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Abstract

We are living in an era where digital content is being produced at a dazzling pace. The heterogeneity
of contents and contexts is so varied that a numerous amount of applications have been created to
respond to people and market demands. The visual content production pipeline is the generalisation
of the process that allows a content editor to create and evaluate their product, such as a video, an
image, a 3D model, etc. Such data is then displayed on one or more devices such as TVs, PC monitors,
virtual reality head-mounted displays, tablets, mobiles, or even smartwatches. Content creation can
be simple as clicking a button to film a video and then share it into a social network, or complex as
managing a dense user interface full of parameters by using keyboard and mouse to generate a realistic
3D model for a VR game. In this second example, such sophistication results in a steep learning curve
for beginner-level users. In contrast, expert users regularly need to refine their skills via expensive
lessons, time-consuming tutorials, or experience. Thus, user interaction plays an essential role in the
diffusion of content creation software, primarily when it is targeted to untrained people. In particular,
with the fast spread of virtual reality devices into the consumer market, new opportunities for designing
reliable and intuitive interfaces have been created. Such new interactions need to take a step beyond
the point and click interaction typical of the 2D desktop environment. The interactions need to be
smart, intuitive and reliable, to interpret 3D gestures and therefore, more accurate algorithms are
needed to recognise patterns. In recent years, machine learning and in particular deep learning have
achieved outstanding results in many branches of computer science, such as computer graphics and
human-computer interface, outperforming algorithms that were considered state of the art, however,
there are only fleeting efforts to translate this into virtual reality.

In this thesis, we seek to apply and take advantage of deep learning models to two different
content production pipeline areas embracing the following subjects of interest: advanced methods for
user interaction and visual quality assessment. First, we focus on 3D sketching to retrieve models
from an extensive database of complex geometries and textures, while the user is immersed in a virtual

environment. We explore both 2D and 3D strokes as tools for model retrieval in VR. Therefore, we
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implement a novel system for improving accuracy in searching for a 3D model. We contribute an
efficient method to describe models through 3D sketch via an iterative descriptor generation, focusing
both on accuracy and user experience. To evaluate it, we design a user study to compare different
interactions for sketch generation. Second, we explore the combination of sketch input and vocal
description to correct and fine-tune the search for 3D models in a database containing fine-grained
variation. We analyse sketch and speech queries, identifying a way to incorporate both of them into our
system’s interaction loop. Third, in the context of the visual content production pipeline, we present a
detailed study of visual metrics. We propose a novel method for detecting rendering-based artefacts in

images. It exploits analogous deep learning algorithms used when extracting features from sketches.
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Sketching in VR is a relatively new field and largely dedicated to creative activities, such as is the
case for drawing in Google TiltBrush!. The ability to add incorporate external elements such as 3D
models can be handled but requires moving from the current activity (sketching) to floating menus or
gestures. In contrast, in this thesis in Chapter 3, we explore different interactive methods of sketching
to search for a 3D model without interrupting the VR experience and also sketching activity. Such
techniques could be added as plugin to either creative applications or professional modelling in the
engineering and architecture disciplines. This impacts the professional activities by streamlining tasks
without the need for context switching. In Chapter 4 the 3D immersive sketching is extended with
the addition of an intuitive modality, speech, which provides different expressive power to improve
accuracy and user experience. Our study highlights the possibility to use a coherent strategy for
integrating further input modalities and can be additionally integrated into such content creation and
professional tools.

Visual content production pipeline benefit from our work in Chapter 5 detailing an innovative
model to assess image quality and identifying potential visualisation issues. This approach can be used
within game engines to evaluate if downsampled textures can be used instead of the full-resolution
version. Loading lighter assets helps the performance of products that run on devices with limited
memory resources such as VR HMD. If such resources need to be fetched from the network, we reduce

the bandwidth consumption and speed up the downloading process.

"https://www.tiltbrush.com/


https://www.tiltbrush.com/

Acknowledgements

Firstly, I express my sincere gratitude to my supervisor Prof. Anthony Steed for the support of my
PhD study and research, for his motivation, patience, and vast knowledge. His guidance helped me in
all the time of research and writing of this thesis. I could not have imagined having a better supervisor
and mentor for my PhD study. Besides my supervisor, I would like to thank Dr Stuart James for his
insightful comments and encouragement. His positive attitude spurred me to always improve myself
and my research. My sincere thanks also go to Prof. Karol Myszkowski, who provided me with an
opportunity to join his team during my secondment in Germany, and who gave access to the laboratory
and research facilities. Without his precious support, it would not be possible to conduct this research.
I thank my fellow lab-mates for the stimulating discussions, for the sleepless nights we were working
together before deadlines, and for all the fun we shared in the last years. In particular, I am grateful
to Alejandro for enlightening me the first glance of research and support me with inspiring ideas
during all the PhD. I thank my best friend Mirco that supported me in the hard times and inspired me
with enlightening chats. Last but not least, I would like to thank my family. Here in London with
my beloved Ilaria and my adorable son Dante, born almost three years ago that always supported me
unconditionally. In Italy, my parents Daniela, Vanni and my sister Anna for supporting me spiritually
throughout this wonderful British experience and my life in general. And all my lovely cats, especially

Jerry, that will be always in my heart.



Contents

1 Introduction 18
1.1 Interaction and algorithms in mixed environments . . . . . . . . . ... ... .... 20
1.2 Deep Learning Applied to the Visualisation Pipeline . . . . . . ... ... ... ... 21

1.2.1  Deep Learning and Human Computer Interaction . . . .. .. .. .. ... 21
1.2.2  Deep Learning and Visual Quality Metrics . . . . . ... ... ... .... 22
1.3 Contributions . . . . . . . . .. e 22
1.3.1 Sketch-based Model Retrieval in an Immersive Environment . . . . . . . . . 23
1.3.2 Multi-modal interaction in virtual reality . . . . .. .. ... ... ... .. 25
1.3.3 Data-driven visual metrics . . . . . . . . .. ... . Lo 27
1.4 Structure of this Thesis . . . . . . . . . ... . 29

2 Literature Review 31
2.1 Introduction . . . . . . . . L e e 31
2.2 Sketch-based Retrieval . . . . . . ... ... L L 31

2.2.1 Sketch-based Image Retrieval . . . .. ... ... ... ........... 31
2.2.2 3D Sketch-based Retrieval and Interaction . . . . . . . ... .. .. .. ... 32
2.3 Sketchin Mixing Realities . . . . . . . .. . ... .. 37
2.3.1 3D Sketchingin AR/VR . . . . ... ... ... .. o 37
2.3.2 Feedback for Virtual Reality . . . . ... ... ... ... .......... 38
2.4 Speech in Multimodal Interaction . . . . . ... ... ... oL 39
24.1 Multimodal Interaction . . . . . . ... ... 39
242 SketchandSpeech . . .. ... ... ... .. ... .. .. .. ... 40
2.43 Speechin Virtual Environments . . . . .. ... ... ... .. ... 41
2.4.4 Gesture and Speech in Virtual Environments . . . . . . . ... .. ... .. 42

2.5

Visual MEetrics . . . . . . o e e e e e 42



3

Contents

2.5.1 Qualitymetrics . . . . . . ... e e e e e
2.5.2 Visibility metrics . . . . .. ..o Lo e
2.5.3 CNN-based quality metrics . . . . . . . . . . ... ..
2.6  Gaps in Literature Addressed by this Thesis . . . . . . ... ... ... .......
277 Summary ... e e e e e e

3D Sketching for Interactive Model Retrieval in Virtual Reality

3.1 Introduction . . . . . . . . L e e e

3.2 Sketch Interaction Overview . . . . . . . . . ... Lo

3.3 Comparison of different Sketch Modalities in Virtual Reality . . . . ... ... ...
3.3.1 Sketch Modalities for VR . . . . . .. .. ... o oo
3.3.2 3DChairCollection . . . . . .. ... ...
3.3.3 Modalities comparison experiment . . . . . . . . . . .. ... ... ...
3.3.4 Evaluatingthe Accuracy . . . . . . .. .. ...
3.3.5 3D Sketch VS 2D Sketch experiences . . . . . . .. ... ... ... ....
3.3.6 Limitations and Additional Comparisons . . . . . . .. ... ... .. ...

3.4 Analysis and Improvement of 3D Sketch Queries . . . .. ... ... ........
3.4.1 3D Sketch Descriptors . . . . . . .. ... ...
3.4.2 Sketch or Sketch/Model Online Queries . . . . . . ... ... ... .....
3.4.3 3D Sketch Descriptors Evaluation . . . . .. ... ... ...........
3.4.4 Query-By-3D Sketch VS Linear searchin VR . . . . . ... .. .. ... ..
3.4.5 Overcoming the Limitation of a Single Category . . . . .. ... ... ...

3.5 Conclusion . . . . . . .. e e e

Multimodal Approach Fusing Sketch and Speech in Virtual Environment

4.1 Introduction . . . . . . . . L

4.2 Multimodal interaction through sketch and voice inputs . . . . . . . ... ... ...

4.3 Database Design . . . . . . . .. e
4.3.1 Variational Chair ShapeNet (VCSNET) Database . . . . ... ... .. ...

4.4 Modality Interface Design . . . . . . . . ..o

4.5 Wizard of Oz experiment . . . . . . . . . . . ..o

4.5.1 Why do we choose a Wizard of Oz approach? . . . . .. ... ... .....

43
44
45
46
47

48
48
50
51
53
55
56
58
60
63
64
64
66
67
69
78
78



Contents

4.6 Sketch and Voice interaction experiments descriptions . . . . . . . . . ... ... ..
4.6.1 User Study: Sketch and Voice interaction for retrieving task . . . . . . . ..
4.6.2 User Study: Voice interaction for retrieving task . . . . . . . . ... ... ..

477 Conclusion . . . . . . . e,

S Dataset and Metrics for Predicting Visible Differences
5.1 Introduction . . . . . . .. L e e
5.2 Dataset of visible distortions . . . . . .. ... Lo
521 Stmuli . ...
5.2.2 Experimental procedure and apparatus . . . . . .. ... ... ... .. ...
5.3 Modelling experimental data . . . . . . . . ... ... ... L L.
54 Visibility metrics . . . . ... L e e e e
5.5 CNN-basedmetric . . . . . . . . . . . e
5.5.1 Two-branch fully convoluted architecture . . . . .. .. ... ... .....
5.5.2 Trainingand testing . . . . . . . . ...
5.6 Metricresults . . . . . ..
5.7 Application . . . . ... e e e
5.7.1  Super-resolution from downsampled images . . . . . . .. ... .. ... ..
5.8 Limitations . . . . . . . . L e

5.9 ConclusSiOns . . . . . . o v e s

6 Conclusion

6.1 Summary of Contributions . . . . . . .. ... Lo
6.1.1 3D Sketching for Interactive Model Retrieval in Virtual Reality . . . . . ..
6.1.2  Multimodal approach fusing sketch and speech in Virtual Environment
6.1.3 Dataset and metrics for predicting visible differences . . . . . . .. ... ..

