Figure 6.4 shows parts of two videos recorded by different subjects preparing a
snack receipt. The snack should be prepared rigorously following the recipe. We used
the videos Carlos Snack and Shaghayegh Snack from GTEA Gaze+ Dataset. In this
example, we present the semantic scores of our method for two different moments of the
receipts execution. For the first subject, a high semantic score is assigned at the moment
the person interacts with the microwave oven. The high value is related to the attention
focus on the object along the time. When preparing the peanut butter, a small value
is obtained, due to the absence of focus along with the action. When considering the
video of the second subject, we observe the opposite. The microwave does not attract
the attention of the user, receiving a low semantic score, differently of the bowl with the
peanut butter, which received a high score for P2. Even following a recipe, each of the
recorders acts in their way to complete the tasks with the same available resources, based
on their experience and feelings. Our gaze-based methodology was capable of capturing

this behavior, as highlighted by the wearer.
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Figure 6.4: Two different persons (P1 and P2) cooking a snack receipt. The blue curve
shows the semantic score for each scene computed by our method. Red circle represents
the gaze.
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Chapter 7

Conclusion

In this thesis, we presented a new attention model based on the fusion of gaze and visual
information, and a scene novelty modeling that is used for emphasizing relevant moments
to the camera wearer on FPV. The attention model is based on visual and geometrical
information of the image. Different from previous works, where the semantics are defined
a priori, there is no requirement of predefining the semantic information in our model.
The semantics are extracted by the wearer’s behavior observed in the gaze. We evaluated
our approach in two datasets, against two state-of-the-art methods on fast-forwarding
first-person videos. They show that in the coverage of tasks that need user attention, our
method shows a better average result of 9.6 percentage points to the best competitor.
Futhermore, considering the semantic load present on the accelerated video, our method
captured 15% more objects in the gaze surroundings than the best competitor. Still,
our method does not impair the frame sampling step from the used hyperlapse methods.
Visual results presented our method ability to capture the user’s intentions, as well as
the underlying behavior of the subject. Thus, our methodology outperformed the state-
of-the-art techniques, generating accelerated videos that emphasize the user’s behavior,

generalizing well in many contexts.

7.1 Limitations

One major limitation of our method is the requirement of egocentric gaze data, as it
gives clues about camera wearer intentions. This requirement constrains our methodology
to be applied to a small set of egocentric videos - that one made using wearable eye
trackers.

Moreover, wearable eye trackers are expensive, leading to a limited number of
egocentric datasets containing gaze data, even more with medium to long videos, suitable
to generate accelerated videos. These factors constrain our experiments to just a few

datasets.
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Another limitation is that the method performance is related to the object detec-
tion technique, as , i.e., the number of classes that the detector is able to classify and
its accuracy. Recent object detectors are generally trained on well-known datasets such
as PASCAL-VOC and MS-COCO datasets, with 20 and 80 object classes, respectively.
Moreover, as our methodology considers a visual interaction when the user gaze intersects
an object perimeter, some objects can be over considered by us - their real perimeter is
smaller than the detected bounding box.

Although our model penalizes overexposed segments of a tracked object on the
video, it cannot handle the uniqueness of these objects. For diversity reasons, an already
detected object should not appear anymore in the selected segments. For example, if
the recorder interacts with an object in different instants of the video, being this object
uninformative for the understanding of the video — such as a coffee machine.

At last, our scoring framework, summarized in Equation 4.11, does not weigh the
frame scoring associated terms, leading all of them with the same importance. Some
of them should have more impact when expressing the user’s attention. Moreover, the
multiplication strategy can put noise on the final score value just by the presence of small

values in one of the terms of the equation.