6.2 Future Work . . . . . . . .
6.2.1 Advanced sketch interaction . . . . . . ... ... L L.
6.2.2 Sketch and voice interaction . . . . . . . ... oL

6.2.3 Visual metrics . . . . . . . ..o

7 Publications

Bibliography

98
98
104
105

107
108
108
109
110
112
116
117
117
118
119
123
123
125
125

126
126
127
128
130
131
131
132
132

134

135



List of Figures

1.1

2.1

2.2

2.3

24
2.5

2.6

3.1

32

33

A possible pipeline (red boxes) contains the visualisation pipeline, and it is extended
with Display and Fabrication blocks. Human-computer interaction and visual metrics

supported by deep learning algorithms are the two areas on which this thesis is focused. 21

The architecture of the model of 3D ShapeNets on the left. On the right, the grey
images are the average taken from 100 training examples for visual features extracted
from the neurons of the model (both Figures from [1]) . . ... ... ... ... .. 33
A multiview model takes advantage from images taken from different point of views
that are processed by CNN in parallel. After a pooling layer an additional CNN
performs the classification (Figure from [2]). . . . ... ... ... ... ... ... 34
2D Sketch to 3D object pipeline that shows descriptors created from sketches and from
3D models and compared with a histogram of visual vocabulary (Figure from [3]) . . 35
Overview of the pipeline for Sketch-A-Net (Figure from [4]) that is the base of CNN-SBR. 36
Visibility map (on the right) shows the probability of detecting the differences between
a reference image (on the left) and a distorted image (in the middle). . . . . . . . .. 43
In the image space, SSIM separates luminance, contrast and structural distortion from

a reference image (Figure from [S]) . . . . .. .. .. ... ... ... 44

Interaction loop: the user sketch on top of the chair and send the sketch with or without
the 3D model to the system. After receiving the proposed chairs from the system,
he/she selects the best match. . . . . . ... ... ... L oL 51
To understand supportive sketching within a virtual environment, we investigate
sketching in virtual environments and consider 4 different interaction methods, i.e., (a)
3D mid-air sketching, (b) 2D sketching on a virtual tablet, (c) 2D sketching on a fixed
virtual whiteboard, and (d) 2D sketching on areal tablet. . . . . ... ... .. ... 52

Overview of the four implemented interaction modalities for sketch-based retrieval. . 53



List of Figures

3.4 A random sample of ShapeNet chair subset. . . . . . ... ... ... ........
3.5 Overview of the system’s model retrieval mechanic. Here, (A) the sketch created by
the user results in 12 images (B) which are processed by 12 versions of the same CNN.
After a max-pooling procedure, one descriptor is generated and (C) compared through
Euclidean distance with the descriptors previously calculated for all the chairs of the
collection. The search results are (D) a small subset of the most similar chairs from
which theusercanselect. . . . . . .. ... .. ... ... ... ...
3.6 The inner circles in each radar represent 45 seconds. The centre of each circle
corresponds to time 0. Each radar shows the average time to complete the task for each
chair considering all the methods. The time is normalised to 3 minutes as the upper
limit allowed for a search attempt. . . . . . . .. ... ... ... ...,
3.7 Number of search iterations for the different types of chairs for the different methods
of Interaction. . . . . . . . . . .. e e e
3.8 (a) Each bar is the cumulative score given by each user for a specific method. (b) Each

bar is the cumulative number of search trigger events given by each user for a specific

3.9 This figure shows in the first four columns some representative images from the 3D
sketch. The fifth column is the sketch from the virtual tablet method. The sixth column
is the outcome of the whiteboard method and the seventh column, the real tablet sketch.
The last column is the image of the targetchair. . . . . . .. ... ... ... ... ..

3.10 (a) CNN can be triggered with snapshots with both sketch and chair model. (b): CNN
can be triggered with snapshots with only sketch present. . . . . . .. ... .. ...

3.11 Each view is processed by the shown VGG-M architecture model [6]. As demonstrated
in Figure 3.10 the network is split after convolutional layers the final Multi-View
descriptor is the output of the network a vector of 4096 scalars. . . . . . .. ... ..

3.12 AVerage preCiSion. . . . . . . .. i e e e e e e e e e e e e e e e e

3.13 The scroll method provides a simple scrolling panel for navigating the database of all
thechairs. . . . . . . . . . . e

3.14 An example of a user’s sketch within the sketch interface. The query is comprised of

coloured 3D strokes drawn on top of a chairmodel. . . . . . .. ... ... ... ..

11

55

62

65

70



3.15

3.16

3.17

3.18

3.19
3.20

4.1

4.2

4.3
4.4
4.5

4.6

4.7

4.8

List of Figures 12

Two groups of 15 users are created. The first group performed the scroll method as the
first method for the first set of chairs, then with the sketch method for the first set of
chairs, then swapped the methods over for the second set of chairs. The second group
did the opposite order of methods on the same order of sets of chairs. . . . . . . . .. 73
Examples of users that successfully triggered the system using a combination of
sketches and model. The left column contains the target chairs, while the other
columns contain a subset of the snapshots used by the system. . . .. ... .. ... 74
Examples of users that successfully triggered the system using only sketches. The
left column contains the target chairs, while the other columns contain a subset of the
snapshots used by the system. . . . . . ... ... ... .. o . 75
Cumulative time distribution for the scroll and sketch method. If the target chair was
not found within the time limit (240 seconds) the time is limited to this. . . . . . . . 76
User ratings for scroll and sketch method are summarised in this box chart. . . . . . 76
Box chart that shows the aggregate of successes for sketch and scroll methods for all

the chair models. . . . . . . . . . .. e 76

“I saw a man on the chair with a telescope” interpretations. Readaptation from the
image taken from [7] . . . . . . . . ... 86
A section of VCSNET where 45 different shapes from ShapeNet are collected, then

segmented into 4 parts (seat,back,legs and arms). A permutation without repetitions of

4 colours over 6 is then applied tothe parts. . . . . . . . .. .. ... ... ..... 86
The 45 shapes selected for the chairs in the dataset. . . . . . . ... ... ...... 87
The 360 permutations without repetitions of colour in one type of chair. . . . . . .. 88

This Figure shows a selection of different use cases. Red boxes represent sketch
queries, blue boxes vocal queries. The first two use cases exploit mutually sketch or
vocal interactions, the third and the fourth use cases a combination of them. . . . . . 89
Wizard Of Oz experiment: the user on the left interacts describing the chair, while on
the right, the experimenter uses an interface that selects the best five chairs from the
dataset according to the user’s description. . . . . . . . .. ... oL 90
The difference in the snapshots taken from diverse camera types: (A) shows the
orthographic camera snapshots while (B) are the snapshots from a perspective camera. 91
This diagram defines the different stages that formed sketch and speech queries. Both

the query types include an interaction phase, a processing phase, and a display phase. 92



4.9

4.10

4.11

4.12

4.13

4.14

5.1

5.2

53

List of Figures 13

The graph describes the sequences of queries during a searching session. Red arrows
refer to a sketch search where the user using a 3D draw, and a model performs the
query. Blue arrows refer to vocal queries where the user describing the chair and
selecting a model performs the query. The central part of the diagram shows the
connection between the queries where a selected model is the input for the next query. 93
This diagram shows our speech pipeline. The required steps are speaker identifica-

tion, speech recognition, tokenisation-lemmatisation-stemming, text interpretation,

descriptor creation, and results selection. . . . . . . .. ... ... ... ... ... 93
Concepts present in the dictionary in addiction to the dimensions of the chair. . . . . 98
This chart depicts the number of successes (values on top of the bars) in finding the

target. On the X-axis, the users are displayed with their results in each method. On the
Y-axis, the number of successes for each method. It is immediately visible that with
the sketch method, the users are not able to find the correct target. This result is caused
by the difficulty of the system of assigning the exact colour to the exact part of the model. 100
This chart shows the number of successes (values on top of the bars) per user and
modalities considering only the retrieved shape by the participant. It is visible that
sketch contribution appears for some users but still not for others. . . . . . . ... .. 101
After an analysis of the log recorded for each search, we discover some approaches
during hybrid interaction sessions that involved both the interactions. The left-most
strategy shows a simple sketch query for searching the shape followed by a speech
query for the colours, the middle strategy iterate between sketch and vocal query for
searching the shape and end with the vocal for the colours. The right-most strategy
starts with a speech query to find the shape and iterate with the sketch and ends with

the vocal for searching the colours. Sketch strategies to find the colours are unsuccessful. 102

The figure shows different samples of stimuli included in our collection. The red
square indicates the lateral magnified area where the artefact is located. . . . . . . . 109
View of the browser application used for collecting markings: distorted image (A),
reference image (B), brush cursor (C), progress bar (D), settings (E), and continue
button (F). . . . . . . . e e 111
In this figure, three levels of increasing magnitude (from left to right) are displayed in

the top row and the corresponding marking in the bottomrow. . . . . ... ... .. 112



54

55

5.6
5.7

5.8

59

5.10

5.11

5.12

List of Figures

This graph defines the statistical model used for the experimental data. The root node
shows the probability of making a mistake (p,is) by the observer, then there is the
probability of attending (p,) and at the end, detecting (py.;) the difference in the
IMAZE. . . . o o e e e e e
The likelihood that the probability of attending the area with the distortion is equal to
p, showed for two distinct collections. . . . . . . . .. .. ... ... ... .. ...
Difference detection probability for two datasets. . . . . . .. ... ... ... ...
Fully convolutional CNN architecture with two branches: the first branch process
difference between the reference and distorted image, the second branch takes the
reference image. This model produces a visibility map of the same size of input
images. Both branches contain two convolution layers where the first layer has 11x11
kernel, stride 4, the second layer with 5x 5 kernel, stride 1. The deconvolution part has
convolution layers with 3x3 kernel, stride 1. . . . . . . ... .. .. ... ......
This chart shows the average results of the most three significative metrics measured
by the Likelihood of detecting an artefact. . . . . . . ... ... ... ........
All the quality metrics are compared over all the datasets in the collection, using the
loss that can measure correctly the probability of detection according to the model.
The standard error is showed via the error bars in the chart. . . . . . . ... ... ..
This chart shows the improvement of the trained version of two visibility metrics over
twodatasets. . .. ... L e e e
From left column we show samples of distorted images, marking maps coming from
the user experiment, and the visibility maps from the different metrics. . . .. . ..
We compare our visibility metric results in the super-resolution application. We tested
our metric with three scenes (right column) collecting artefact visibility from a user
test (blue line in the graph on the left). The chart shows the metric predictions with

different downsampling factors. . . . . . . . . . ... ... ... ...

14

114

119



Glossary

AlexNet CNN Model for image recognition, winner of 2012 ImageNet Large-Scale Visual Recognition
Challenge. It is characterized of a very small number of convolutional layers and a final fully

connected layers section.. 1

BoW Bag Of Words is a information model used mostly in natural language processsing in which text

is represented by a set of its words.. 1

CNN Convolutional Neural Network, is a neural network inspired by visual cortex that is composed
by convolutional and pooling layers in addition to rectified linear units that ensure non linearity.
It is largely used in computer vision since demonstrated in last years high performance on image

classification.. 1

CPU Central Processing Unit is the logic processor of a computer in which normally most calculations

take place.. 1

DNN A deep neural network is an artificial neural network in which multiple hidden layers are
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Chapter 1

Introduction

The rapid expansion and diversity of all forms of digital information is leading us into a period for
computer science and human history that is named the Zettabyte Era [8]. In particular, with the rapid
growth of interest in 3D modelling, repositories of 3D objects have ballooned in size [1, 9, 10]. These
collections are particularly valuable to many fields including robotics for use in simulations to the real
world, and computer vision in object detection and recognition, object pose evaluation and spatial
3D interpretation. The collections are constructed by both synthesising 3D models using modelling
software — Computer-Aided Design (CAD); or by scanning real-world scenes with RGB or depth
cameras where 3D objects can then be extracted in a post-processing 3D reconstruction stage. As these
datasets are a source of interest for researchers in computer graphics and vision, the motivation for
their growth or improvement is present and constant. On the other side, model collections curated by
the game development community increased in popularity concerning the diffusion of frameworks
such as Unity [11] or Unreal [12] with convenient asset stores. Although these datasets are not all
publicly free, many companies permit 3D modellers to share their creations and perform searches
among the whole collections.

For most software, the methods that deal with the retrieval of 3D objects are linked to interfaces
that rely on text queries. This is still the standard despite Human-Computer Interaction researchers
study and propose new paradigms for more intuitive interfaces (e.g. Sketch-based Image Modelling,
Gesture-based User Interface, Vocal User Interface, [13, 14, 15, 16, 17]).

Although a text query may efficiently convey semantic labels, such as, chair, table, cup, it quickly
becomes cumbersome and generally fails with complex visual characteristics, e.g. “chair with slatted
back, iron arms and decorated legs”. Also, a text query can be influenced by a lot of variables that
depend on the user: educational level, past experiences, mental inclination, as well as the current state

of mind that compounds search performance difficulties. Furthermore, in many existing databases,
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meta-data fields are incomplete, too generic, and sometimes totally missing. Illustrated queries can
efficiently communicate such concepts and can be used in combination with other techniques to
improve the results. Therefore Query-by-Example (QBE) methods have become a very active area of
research. In QBE systems, the user typically provides an example in the form of an image or depicts
elements of the object or scene they wish to retrieve. A search system then retrieves matching elements
from the database. Typically an image is not to hand, thus sketch is a more useful form of QBE.

The sketch is an intuitive and familiar method to convey information that has two essential
characteristics: firstly, it is compact, and it requires a short time to be generated, and secondly, it is
persistent in time such as written words. A sketch can transmit shape information (2D or 3D) and
colour at the same time. A sketch can suggest a category of an object or, with more details, can be a
specific instance of a group of objects. On the other side, sketching comes with an expressive power
only matched by a high degree of freedom, and this represents a problem. Interpreting a sketch becomes
a difficult task if the user depiction is very abstract or avoid some characteristics. Moreover, this task
becomes even more challenging if the sketch contains defects or exaggerations, an ordinary thing for
this type of communication. For this reason, sketch input is not a widely spread method of interaction,
and more traditional 2D interfaces are still preferred today. Text or 2D interface elements such as
combo-box, list-box, palette, or sliders are used to indicate characteristics of an object belonging to
its structure or colour appearance. Such functionalities are simple to understand and use individually,
but the whole user interface may become complex and difficult to navigate when a large number of
elements are required for the search task.

Recent years have also seen Virtual Reality (VR) gaining increasing interest with a new generation
of devices both for PC and for gaming consoles. Their potentialities open a new era of immersed
visualisation and interaction based on gestures, movements of head, and limbs. Therefore, either the
translation of traditional interactions or the development of new interaction styles is demanded for
such systems. The contemporary trends that embrace 3D content and this new form of interaction are
the motivation for realising new paradigms and algorithms for managing tasks like searching between
the available 3D data.

Machine learning algorithms have been studied by decades. They are based principally on
extracting and use knowledge from the data. One of its subsets is deep learning with neural network
models that can boast millions of parameters to be adjusted to accomplish a classification or regression
task. These models gained increasing popularity for the outperforming results achieved in computer

vision, natural language processing (NLP), automated speech recognition, reinforcement learning.
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Numerous science fields have benefited from this revolution, as tasks considered intractable or very
hard to solve with hand-crafted solutions now are accessible and affordable also for everyone, even

without domain-specific knowledge.

1.1 Interaction and algorithms in mixed environments

Immersive environments are simulations located in a virtual digital space built around the user. The
user’s field of view is filled by this virtual environment, providing an experience of physical presence
in a digital space. Virtual reality can bring immersion to the single user that wears the head-mounted
display (HMD) and interacts with objects in the virtual environment through controllers. For an
immersive experience, the objective is to involve the user’s senses fully — sight, hearing, smell, taste
and touch; however current technology facilitates sight hearing and, to some extent, touch. Virtual
reality has aroused interest since its inception, but it is in the last five years that industry has developed
a strategy conducive to its consolidated development. The release of commodity-level devices such as
Oculus Rift and Touch [18], or HTC Vive [19] have laid the foundations of consumer and business
interest in VR. Where the estimated worldwide VR market forecast by 2023 is 34.5 billion pounds
(source: Greenlight Insights [20]). This technological revolution that touches both the visualisation
and the interaction becomes fertile ground for the development of new paradigms and methodologies
in which the user is the primary experimenter. VR controllers and finger tracking devices (such
as Leap Motion [21]) can be paired with VR display devices and provide interaction with a higher
number of degrees of freedom (DoF) than the personal computer’s mouse or console’s game controller.
DoF indicates the number of movements (rotations and translations) a rigid object can do in a three-
dimensional space. For a rigid body, the maximum number of DoF is six: three rotations and three
translations. 6-DoF devices and two hands to track such as Vive or Oculus devices, increase freedom
of interaction and require better recognition algorithms. Fortunately, in recent years, an order of new
algorithms has shown to obtain excellent results precisely - but not only - in the context of classification
problems: deep learning algorithms.

Our work provides the user with a novel sketch-based interface in an immersed environment for
retrieval tasks. We analyse different types of sketch interactions, spanning from 2D to 3D modes. In
addition, we will show different solutions for image feature extraction that represent the core algorithms
for interpreting the sketches. Moreover, we explore a multi-modal sketch and voice-based interface
to tackle the most challenging objects when searched. Finally, we apply the same category of image

algorithms to visual perception so to show how other fields of computer graphics can benefit from
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the same procedures used in human-computer interaction. These works are innovative and show a

distinguished accuracy in either sketch interaction for the immersed environment and visual perception.

1.2 Deep Learning Applied to the Visualisation Pipeline

The visualisation pipeline (Figure 1.1) is a metaphor that illustrates a sequence of transformations
that starts from the data and finishes with the visual representation of it. It embodies mechanisms
such as data loading, data filtering, rendering, and over the years, different implementations have been
proposed [22]. Being the basis for computer graphics libraries that are used for data visualisation
and manipulation, user interaction can be present at different stages of the visualisation pipeline [23].
Moreover, at the end of the visualisation pipeline, visual quality metrics gained importance in the
context of improving the perception of the displayed data.

In computer graphics, machine learning (ML) has impacted deeply, with many classic problems
handled with data-driven methods. Deep networks are the state-of-the-arts improving considerably
traditional hand-crafting algorithms. Colourisation [24], real-time rendering [25], BDRF estimation
[26], mesh segmentation [27], animation [28], sketch simplification [29], denoising [30], are some

examples where deep learning models provide outperforming results.

Visual/lmage Quality Metrics
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Figure 1.1: A possible pipeline (red boxes) contains the visualisation pipeline, and it is extended with Display
and Fabrication blocks. Human-computer interaction and visual metrics supported by deep learning
algorithms are the two areas on which this thesis is focused.

1.2.1 Deep Learning and Human Computer Interaction

Machine learning is revolutionising the way we are interacting with computers. Human-Computer
interaction is a multidisciplinary science, and different areas benefit from deep learning algorithms.
For example, natural language processing (NLP) is a technology that allows a system to understand

human speech, improving the classic limited voice command interface [31], and at the same time,
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empower chat-bots with Al-based algorithm [32]. NLP with voice recognition is the core technology
used in voice assistants like Alexa (Amazon), Siri (Apple), Cortana (Microsoft). Thanks to progress
in deep learning, some computer vision tasks such as gesture recognition [33] or eye-tracking [34]

achieved significant results in terms of better accuracy in classification and noise reduction.

1.2.2 Deep Learning and Visual Quality Metrics

In the last decade, visual quality metrics gained interest in the role of evaluating algorithms such as for
lighting, imaging, and rendering. Moreover, 3D Meshes are subjected to be assessed by algorithms
that measure their visual quality. The state-of-the-art algorithms are principally hand-crafted solutions
such as HDR-VDP [35] or [36] for the 3D meshes. Only recently, deep learning methods were used to
evaluate the quality of images [37], [38], [39], paving the way for future works based on data-driven

algorithms.

1.3 Contributions

This thesis contributes novel deep learning-based algorithms and applications in a mixed environment
for searching and analysing data using interaction to generate textures as input. In addition, we study
the effect of multiple modalities, specifically the combination of sketch-based interaction with spoken
one. Finally, we exploit the convolutional neural network able to detect image differences in the context
of visual perception.

We propose several interaction methods and algorithms based on Sketch-based Image Retrieval
(SBIR) or the broader Sketch-based Retrieval (SBR), but with the additional difficulty of introducing the
mid-air sketching action in an immersive environment achieved with virtual reality devices. Through
the years in computer graphics and human-computer interaction, sketch-based content retrieval gained
much interest but applied in a virtual environment with the 3D sketch as input is a substantially
unexplored research branch. We delineate our contributions to SBR in VR in Section 1.3.1.