7.2 Future work

One approach to solving the gaze dependency problem is to use gaze prediction
algorithms, providing egocentric gaze data to feed our algorithm. Although, it should be
noted that many of these methods predict gaze from image features, based on bottom-
up attention mechanisms, not caring about the temporal dependency of gaze. Recent
methods, as the work of Huang et al. [2018], mix bottom-up and top-down cues of a
specific-domain task to predict the gaze. The obtained results are promising, indeed
they can be applied only to videos of the same domain. Another approach is to predict
the frame importance based on our methodology. An initial attempt was made using a
3D CNN, based on the work of Tran et al. [2015]. We modified the C3D architecture
to perform gaze-based frame score regression, using the values obtained by our method.
Other modifications include the size reduction of some layers to adjust the needed for
data. Some tests were performed, and despite the initial results, some adjustments need
to be made for a proper result in many scenarios. Using these approaches, may it should
be possible to overcome the barrier of gaze annotated videos.

For network training and methodology evaluation, many more datasets providing

gaze data were needed. Following previous attempts, an affordable eye tracker can be built
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using consumer cameras, in order to create egocentric gaze-enabled datasets. Following
the works of Kassner et al. [2014]; Schneider et al. [2011], we built an eye-tracker prototype,
described in Appendix A.

To mitigate the problem of limited object detection in current techniques, an object
detection model can be trained in other recently released datasets that provide up to 1200
categories, such as LVIS! dataset. Furthermore, to solve the problem related to our visual
interaction detection, an object instance segmentation networks could be used instead of
object detectors, such as Mask R-CNN from He et al. [2017], better selecting visually
interacted objects.

To handle the object’s uniqueness along with the accelerated video, dealing with
object diversity, we can extract tracked object features, as well as scene features, in order
to build a video index and allow objects to appear once in the video.

Dealing with the weighting problem of our frame scoring model, we can study the
impact of each term and assign parameters that regularize their influence on the frame
relevance. Multi-task learning approach can be employed to explore the parameters space,
achieving an optimal set of parameters capable of best expressing the user’s desire. To
guide such approach, as well as to better understand the user’s intentions, a qualitative

study on the results obtained should be conducted.

"https://www.lvisdataset.org/
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Appendix A

Wearable eye-tracking glass

construction

In this appendix we provide instructions of how to build a wearable eye-tracking glass
using consumer cameras and a free and open-source software provided by Pupil Labs!.

Wearable eye-trackers glasses allow to capture egocentric gaze, describing the eye
movements. However, they are costly and with limited options. At most, there are few
datasets with gaze data publicity available - even more with medium to long sized videos.

To overcome this, we propose to build an eye-tracker device, following the ideas
of Babcock and Pelz [2004]; Li et al. [2006]; Schneider et al. [2011] and Kassner et al.
[2014]. The afforementioned software Pupil Apps? would be responsible to detect eye
fovea, create the eye tridimensional model and project the gaze into 2D image.

To build the eye-tracker, two types of cameras are needed: a world and an eye
camera. A World camera replicates the vision of the wearer of the camera, capturing the
environment images with same viewpoint of the wearer - with the highest possible field-
of-view. The eye camera is used to record eye movements, providing data for the eye’s
3D model and pupil’s detection algorithm. To enhance the results obtained by the pupil’s
detection algorithm, reducing ilumination influence, sensible IR cameras are generally
used. It is possible to track one or both eyes, in a monocular or binocular configuration,

respectively. In this Appendix, we will build a monocular eye-tracker.

A.1 Hardware requirements

The following items are necessary:

1. Near IR LED

https://pupil-labs.com/
’https://github.com/pupil-labs/pupil/releases/latest
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2. Visible light filter

3. Plastic clamps

4. Eyeglasses frame + camera frames
5. World camera

6. Eye camera

7. M2x12mm flat screw and nuts

Near IR LED Digital camera containing CCD and CMOS sensors are sensitive to
light with wavelengths between 400 — 1100nm, as showed on Figure A.1. Many times, IR
light on environment is insuficient to highlight the pupil, being necessary to use external
ilummination such as LEDs. However, as any radiation source, IR light could be hazardous
to the user of the eye-tracker device. Some research already defined safe limiars to near-ir
light exposition into the eye, such as the works of Mulvey et al. [2008]; Kourkoumelis and
Tzaphlidou [2011]; ICNIRP [2006] and Claus and Alfons [2018]. An irradiance level less
than 10mW /cm? is considered safe for chronic IR exposure (more than 10000 seconds) in
the 720 — 1400nm wavelength range.