Therefore, we also study and analyses a multi-modal interface with two input channels: sketch
and vocal data. We compare the results of the retrieval task exploiting both the individual interactions
and the combination. Although sketch input shows valuable performances, some specific cases are
more challenging, and the outcomes are less accurate. In this work, we focus on the generation of a
database that enhances such complications, and we tackle them, formalising the concept of a query
by example for sketch and voice. Therefore, we show how it is possible to combine sketch and vocal
queries with improving performance in a retrieval task. We outline our contributions to sketch and

voice multi-modal interaction in Section 1.3.2.
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Finally, we apply a modified version of the previous studies’ algorithms mentioned in a subarea of
visual perception. A large number of applications in graphics and imaging can benefit from knowing
whether introduced changes in images are visible to the human eye. For example, when visualising a
complex scene, we may wish to select downsampled textures indistinguishable from the full-resolution
textures. This work shows that the same class of algorithms that exploited sketch feature extraction can
be used successfully to define a visual metric that discovers perceptible differences between images.

We summarise our contributions to visual metrics in Section 1.3.3.

1.3.1 Sketch-based Model Retrieval in an Immersive Environment

This thesis contributes to new techniques for immersive environment interaction using virtual reality.
Firstly, we compare different sketch modalities in virtual reality to determine which interaction
achieves the best accuracy and provides the best user experience. We then analyse different solutions
for extracting features from the sketches, demonstrating that deep learning algorithm achieves better
performances in term of accuracy. Therefore, we implement a novel interaction modality in an
immersive environment that uses both mid-air sketching and 3D item selection and a deep-learning
model as back-end. This system provides the user with an efficient mechanism for 3D object retrieval.

The hypotheses were the following:

[H1] 3D sketch can be used as a form of visual input in an immersive environment that
helps to create a valuable descriptor of a 3D model. Users can interact with a virtual environment
through body movements such as gestures or sketch using their hands. These inputs can be visualised
and even be persistent in the scene. In the specific case of sketches, the user can depict using multiple
colours, can change the size of the strokes and may apply some linear transformations to them or their
copies like rotation or translation. To demonstrate the validity of our idea, we test it with the common
task of searching in a database. Therefore, we define from this general argument three detailed research

hypotheses:

[H1.1] 3D sketch is an effective interaction to depict information in an immersive environ-
ment with the aim to retrieve models from a large collection.

Nowadays, 3D model repositories are common and include a large number of items. Whereas
models are tagged with keywords that describe their shape or colour attributes, it is difficult to depict
all the characteristics of an object. In this context, sketch input represents a valid alternative that

belongs to query-by-example methods. Sketch-based retrieval systems are widely explored in 2D
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desktop solutions for both 2D and 3D data. The use of the sketch as query does not require additional
information in the database and so it results free from issues like missing or incomplete text fields or
tag. We design and implement a sketch-based retrieval system based on multi-view camera snapshots
in virtual reality that aims to describe in the form of oversimplified visual depictions a 3D model.
Sketching within the virtual reality raises several questions for the style of interaction, be it to replicate
the familiar real world, sketching in the air, or trying to mix the two. In this study, we look at different
methods of interaction, i.e., 2D physical tablet, a 2D Virtual Tablet, and 3D ‘air’ drawing, with the
aim to understand how people naturally perform sketching within a virtual environment. We utilise a
mixture of physical devices and virtual interfaces based on 2D projections. We frame the problem of
retrieval and find real immersive 3D sketching as a more intuitive form of expression of a sketched

query. We pose this as a retrieval problem, but it theoretically can be extrapolated to other tasks.

[H1.2] Deep learning models are more effective for extracting features than well-known
detectors and descriptors when applied to sketches multi view 2d-sketch supervision.

A 3D sketch is a time-evolving sequence of coloured strokes that can be consecutive or completely
detached with arbitrary length. With this kind of time-variant structure, a feature analysis in the
context of retrieval task becomes extremely difficult for one main reason: a sketch represents an idea
in the mind of its author. A sketch is typically done quickly in order to convey key features that the
user imagines. Tackling the issue of how to predict what a sketch is representing can be essentially
translated into predicting what an image is showing. Our system is specifically designed to collect
images from different angles of interest of the sketch and use them as input for the feature extraction
stage. We deal with the time-varying nature of the sketch allowing the user to interrogate the system
in each possible growth stage of the sketch. Common techniques such as scale-invariant feature
transform (SIFT) [40], Histogram of Gradients(HoG) [41], Gradient Field Histogram of Gradients
(GF-HoG) [42] generate vector data that aim to describe the visual features of the contents in images.
These descriptors are also achieved by the first stage of convolutional neural networks (deep learning
algorithms). We test this hypothesis through an internal study over a set of sketches that refers to

specific 3D objects measuring the accuracy of the outcomes.

[H1.3] Feature descriptors generated by the combination of sketch and 3D model in the
context of an interactive loop, are an improvement in terms of accuracy.

Sketch alone leads to results that depend on the drawing ability of the user. Frequently it
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degenerates to depicting the structure of the object and required colour. The iconic nature of the sketch
is perfect when searching a class of objects among a set of different categories (e.g., searching for a
chair among the set of furniture or an aeroplane in the collection of transport vehicles). However, the
sketch shows some problems when the search regards a specific instance of an object among the same
class of objects (search a tall chair among a chairs collection). When performing a sketch session, the
user finds it challenging to fill surfaces with 3D strokes because it is a time-wasting activity, and it
is common for users to forget some regions. Therefore, some related attributes that are considered
coarse-grained such as the volume occupied by the chair are difficult to describe precisely only with the
sketch. In addition, in a chair collection, the parts of each chair can always be considered present such
as the seat, usually present, the legs or the back, or optional such as the arms. Despite their presence
or not, each of them has more specific characteristics that depict a style, a structure, or a texture. For
the above reasons, to describe each chair, each component needs to be delineated by a descriptor that
considers both the coarse and fine-grained features. We develop a solution to this problem enriching
the user interaction with the functionality of generating such a descriptor, not only using the sketch
but using a combination between the sketch and the 3D model present in the scene. This approach
increases the possibilities for the user to navigate the collection through the combined visual features

of sketch and 3D objects.

1.3.2 Multi-modal interaction in virtual reality

Multiple modalities frequently provide the user with different and complementary tools for achieving a
given task. When two different modalities are applicable for the same task, the system has redundant
modalities. We are interested in exploring how a redundant system with sketch and speech interaction
can improve the accuracy of the result for the search task and how the user experience is affected
by this combination. Sketch and speech are two types of input that share the advantage of being
natural and intuitive when conveying information. Sketch gives the user the expressive power of visual
representation with the direct manipulation of the appearance. Speech is a form of interaction that
takes advantage of the semantic power that language can give.

We describe and evaluate a novel multi-modal interface within a virtual environment for searching
3D model databases that combine 3D sketch and voice input as queries. The hypotheses were the

following:

[H2]The task of searching for 3D objects can benefit from speech, as an additional semantic

channel, in a redundant multi-modal system with sketch interaction. In the previous section, we
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outlined what the issues of searching by pure sketch are. With the additional features coming from
the model, we notice an improvement in terms of accuracy. However, the chair collection present
in ShapeNet does not cover all the possible combinations of shapes and colours, and it is hard to
determine potential bias coming from the dataset. On the other hand, a dataset that includes all
the permutations between chair parts and colours and textures would be intractable because of the
dimensions. To make an extensive analysis of the efficiency of the sketch method, we created a smaller
version of the fully variational dataset, discovering that search-by-sketch accuracy drops dramatically.
To tackle this problem, we design a two input channel workflow, with additional speech interaction to
improve the efficiency of the search. However, speech interaction can not be included in the system
without studying some aspects of natural language processing (such as readability or richness). In
addition, a redundant multi-modal system needs to integrate such interactions minimising possible
issues such as input clashing and unbalanced search processing. Therefore, we detail three research

hypotheses:

[H2.1] Optimised lexical readability for textual information obtained from speech inter-
action can improve the efficiency in describing an object for retrieval. In the context of live
interaction, textual object description is the output produced by the user that orally describes the
object. Having good readability and richness of the textual information is crucial when searching
an object by describing it. While people use the language daily to exchange information of various
kinds, NLP models - such as recurrent neural networks - are trained to predict or classifying specific
text based on some subset of corpora. A well-known problem in recurrent models is the gradual
decline in the importance of the words that precede the current one. Also, there is the possibility
that contradictory information happens within the text. An autonomous system that takes speech in
input and produces a set of possible target objects in output is composed of different stages. Firstly
the speech needs to be recognised and translated into textual information. This stage can introduce
errors that can affect the system output. Secondly, a tokenisation and lemmatisation stage needs to be
performed to improve readability. A final stage of semantic interpretation of the pre-processed text has
to produce probabilities associated with each model of the database and select the ones with more
likelihood. Such a system would be difficult to debug and control for the different errors that each
stage can add. Therefore, we design an experimenter-in-the-loop test to determine the appropriate
length of the query that a user can say to describe an object. Therefore we can fix the number of

relevant words of the query managed by the experimenter to build a descriptor. This descriptor will
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be used to determine which models will be presented to the user for the final selection during the search.

[H2.2] A multi-modal system including sketch and speech, to work properly, needs a for-
mal query definition and a specific interaction pipeline. Multi-Modal interaction with sketch and
speech requires a formal definition for the query and the interaction workflow. The search session
can be composed of multiple sketch queries and speech queries. The output of any query must be
compatible with the input of any query, creating a valid sequence. In addition, the speech query needs
to avoid an eventual bias added by the experimenter. We make a formal definition and implementation
for both the query types. Therefore we illustrate the workflow to create the sequence of queries and

analyse the different user strategies that emerge.

[H2.3] The combination of voice and sketch interaction improves the search in an immer-
sive context when compared to individual techniques.

We run a user test that compares the efficiency for three different methods: pure voice interaction,
genuine 3D sketch interaction, 3D sketch, and voice combined interaction. We designed two user
experiments, showing the optimal number of words that the user needs to use during a single vocal
query and demonstrate that the combination of 3D sketch and speech interface achieves better results
than the other modalities taken individually. Using this redundant system, users can overcome some
difficulties in retrieving models from large datasets, bringing together visual queries from a 3D

environment and the semantic component coming from voice communication.

1.3.3 Data-driven visual metrics

Many applications in graphics and imaging benefit from knowing how introduced changes in images
impact human visual perception. For example, we may wish to select textures of possibly small
resolution that are not introducing visible artefacts and are perceived without distortions when rendered
in a complex scene. State-of-the-art algorithms (such as Structural Similarity Index Metric [5]) that
predict differences between images do not achieve satisfactory results. Our work moves firstly in the
direction of creating the largest collection of computer graphics-based distorted images. Secondly, we
create a deep learning model crafting a probabilistic loss function that can predict visible distortions.

My personal contribution is summarised in the following points:
1. writing part of the software used in user experiment

2. CNN model implementation, in particular fully convolutional architecture and the statistical loss
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function

3. analysis of super-resolution application.

[H3] Deep learning algorithms can improve image difference prediction in the context of
computer graphics. Putting two images in front of a user and ask to identify the differences is a very
popular game. Predicting the visible differences between the two images looks to be the same task,
but it is not. In the first case, the user needs to search the difference and therefore detects it. In the
second case, the prediction does not need to consider any searching component over the image and
states if the difference is visible or not. Deep learning algorithms show their efficiency in many fields
of computer science, and we apply them in the context of visual perception by creating a model that
marks all the locations in the image that are perceived as different from a reference image. Thus, we

outline the following detailed research hypotheses:

[H3.1] A statistical loss function applied to a CNN-based model improves the accuracy in
visible differences detection task.

To create a robust predictor of visible distortions, we collect a large dataset with locally marked
distortion, and we calibrate popular visible difference metrics achieving performance improvement.
Secondly, we use the dataset to train a novel metric based on a CNN architecture. During the
training phase, we use a statistical loss function that excludes the search component present in the
user experiment results. This solution improves the prediction accuracy over existing metrics by a

substantial factor.

[H3.2] A fully convoluted model boosts its accuracy in predicting visible artefacts using a
training set that includes an extensive collection of annotated distortions in computer graphic.
Overfitting is one of the most common problems when training a neural network. Overfitting happens
when the model is not able to generalise the prediction to a problem outside the training set, and
conversely, can predict all the elements of the training set successfully. Different solutions can be
adopted to overcome this issue. To begin, extending the training dataset and then reducing the number
of the parameters of the model. We apply both these techniques to improve accuracy over state-of-
the-art algorithms avoiding overfitting. Therefore, we increase the training set by data augmentation
using rotation and flipping operation over the images. Thus, we edit the two-branch neural network

architecture with the fully connected layer in a fully convoluted network with residues to reduce the
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number of parameters drastically.

1.4 Structure of this Thesis

We describe the chapter structure of the rest of this thesis, and we outline the main contributions.

Chapter 2 — Literature Review

This chapter contains an exhaustive literature survey of the areas of interest for this research: sketch-

based retrieval, sketch in mixed realities, multiple modalities of interaction, and visual metrics.

Chapter 3 — 3D Sketching for Interactive Model Retrieval in Virtual Reality

We present an experiment where we focus on supporting the user in designing the virtual environment
around them by enhancing sketch-based interfaces with a supporting system for interactive model
retrieval. Through sketching, an immersed user can query a database containing detailed 3D models
and replace them in the virtual environment. To understand supportive sketching within a virtual
environment, we compare different methods of sketch interaction: 3D mid-air sketching, 2D sketching
on a virtual tablet, 2D sketching on a fixed virtual whiteboard, and 2D sketching on a real tablet.
Therefore we analyse the performance of different descriptors to understand which one achieves the
best accuracy. We then improve the system providing the user with a novel way to combine sketch and

3D model in a single query.

Chapter 4 — Multimodal approach fusing sketch and speech in Virtual Envi-

ronment

We introduce a redundant multimodal system that makes use of speech and sketches simultaneously
for retrieval purposes. We formalise the definition of the query, generate a database that enhances the
difficulties showed by the sketch retrieval system, and design an experimenter-in-the-loop user test
that processes speech input providing the semantic information of text description. We run a test for

determining that such a multimodal system achieves more accurate results than individual interactions.

Chapter 5 — Dataset and Metrics for predicting visible differences

We apply the same algorithmic procedure of extracting visual features for sketches in the field of
visual perception. After collecting an extensive database of images with visible distortions and relative
references, we train state-of-the-art visual metrics to predict artefacts on distorted images. Therefore
we introduce a novel predictor model that, after appropriate training, outperforms the previous visual

metrics and also a trained version of them.
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Chapter 6 — Conclusion

We evaluate the contributions related to the respective research hypotheses (H1-3) described in this

chapter.



Chapter 2

Literature Review

2.1 Introduction

In this chapter, we describe prior work on 3D object retrieval systems, focusing in particular on
convolutional neural network (CNN) implementations that currently represent the state of the art for
feature extraction algorithms. We present recent studies in which sketch-based interaction is used in
combination with CNNs. We analyse recent works on spoken interaction starting from command-based
ones, followed by more complex implementations in virtual reality scenarios. In the last section of the
chapter, we describe visual metrics that define the modalities of prediction of visibility differences
between images and creating a database of distortions and annotations. Based on the state-of-the-
art algorithms described in the literature review, we aim to design and implement novel interaction

paradigms, to improve accuracy in tasks such as searching in a database or correcting data.

2.2 Sketch-based Retrieval

Sketching is a direct way for people to convey information. Eitz et al. [43] describes how people
depict objects and how both humans and computers recognise sketches. The primary supposition is
that sketches approximate the real-world object. On the other hand, since the average user is not an
artist, the subjective depiction of an object can be representative and include simplifications of it. We

explore the implications of this for both retrieval and interaction for both 2D (Image) and 3D domains.

2.2.1 Sketch-based Image Retrieval

Identifying and associating a sketch with a specific object in an image represents a hard challenge.
However, it is an attractive strategy because the use of sketch interaction is an opportunity to broaden
the user base to those who are unfamiliar with complex interactive editing systems.

Various methods for retrieving images from sketches have been developed. These systems are
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referred to as sketch-based image retrieval (SBIR) systems [44]. SBIR techniques can be classified into
two classes: blob-based techniques that focus the attention on features such as shape, colour or texture,
and contour-based techniques that describe the image using curves and lines. Techniques belonging
to the blob-based SBIR class try to describe image through descriptors such as QBIC [45] which use
separately colour, texture and shape or [14] which uses topology models. Contour-based techniques
include elastic matching [46] and grid and interest points such as edge points [47].

In recent years researchers have applied machine learning algorithms to SBIR. SketchANet [4] is
a simple neural network based on Alexnet that performs sketch recognition. Qi et al. [48] introduce
a siamese CNN which aims to measure the compatibility between image edge-map and sketch used
as CNN inputs. Bui et al. [49] did a review of different triplet CNN architectures for evaluating
the similarity between pictures and sketches, focusing on the capacity to generalise between object
classes. Triplet architectures [50, 51] have attracted increasing attention for the relationship of the three
branches when processing the loss function: firstly the anchor branch (modelling the reference object),
secondly a branch which models positive examples and thirdly a branch that deals with negative
examples.

A strategy to improve the performance of image retrieval systems is to put the user ‘in the loop’
and take advantage of iterative refinement. This technique is called relevance feedback in information
retrieval and was introduced in Content-Based Retrieval by Sciascio et al. [52]. Several applications
based on interactive sketch systems have been created. For example, Shadow Draw from Leeet al.

[53], iCanDraw [54], Sketch-to-Collage [55] and CALI system from Fonseca et al. [56].

2.2.2 3D Sketch-based Retrieval and Interaction

Finding features that represent 3D objects is a unique challenge in the retrieval domain. One of
the most important cues in object recognition is a 3D geometric shape. Generally, the sketch is a
simplified representation of an object, and this gap between the real and sketched shape can hamper
the classification process. In addition, before sketch interpretation, a simplification process of the
stroke can be taken for avoiding noisy samples [57] since both the tracking device and user generate
noise during sketch acquisition.

In recent years, to depict a 3D model, researchers have proposed two types of descriptors:

model-based and view-based.
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Figure 2.1: The architecture of the model of 3D ShapeNets on the left. On the right, the grey images are the
average taken from 100 training examples for visual features extracted from the neurons of the
model (both Figures from [1])
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2.2.2.1 Model-based descriptors

Measuring similarities between 3D models is a hard problem. Object models can differ in shape,
colour and orientation in 3D space, making the definition of a similarity measure challenging. Dif-
ferent categories of descriptors were created to overcome this challenge: geometric moment, surface
distribution and volumetric descriptors. Geometric moment [58] is a class of topology invariant
similarity methods based on vector coefficient extracted by a shape decomposition under specific
basis. Surface distribution [59] tries to measure the global properties through a shape distribution
achieved by sampling a shape function and in this way reduces a shape comparison to a simpler
distribution comparison. Volumetric descriptors [60] combine shape distributions with barycentroid
potential for achieving a more robust pose and topology invariant similarity. Despite the extensive
research on descriptors that allows extracting shape characteristics, only with the advent of deep
learning architectures such as Restricted Boltzmann Machines (RBM), Deep Belief Networks (DBN)
and Deep Boltzmann Machines (DBM), and in particular convolutional neural network (CNN) [61]
have achieved a relevant improvement of outcomes in object recognition. Wu [1] recently proposed
a method to represent a 3D object through the distribution of binary variables in a volumetric grid,
and use of Convolutional Deep Belief Networks to extract features and recognise them (as Shown in

Figure 2.1).
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Figure 2.2: A multiview model takes advantage from images taken from different point of views that are
processed by CNN in parallel. After a pooling layer an additional CNN performs the classification
(Figure from [2]).

2.2.2.2 View-based descriptors

View-based descriptors use 2D projections of the objects from different points of view. Since a
large amount of data can be collected in this way, these methods outperform model-based descriptor
approaches. Ansary et al. [62] introduce a model-index technique for 3D objects that make uses of
2D views. It uses a probabilistic Bayesian method for 3D model retrieval. Alternatively, Su et al.
[2] present a framework using view-based descriptors, creating 12 views for each object that feed a
first CNN for feature extraction, and after a pooling stage, the results are passed to another CNN for
achieving a compact shape descriptor (as shown in Figu 2.2). Similarly, Leng et al. [63] proposed
a 3DCNN that manages multiple views and considers possible interactions between them. In a pre-
processing stage a sorting algorithm, which takes into consideration the angles and positions, prepares
three different sets of viewpoints and the network is fed with them at the same time. This is a different
approach from the classic one which uses only one view at a time, and it confers stability during the
training stage.

Eitz et al. [3] describes a 3D shape search engine without considering deep learning models,
where local descriptors are generated through visual vocabulary represented by a collection of visual
terms. This concept is taken from natural language processing (bag of words). This architecture is
shown in Figure 2.3.

Lietal. [64] elaborates a technique that combines two components: an adaptive view clustering
algorithm that selects representative views of the 3D model, and a sketch-based approach that compen-
sates the difference between the iconic representation of the object given by sketch depiction and the
detailed appearance of the same object.

Our method uses view-based descriptors, rather than model-based descriptors because they have
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Figure 2.3: 2D Sketch to 3D object pipeline that shows descriptors created from sketches and from 3D models
and compared with a histogram of visual vocabulary (Figure from [3])

demonstrated more practical utility on similar problems (see Section 3.3.2.2).