If not provided, it should be necessary to caracterize the irradiance and wavelength
of the used IR LED - using a radiation meter and a spectrometer. We used commom 3mm
Near IR leds, with a resistor of 200§2. LED outputs at A = 940nm with a radiance flux
of 0.291mW at 4cm, as presented on Figure A.2. As our sensor diameter is @ = 9.5mm,
the sensor area is 0.94cm?; leading to a calculated irradiance of 0.31mW/cm? - far bellow

the safe limits.

Visible light filter As we intent to just capture Near IR wavelenght light, an visible
light filter should be placed between lens and the image sensor. We used a home made
filter, with used photography camera film (Figure A.3). Two or three layers could be
sufficient to block visible light.

CCD Sensor response

Relative response

Wavelength (nm)

Figure A.1: CCD Spectral response. Image obtained from http://www.astrosurf.com/
luxorion/photo-ir-uv3.htm.
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Figure A.2: (a) 3mm IR LED. (b) Radiation meter measuring IR LED power at 4cm
distance.

Plastic clamps Plastic clamps were used to hold camera and light cables. Ilustration

on Figure A 4.

Eyeglasses frame + camera frames We use an eyeglass frame as suport to cameras
and LED. Original camera cases were removed, and printed ones which better adapt to
the eyeglass are used. We provide these models, and it should printed using ABS plastic

with the following 3D printer configurations:

e Layer Height: 0.1 mm

e Infill Density: 50%

Infill Pattern Type: Grid

Bottom Solid Fill Layers: 4

Top Solid Fill Layers: 8

Gap filling: Fill Gaps in Shells

The eyeglass frame® model is publicity available on Thingiverse comunity site. It is

under CC 3.0 License, and no modifications were performed on the model. After printed,

Figure A.3: Photographic Film.

Shttps://www.thingiverse.com/thing:2386143/files
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Figure A.4: Plastic clamps.

it should appear as the Figure A.5. To fix the world and eye camera supports into the
eyeglass frame, two holes must be drilled on the right temple of the eyeglass.

Logitech C270 camera case was built on top of Logitech C270 Webcam Cover Re-
placement (with GoPro Mount) model?, with some modifications. This model is also
under CC 3.0 License and it is modified version can be found in our github repository?,

as well as Microsoft Vx-7000 camera case and supports.

World camera Any camera could be used as world camera, however it must be UVC
compliant (a webcam specification) to be detected on Pupil software. It’s prefered to use
cameras with a wide field-of-view (FOV) and higher resolution. We used a Logitech C270,
an HD resolution (1280 x 960) camera with 30 fps and 60° diagonal FOV.

Eye camera Choose an eye camera UVC compliant and with at least 30 fps. The
recomended was a camera with 120 ~ 200 fps without IR Filter - the camera could have
low resolution (such as 320 x 240). If the desired camera contains a IR filter, be sure that
it can be removed. Dark Pupil detection employed by the software needs IR ilumination
together with enhanced IR capture - thus needing this removal. We use a Microsoft
VX-7000, configured in 320 x 240 resolution and 30 fps.

-

Figure A.5: Eyeglass frame.

‘https://www.thingiverse.com/thing: 3748407
Shttps://github.com/verlab/EyeTracking_Glasses
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M2x12mm flat screw and nuts M2 screws were used to attach frame parts. We need

at least 10 screws and nuts.

A.2 Cameras dissasembly

A.2.1 World camera dissasembly

We describe the dissasembly of Logitech C270 camera to put into a printed camera
case, that includes a support for the world camera, being attached to the eyeglass frame.

To realize it, just perform the steps bellow, as visualized on Figure A.6.

1. Remove the outer plastic from frontal case.
2. Without the cap, remove three screws on top of the frontal case.

3. Remove the two screws that holds circuit into the back case, as well as the nut that

holds the circuit wire.
4. Use M2x10mm (2x) screws to attach printed camera case to the world support.

5. Put the camera circuit into printed camera case and screw it using original circuit

SCrews.

6. Put the front part on the camera. The result is a world camera mounted into printed

case with a support.