Recent studies combine data achieved by sketches and additional input to increase accuracy, or
infer information from the relationship with other objects in the scene. Funkhauser et al. [65] proposed
a combination of sketch and text query to identify 3D objects. They showed that the combination of
the two methods results in better accuracy of the results. Shin and Igarashi [66] with Magic Canvas
provided the user with a system for 3D scene construction using sketches, based on sketch-object
similarity. In addition, the system determines the position and orientation of the object according
to the sketch. Xu et al. [67] with Sketch2Scene proposed a novel framework for scene modelling
through sketch drawing that also suggests the placement of the objects via the functional and spatial
relationship between objects.

Critically these methods have generally used 2D sketches. Our system allows the user to sketch in

3D.

2.2.2.3 3D sketching

3D sketch-based model retrieval has gained significant attention in recent years, boosted by the
increasing number of devices available for the consumer VR market. Li et al. [68] made a comparative
evaluation of different 3D sketch-based model retrieval algorithms showing that CNN, in combination
with edge or point sketches, achieved the best accuracy.

Ye et al. [69] described CNN-SBR, a CNN architecture based on SketchANet [4] and trained with
TU Berlin dataset [43]. Using data augmentation to prevent overfitting, they showed a considerable
improvement in comparison to non-learning based and other learning-based algorithms. SketchANet
used DNN algorithms to extract features from simplified and deformed versions of the sketches and
fuse the results through Bayesian process to further improve recognition performance(as shown in
Figure 2.4).

Considering alternative uses of sketch interaction within a 3D context, Wang et al. [70] present a

minimalist approach in terms of view-based descriptors. They generate only two views for the entire
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Figure 2.4: Overview of the pipeline for Sketch-A-Net (Figure from [4]) that is the base of CNN-SBR.

dataset and train a Siamese CNN with the views and the sketches. Nishida et al. [71] proposed a novel
method to design buildings from sketches of different parts of them. The user sketches few strokes of
the current object, and through a pre-trained CNN for that specific object type, the system is able to
procedurally retrieve the correct grammar snippet and select the most similar one. The final step of the

process is to combine all the snippets in a unique grammar of the building just created.

2.2.2.4 Immersive Sketching

Immersive sketch-based modelling has gained increasing attention over the years. A very early example
1s Clark’s 3D modelling system for a head-mounted display [72]. The system of Butterworth et al.
[73] supported several geometric modelling features, including freehand operations. More recently
many immersive 3D modelling systems have exploited freehand sketching such as BLUI [74], Cave-
Painting [15], Drawing on Air [75], FreeDrawer [76], Holosketch [77] and Surface Drawing [78]. Very
recently, applications for consumer virtual reality systems such as Tiltbrush from Google and Quill
from Facebook have raised awareness of sketching for content development. The most similar work
to ours is the system Air Sketching for Object Retrieval [79]. This combines 3D sketch and a search
engine based on the spherical harmonic descriptor. Our system uses a different type of lightweight
sketching over basic models and a view-based descriptor. Another similar system is designed by
Lietal. [80]: a content retrieval system that can benefit from sketch-based interaction using a Mi-
crosoft Kinect. Possibly because the sketches are relatively crude, they focus on distinguishing between
classes of object. We focus on precise sketching to distinguish between similar objects in a large class
of objects. Also, we enable sketching over existing models, rather than sketching from scratch (see

Section 3.4.4.2).
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2.3 Sketch in Mixing Realities

2.3.1 3D Sketching in AR/VR

Rather than transforming 2D sketches into 3D representations, immersive modelling environments
allow users to sketch and design 3D content using mid-air interaction techniques. Such techniques
utilising 3D space are intuitive to learn regardless of the user’s expertise with the VR system [81]. A
very early example of such an approach called HoloSketch [82] combined head-tracked stereoscopic
shutter glasses and a CRT monitor with a six-axis mouse or wand for mid-air freehand drawing.

While 3D freehand drawing can support expert 3D artists [83] and shows improving accuracy
and uniformity of sketched objects over time [84], interaction techniques for sketching in 3D are
still limited in terms of accuracy and user fatigue. Realising an intended stroke during sketching is
firstly bound by the user’s perception of depth [85]. When users are unable to determine their active
drawing location and spatial relationships with other contents inside the scene, sketching errors occur.
Additionally, the added complexity of 3D compared to 2D sketching causes a higher cognitive load and
increasingly taxes the sensorimotor system [84]. Lastly, as the absence of a physical resting surface
leads to fatigue, accuracy is negatively influenced over time [85].

3D freehand sketching approaches can be further classified in categories that highlight the
motivation as well as the limitation of such type of interaction: novel metaphors, sketch beautification,

and both virtual and physical support surfaces.

Sketch metaphors Wacker et al. [86] designed and implemented a tool called ARPen, whose real-
world position is tracked by a smartphone app, that lets the user interact via mid-air sketch. In addition,
they evaluated through a user study different techniques to select and move virtual objects with such a

tool.

Sketch beautification Feng et al. [87] exploited a beautification algorithm that analyses raw sketches
and beautifies them to express user’s intent more accurately. The beautification process rebuilds a
sketch after segmentation and creates a beautified sketch using the segments’ kinematic features.
This mechanism resulted in an intuitive gesture-based interface that provides designers with mid-air
sketching tools, without the need of any physical device.

Shanka et al. [88] designed a screenless 3D sketching system that uses RGB-D camera tracking
the user input and applies a beautification scheme on the 3D sketch to remove the noise coming from
the apparatus. The entire process of beautification involves data refinement, segmentation, segments

classification. In the final step, they fit each segment into a geometric primitive.
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Virtual surfaces In recent years in VR environments, the use of 2D surfaces has been explored to
replace the inaccuracy brought by 3D tracking. Despite the lack of one dimension, some tasks are
suited for a 2D device such as terrain editing [89] , user interface editing [90] or even object selection
and manipulation [91]. Arora et al. developed SymbiosisSketch AR [92] that combines 3D drawing in
mid-air with freehand drawing on a surface. They equipped the user with an Hololens, a tracked stylus,
and a tablet and created a hybrid sketching system suitable for professional designers and amateurs.
Machuca et al. [93] supported 3D immersive sketching using multiple 2D planes to create 3D VR

drawings.

Physical surfaces Because a virtually rendered tablet in VR can not provide the same latency-free
response that a 2D tool can have, different attempts of integrating a real physical 2D tablet have
been made. Arora compared traditional sketching on a physical surface to sketching in VR, with and
without a physical surface to rest the stylus on [85]. Additionally, they investigated visual guidance
techniques to devise a set of design guidelines. Wacker et al. [94] studied how accurately visual lines
and concave/convex surfaces let users draw 3D shapes attached to physical virtual objects in AR and

Dorta [95] draws on virtual planes using tracked tablets.

2.3.2 Feedback for Virtual Reality

To ensure user interactions in VR remain intuitive, interactive VR needs to include feedback mecha-
nisms in line with the visual stimulation inside the environment [96]. Haptic feedback allows users to
experience object properties and aids in planning and executing actions to interact in a safe, efficient,
and precise way. Research distinguishes three basic types of haptic feedback for VR, namely active,
passive, and mixed approaches.

The PHANToM device [97] is an early example of an active haptic feedback approach. An
actuated stylus can exert forces onto the user, rendering an impression of the tactile properties of the
virtual environment. Sketch-based interfaces benefit from the addition of active feedback provided by
the PHANToM device during sketch creation and editing [98]. More recently, similar work considered
the addition of virtual canvas elements during stylus-based While users still faced fatigue during mid-air
interaction, force feedback partially provided compensation. In passive haptic feedback approaches,
physical objects are spatially registered to virtual objects to provide tactile feedback in IVEs [99]. When
reaching out to touch a virtual object, the user touches a corresponding physical prop to experience
appropriate feedback. One example considers a golf putting task, where high-fidelity passive haptic
feedback are shown to improve performance [100]. Mixed techniques include dynamic passive haptic

feedback [101] where active and passive haptic feedback elements are combined by equipping passive
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proxies with actuating elements. The aim for this approach is to dynamically communicate object

properties such as weight distribution [101] or material perception [102, 103].

2.4 Speech in Multimodal Interaction

As our work investigates the impact of multimodal interaction in computer-aided retrieval, in this
section, we start with an overview of how multimodal interaction can improve the user experience
(see section 2.4.1). Later we examine sketch or gesture and speech as human-computer interactions,
focusing on the mixed-use in 2D desktop ambient (see section 2.4.2) then on how each separately
is introduced in Virtual Environments (see section 2.4.3 and 2.4.4) Finally, we describe how their

combination impacts on the interaction in Virtual Reality.

2.4.1 Multimodal Interaction

In recent years, studies have focused on Human-Centered HCI (HCHCI). HCHCI is a process that
targets the person’s needs relative to what is needed to complete a task. Many modalities can be
exploited during the interaction process instead of canonical use of an interface. Systems created with
this feature are called Many-Modalities HCI (MMHCI) and contribute decisively to the development
of HCHCI. In the last 20 years, many techniques have been extensively studied such as face detection,
gesture identification, motion analysis, vision or speech recognition, eye gazing, handwriting and
sketching, and PDA or mobile interactions. It has also been shown that well-designed multimodal
interfaces increase the efficiency and naturalness of HCI. MMCHI is a field that brings together
different areas and disciplines as the computer vision or natural language process. The key challenge
here is to merge information from different sources to obtain a continuous coherent flow of data to be
interpreted.

Speech and gesture were combined in Bolt’s Media Room (1980) [13]. It is one of the first
examples of multimodal system and the user can interact with gaze, gesture and speech directly
manipulating the graphics. Excellent results have been obtained with systems where the vocal channel
is merged with another visual channel such as in Quickset [104] where voice interaction is merged
with handwriting, or in BattleView [105] which combines voice interaction and gestures. In pervasive
computing, the fusion between computing speech, expressions, and gestures has been implemented in
Smart Rooms [106]. In addition, there is no shortage of examples where more than two modes are
merged, such as in INTERACT [107] where face expression, gesture, audio, and eye gaze are fused.
Many disciplines benefit from the improvement of multimodal interfaces such as biomedical where

Multisense [108] allows planning of hip surgery by merging information from haptics, sight, and touch.



2.4. Speech in Multimodal Interaction 40

Other projects such as MUST [109], SmartKom [110], and Imix [111] merge speech and pen pointing.

Cohen et al. [112] demonstrated that while the gesture was ideal for direct manipulation, the
speech was more suitable for descriptions, and combining them was even more efficient. As stated
before, designing a good multimodal interface is challenging, and errors in this phase could impact the
final experience as happens in Kay et al. [113]. That system implements speech and draw interface,
where the movement of the cursor is controlled by a time-consuming command and control vocal
interaction.

Each project adopts a specific way to fuse information between different channels. There is no
standard classification for information fusion. We can distinguish a fusion of multimodal or fusion of
context. Information fusion can be categorised according to the architecture, to the input, data method,
process method, or data source. In MMHCI, fusion is categorised as data fusion, feature fusion, or
decision fusion. Data fusion happens when the data is of the same type as in multi-sensor fusion.
Feature fusion that is the most common method in MMHCI refers to modalities highly coupled, such
as audio or video. This kind of method includes, for example, weighting average, Kalman filter, Bayes
estimation, neural networks, Hidden Markov Model [114].

Decision fusion deals with low coupling modalities and is close to cognition fusion. Specifically, it
can be categorised as a task-oriented, hierarchical, probability-based, agent-based, or component-based
fusion model. We consider our context fusion as belonging to feature fusion category using sequential

audio and visual input (see Section 4.4).

2.4.2 Sketch and Speech

A sketch is an intuitive interaction used for communicating visual information between humans. A
sketch, given its iconic nature, does not contain all the information necessary to express the concept
completely. In particular, a sketch used to represent an object, in general, determines a category, and
only a detailed version of it can produce the specific visual query. As in human activities, a sketch can
be accompanied by speech, that tends to complete the information or insist on a particular concept, or
even correct the information. Combining sketch and speech has been studied in order to accomplish
different tasks. For example, Bischel et al. [16] describe a multimodal interface for interpreting the
description of mechanical tools. They define a neural network with two layers that were fed with
sketch features and speech features. The sketch features are defined as the set of geometric features
extracted from the individual strokes and considering spatial and temporal relationships. The speech
features are defined considering the temporal correlations between the stroke and the words. Adler et al.

[115] specifically study the temporal correlation between sketching and speaking, generating a rule set
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for segmenting and aligning the signals of the modalities. Therefore they used the aligned outcome
as a source of interpretation. Adler et al. [116] develop a digital whiteboard able to understand
both sketch and speech in order to create a collaborative environment. They produced a user study
in which they limit the users, letting them use only command-based speech, annotation instead of
drawing, unidirectional communication, and fixed set of graphical symbols establishing a vocabulary.
Laput et al. [117] introduce PixelTone that is a multimodal interface for photo editing, interpreting
speech commands for executing some specific editing process to the image while sketching is used for

localising the area of the picture that needs to be changed.

2.4.3 Speech in Virtual Environments

Natural language interfaces have been applied extensively in many different domains such as databases
[118, 119, 120], mobile devices [121, 122], car interfaces [123, 124], and home media systems
[125, 126, 127]. Virtual reality might benefit from speech interaction as it could increase the sense of
embodiment, and intuitiveness of the interface. Virtual reality gives a direct way to manipulate a 3D
world. Implementing a multimodal interface requires some different issues to be tackled [128]: speech
recognition, language understanding, and interaction metaphor. McGlashan et al. [129] describe a
prototype system based on agents with simple dialogue capabilities, that the user can control with
speech. In our study, we ask the user to describe the chair to have more elements to use during the
search (see Section 4.6). McGlashan et al. [128] showed that spoken content retrieval through speech
recognition potentially eliminates the need for text descriptions. The spoken content is translated by
cascading adaptive speech recognition (ASR), and the resulting text is fed to a search engine to find
the desired outcome. ASR becomes a critical component, and it risks being inadequate in real case
scenarios, where a large dictionary and the language complexity can have an impact on its accuracy.
Despite this, many applications were developed based on cascading ASR, such as SpeechFind [130],
PodCastle [131], GAudi (short for Google Audio Indexing)[132], MIT Lecture Browser [133] and
NTU Virtual Instructor [134]. In our study, we delegate the speech recognition and the language
understanding to an operator that feeds an external software that elaborates the input and returns a set
of predicted chairs (see Section 4.6). How, in general, a user communicates with the system is highly
dependent on the task that is required and the framework we provide. Spoken queries to retrieve text
content is a widely studied topic, and we designed an experiment to understand what is the best vocal
query in term of the number of meaningful words that leads the user to better results. A detailed study

of voice search topic [135] is out of the scope of our work.
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2.4.4 Gesture and Speech in Virtual Environments

Human-centred interfaces improved user experience by exploiting a combination of modalities. Speech
and sketch were used in different studies involving the virtual environment, as showed before. However,
an interaction that engages both of them in a 3D model retrieval context received little attention. On
the other hand, many studies use a combination of gestures and speech or handwriting and speech.
Gesture, handwriting and sketching are three actions that convey visual information but they have
important differences. Gesture drawing is a quick and generally shorted-time activity that aims to
capture a fluid path. Consequently, the feedback to the user related to the type of movement is usually
hidden or outlined and limited temporarily. In addition, the trigger that the gesture invokes is, in
general, associated with a command. Hand-writing is the overlap between the visual depiction of a
concept using the written language, so it is persistent information displayed to the user, and the system
can interpret that. It is clear that the possibilities covered by handwriting can be exploited by speech
interaction in a fast interaction loop. Sketching includes any drawing, requires visual feedback to the
user, and in general, creates a context. It is not used as a trigger for a specific action. Also, while
sketch and gesture can be represented with 3D coordinates, for handwriting, this is not possible, and a
projection onto a plane is necessary before the interpretation phase.

Hauptmann et al. [136] applied the Wizard of Oz metaphor to study multimodal interaction for
a 3D cube manipulation task. In that study, three conditions were defined: users with only gestures,
with only speech and with the combination of speech and gestures. Project Quickset [104] introduced
a framework where gesture and speech was firstly recognised in parallel, parsed and merged. This
method permits the subjects to create content and locate them via vocal commands and gestures.
Laviola et al. [137] implemented a system for interior design which made use of speech and sketch
for creating and then manipulating virtual objects. Ciger et al. [138] introduced an application where
the user interface includes a magic wand and spell casting by voice. Our research takes inspiration
from Hauptmann’s work and tries to demonstrate that the retrieve object model in 3D can be improved
considerably by combining these two input channels correctly using a simple sequential model without

the need of synchronisations or alignments (see Section 4.6.1).

2.5 Visual Metrics

We can classify image metrics in two categories: quality and visibility metrics. The first ones provide a
unique quality score after taken in input the whole image. In general, they are trained and tested with

mean opinion scores (MOS) [139, 140] with data achieved from user tests. On the other hand visibility
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metrics [141, 142, 35] try to predict the visible differences between image pairs as the human visual
system can do. They produce visibility maps (as shown in Figure 2.5), so local information on the
image, where each value represents a probability of detection. Compared to the IQMs, they are more
precise for tiny and slight artefacts even if they are not able to determine their gravity. Both the image
metrics address different applications. In particular, visibility metrics are used by computer graphics

applications that need to boost their performance without showing noticeable distortions.

2.5.1 Quality metrics

IQMs can be classified in full reference (FR) or no reference (NR). Full reference metrics represent the
majority of IQMs. No reference metrics are more challenging to design as they do not rely on reference
datasets, and simultaneously they do not provide an image database for metric assessment [143]. For
these two reasons, we focus on full reference metrics. They compute visible local differences using
both reference and distorted images. After a pooling process over the image, they provide a final quality
score. Absolute difference (ABS) or Euclidean distance (AE) of the different channels (RGB) over the
pixels between reference and distorted inputs are the most common techniques. Euclidean distance is
used in Root Mean Square Error (RMSE) and in Peak Signal-to-Noise Ratio (PSNR) metrics. CIE AE
2000 (CIEDE2000) improves the prediction of visible differences by converting RGB values into a
perceptually uniform colour space and using a colour difference equation.

Structural Similarity Index Metric (SSIM) [5] provides a global score calculating differences
in local average contrast and intensities and moreover pixel correlation. SSIM uses a formula that
considers three components (luminance, contrast and structure) as shown in Figure 2.6.

The Visual Saliency-Induced Index (VSI) evaluates similarly, but the local difference maps are
based on four factors: two chrominance channels [144], the gradient magnitude, and the visual saliency.
The Feature Similarity Index (FSIM) uses the gradient magnitude and, additionally, phase congruency
calculated by the local difference map [145]. In the pooling stage, the weighting function is determined

by VSI with the saliency map and FSIM with the phase congruency map. Despite VSI and FSIM

Figure 2.5: Visibility map (on the right) shows the probability of detecting the differences between a reference
image (on the left) and a distorted image (in the middle).
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Figure 2.6: In the image space, SSIM separates luminance, contrast and structural distortion from a reference
image (Figure from [5])

achieving difference maps at different points during the calculation, these outcomes’ efficiency is not
assessed as predictors.
Several overviews were completed about the IQMs [146, 147], that compare the results over

image quality databases such as the popular collections LIVE [139] and TID2013 [140].

2.5.2 Visibility metrics

Visibility metrics try to predict the visibility of the distortions at each pixel. A large amount of data is
required to train a data driven visibility metric. To overcome this requirement, these metrics are based
on visual system models that limit the solution space by reducing the number of parameters involved
in the training stage.

Spatial contrast sensitivity has been modelled by visibility metrics. sSCIELab [148] used a spatial
and chromatic contrast sensitivity to produces visibility maps. Although it improves the result of
CIELab, this solution does not fit complicated images as it does not take into account contrast masking
or contrast constancy. On the other hand, these kinds of problems are undertaken by more sophisticated
metrics that consider luminance adaptation and frequency-selective visual channels [147]. These
metrics are the Visible Differences Predictor (VDP) [149], Visual Discrimination Model (VDM) [150],
and HDR-VDP [35]. Again, the accuracy achieved for complex images is not satisfying [151].

Butteraugli is a metric developed by Google within the project “Guetzli” [152]. It takes two
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input images (reference and distorted) and produces different feature maps (edge detection map, low-
frequency map) that are then used to create the final map with distortion prediction. This predictor is
designed to detect artefacts coming from image compression, such as JPEG. It is not tested in different
computer graphic tasks, where other metrics do not achieve relevant results [151].

A fundamental aspect of improving quality metrics via the training process is to collect a large
number of images. This kind of data consists of manual annotations and needs to be performed on
different types of distortions with supra-threshold, near-threshold, and sub-threshold magnitudes [147].
Alam et al. [153], for example, generates a local discrimination threshold for 30 images in 3000
patches. This does not represent the right method to collect a large number of images because of a

boring task. Differently we opted for other options as described in [154, 151, 155].