A.2.2 Eye camera dissasembly

Dark Pupil algorithms performs better when using IR images. When using con-
sumer cameras, proper ilumination as well as adequation of necessary camera filters should
be done. RBG cameras generally contains IR-blocking filters, that must be replaced by
IR-pass ones. The Figure A.7 depicts the Microsoft VX-7000 dissasembly steps to turn it

a suitable camera for eye-tracking.



A.2. Cameras dissasembly 75

1. Remove screw from the camera back plastic.

2. Put the camera front using a tool.

3. Remove the screw holding the usb wire.

4. Remove the two usb connections, plug and soldering.

5. Remove screws present on metal plate containing the CMOS sensor and the circuit.

Detach the circuit using a tool.

Figure A.6: C270 dissasembly steps. (a) Frontal outer plastic removal. (b) Frontal case
screws removal. (c) Circuit screws removal. (d) Nut holding circuit wire. (e) Original
camera parts. (f) Camera circuit and printed case (g) World camera support and camera
case (h) Final parts. (i) Camera circuit assembled on printed camera case. (j-k) Final
result.
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10.

. The lens holder is on the top of the sensor area. It contains lens and a Near IR filter.

A small quantidity of glue marks the factory focus adjustment. The glue must be

removed to properly remove lens holder.

Remove the IR filter (the red glass on bottom of lens holder), with extreme care.

The set of lens is near of IR filter; damaging it would turn camera invalid.

Cut photographic film in round circles to replace IR filter, blocking the visible light
and being an IR-pass filter.

. Mount the camera in printed eye-camera frame.

Test the camera output.

A.3 Eye tracker results

Following the described steps, the eye-tracking glass should appear as the one on

Figure A.8. Before executing the calibration steps on Pupil software, it should be possible

to see eye gaze as well the pupil detection model.
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Figure A.7: VX-7000 dissasembly steps. (a) Camera back screw removal. (b-c¢) Camera
front removal using a tool. (d) USB wire removal. (e) Disconnection of USB cable. (f)
Sensor area screws and detaching from front camera case. (g) Camera circuit and front
camera part. (h) Camera circuit. (i) Lens holder on top of CMOS sensor. (j) Lens holder
and camera circuit. (k) Top view from CMOS Sensor, IR Filter and Lens set. (1) Camera
parts and cutted photographic film. (m) Image obtained from assembled camera, with
IR-pass filter.
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Figure A.8: The wearable eye tracker. (a) A person using the eye tracker. (b) Pupil
detection. (c¢) Gaze into viewed image.



	1 Introduction
	1.1 Problem
	1.2 Research Goal
	1.3 Thesis Statement
	1.4 Contributions
	1.5 Organization

	2 Background
	2.1 Summarization
	2.2 Fast-forward
	2.3 Hyperlapse
	2.4 Semantic Hyperlapse
	2.5 Gaze
	2.5.1 Eye trackers


	3 Related Work
	3.1 Video Summarization
	3.1.1 Important to the viewer
	3.1.2 Important to the wearer

	3.2 Fast-Forward
	3.2.1 Hyperlapse
	3.2.2 Semantic Hyperlapse

	3.3 Gaze

	4 Methodology
	4.1 Visual interaction
	4.2 Temporal-Visual relevance
	4.3 Spatial-Visual relevance
	4.4 Novelty model
	4.5 Frame scoring
	4.6 Semantic Hyperlapse

	5 Experiments
	5.1 Datasets
	5.2 Implementation details
	5.3 Competitors

	6 Results
	6.1 Results on visual attention tasks
	6.1.1 Evaluation metric
	6.1.2 Discussion

	6.2 Diversity of objects in focus
	6.2.1 Evaluation Metric
	6.2.2 Discussion

	6.3 Fast-forward analysis
	6.3.1 Evaluation metric
	6.3.2 Discussion

	6.4 Qualitative analysis

	7 Conclusion
	7.1 Limitations
	7.2 Future work

	References
	A Wearable eye-tracking glass construction
	A.1 Hardware requirements
	A.2 Cameras dissasembly
	A.2.1 World camera dissasembly
	A.2.2 Eye camera dissasembly

	A.3 Eye tracker results