2.5.3 CNN-based quality metrics

CNN-based methods represent a different approach to create a visibility predictor. In recent works [156,
157, 158, 159] some CNN-based IQMs have been introduced. These models are trained with a large
amount of data, where small-size patches are created from reference and distorted inputs. The main
issue for these patches is that they belong to the same image, so they inherit the same MOS value. For
distortions that cover equally an image such as compression or noise, this hypothesis is reasonable. For
other computer graphics artefacts that vary depending on the image position, this assumption can not
be valid. In addition, even in the presence of compression artefacts, a unique MOS value is erroneous,
for example, when contrast masking [147, 35] changes the probability of detection of a distortion. We
overcome this issue by providing dense visibility maps generated during the annotation experiment.
In recent years, deep learning algorithms have been proved to improve performance in different
areas considerably. Recent approaches try to improve IQM with SIFT and HOG [160, 161, 162, 163].
These features are the input of a regressor that predicts MOS. Improvements are shown when machine
learning methods are applied to feature extraction and regression. A practical approach is to determine
NR IQMs that do not need a reference image. Kang et al. [157] implemented a shallow CNN as a
predictor considering the fact that low-level features are sufficient to determine the characteristics of a
natural scene [S5]. On the other hand, [164, 165] show how a deep neural architecture performs better
than a shallow architecture. This advocates that higher-level features may have an important role in the
results of IQM. FR-1IQMs [164] implement an analogous architecture of NR-IQMs where there is a
duplication of the basic NR neural network used for both reference and distorted images. The resulting
feature vector is then passed to two fully connected layers for the final evaluation of the MOS value.

In the regression module, an additional branch is implemented to weight the patches. This
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adjustment takes into account the spatial variance in the image. Moreover, it tries to compensate for the
error introduced by considering the MOS value equal for all the patches produced by a specific image.
In our work, we take inspiration from data-driven metrics to create a CNN-based visibility metric for
predicting visible distortions. In addition, we collect an extensive set of images for the training phase

that covers the majority of the typical distortion in computer graphics (see Chapter 5).

2.6 Gaps in Literature Addressed by this Thesis

Within the literature, there are several possible gaps and improvements that we have identified in the

realm of 3D sketch in HCI and visibility metrics in visual perception. In this thesis we tackle:

3D Object Retrieval via 3D Sketch in VR
Sketch-based algorithms for 3D model retrieval received much attention in the last decade.
Some approaches explored the generation of view-based descriptors [2], and they gather a
collection of views and sketches that are used to train a neural network [70, 71]. On the contrary,
methods based on volume-based descriptor suffers from the lack of resolution and are not suitable
for searching fine details among a large collection of objects belonging to the same category.
Transposing a sketch in an immersive environment is an additional challenge, and there is no
relevant study on comparing 2D sketch and 3D sketch in that context. In addition, we noted that
3D sketch for retrieval purposes in VR is a novel study. We propose a system that helps the user
to navigate a database using visual features and find the target model exploiting the combination

between sketch and visual details of the objects.

Multi-Modal Interaction Based on 3D Sketch and Speech
The combination of speech and different input channels has a distant beginning [13]. Many
approaches of later works use speech as a source of vocal commands more than using it as a
way to describe an object. As the language in such contexts gives better results as a descriptive
tool [112], we consider logical to juxtapose verbal description with the 3D sketch interface
mentioned before. Visual features and features coming from a verbal description belong to two
different spaces, although they try to depict the same object. We noted that such a VR system
where immersive sketch and descriptive speech are fused to manipulate descriptors is a novel

argument.

Efficient Visibility Metric based on Deep Neural Network

Determining the differences between two images is a widespread game. However, in computer
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graphics, how the user perceives the output of the visual pipeline is an essential mechanism. This
process induces feedback to produce a more realistic or distortion-free visual output. Visibility
metrics are the entities in charge of determining the presence of artefacts in images, and in
general, the results are modest. They lack generality [5, 145] and not always they provide
distortion locality. Recently some deep learning approaches were proposed [164] in the context
of IQM, evaluating a score for the images. We identified a gap within the literature and proposed
a visibility metric based on a deep neural network trained with a large collection of distorted

images coming from the computer graphics domain.

2.7 Summary

In this section, we analysed the most relevant studies in 3D sketch and visibility metrics. Our analysis
included sketch-based image retrieval and speech interaction in the field of HCI. For the visual
perception, we described FR visual metrics. Therefore, we detailed the challenges that this thesis

addressed to fill the gaps in the literature.



Chapter 3

3D Sketching for Interactive Model Retrieval

in Virtual Reality

2D sketching for retrieval tasks has been of particular interest for many years. On the other hand, 3D
sketching has only recently been studied, thanks to the push of new cheap virtual reality and motion
sensor products, and the improvement of pattern recognition algorithms. In this chapter, we try to
analyse how sketch interaction performs in an immersive environment. Firstly, we want to understand
the user response when both 3D sketch and several variants of 2D sketch interactions are possible
methodologies for a searching task. Secondly, we extend this search mechanism by data fusion between
sketch and model to improve accuracy and reduce the variance of the proposed results. The 3D sketch
operates using an additional dimension comparing to the 2D version. This possibility means more
expressive power because this extra-dimension can be perceived and exploited easily during the act of
sketching. In real life, we deal with 2D sketches, and it is natural that the 3D version of it is something
novel and for which we are not trained. In addition, it is more difficult to fill a surface with 3D strokes
and this could require more attention. We investigate these aspects of the interaction, and we propose a
method to improve the accuracy of the search: sketch and 3D model superimposition. Superimposing
the sketch with a model helps the user in determining the spatial features of the object and, at the
same time, can include additional fine details. In this chapter two studies are described. The first study

(Section 3.3) was published in [166] and the second study (Section 3.4) in [167, 168].

3.1 Introduction

With the advent of new VR and AR headsets, there has been a rapid growth of interest in 3D modelling.
Although many models may contain meta-data such as keywords and/or other data fields that outline

their appearance and structure, these may be poor or unsatisfactory to express the complexity of



3.1. Introduction 49

specific layouts. Furthermore, in many existing databases, these keywords and fields are frequently
incomplete, insufficient, generic, and even incorrect. Thus query-by-example methods have become a
very active area of research. In query-by-example systems, the user provides example entity instances.
For example, the popular music recognition service named Shazam [169] requests in input a music
sample (a few seconds are enough) and returns the matching song and related information. In our
case, they are in the form of a sketch of parts of the object or scene they wish to retrieve. A search
system then retrieves a 3D model that best matches the prescribed elements from a database. Users can
interact with such a system in various distinct ways to retrieve a relevant object: inserting semantic
information through a keyboard, selecting elements or characteristics from a Graphic User Interface
(GUI), or depicting features by sketching. With the query defined, this activates the system to identify
the most appropriate model by an appropriate distance metric or optimisation.

In the case of the sketch, traditional 2D methods used to search for a 3D model in an extensive
collection may be tedious as 3D models require multiple views to be depicted. Beyond this, the
sketching action also requires an expert user with a particular set of skills, such as understanding
perspective and occlusion. By using virtual reality, this experience can be improved because ambiguity
between views is greatly reduced. Firstly, the user no longer has to imagine the projections from 3D
to 2D, and secondly, there is no need to select the most effective projection to sketch. Text queries
or straightforward navigation through data collections are more conventional and popular methods.
Although they are simple, appropriate and intuitive interface tools are required to avoid the searching
task becoming cumbersome.

Therefore, the sketch method includes an implicit advantage compared to other query types: it
requires no additional information e. g., tag or text or media associated with the model. Thus, our
methodology focuses on the visual features of the objects. We describe the model in terms of the
appearance of the structure and colour. We additionally consider the benefit of using a base object for
the user to draw on top of, avoiding the need to draw significant structural elements and instead focus
on fine details, making the methods more applicable for extensive collections.

A key challenge in sketch-based retrieval is that annotations in the form of sketches are an
approximated representation of the real object and may suffer from being a subjective depiction
and being over-simplified. These abstract portrayals are challenging to description methods and
therefore require particular consideration. For image retrieval, methods rely on enhancing lines through
gradients, GF-HOG [42] and Tensor Structure [170] or using multidimensional indexing structure such

as NB-Tree [171], with more recent approaches based on CNNs [172, 173]. In contrast to 3D, the use
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of sketching for retrieval has been limited to 2D projections for matching [3]. Matching 3D models
requires to normalise models to have the same orientation so that a set of consistent and well-orientated
images can be rendered and compared to the sketch (see Section 2.2.2.2). This view-based method is
adopted and implemented as it allows an interactive experience where users remain immersed in the
virtual environment and get responses with a minor delay.

Up to the present, there are various tools to allow the user to sketch (e.g., Tiltbrush, or Quill) in
VR, but these focus on the sketch itself as the final result. Other systems enable free-form manipulation
of objects by simple affine manipulation through drag points [174]. Conversely, sketching within a
virtual environment both in its 2D or 3D variants as a retrieval method has received little attention.
Therefore, we define distinct user studies to compare sketch-based retrieval methods to determine
which one is the most accurate and satisfying for a user. In addition, we confront an improved version
of the most precise technique to naive linear browsing to demonstrate that sketching is a practical and
usable method of exploring model databases.

In this chapter, we explore systems where the user remains immersed in a virtual reality display.
We provide a base example of the class of object to act as a reference for the user. The user can then
make free-form coloured sketches on and around this base model. A CNN model analyses the sketch
and retrieves a set of matching models from a collection. The user can then iterate by making further
correctional sketches (e.g. adding new pieces or style details to the model) until they find an object
that closely matches their intended model. This leverages the strengths of traditional approaches while
embracing new interaction modalities uniquely available within a 3D virtual environment.

In this chapter, firstly, we analyse sketch as input interaction for retrieval, comparing different
modalities of sketching in an immersed environment (sec 3.3). Secondly, after confronting different
descriptors, we upgrade the most precise method in order to improve both user experience and accuracy

in the task of retrieving a model from a database(sec 3.4).

3.2 Sketch Interaction Overview

As shown in Figure 3.1, the interaction loop provided by the VR software allows the user to search
throughout a 3D models collection by generating a sequence of strokes followed by an input submission.
The system processes the input and then proposes a set of possible chairs from which the user selects
the best match. Therefore, the loop can start again with a different model in the scene. The input
consists of a sketch with or without a 3D model. When the sketch alone is used, only the visual

information coming from the sketch is considered. When the model is included, a combination of
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Figure 3.1: Interaction loop: the user sketch on top of the chair and send the sketch with or without the 3D
model to the system. After receiving the proposed chairs from the system, he/she selects the best
match.

sketch and model is sent to the system. The visual information of both the items is combined in a

unique entity that takes into account occlusion and displacement between them.

3.3 Comparison of different Sketch Modalities in Virtual Reality

Sketching in VR allows users to design and create objects in 3D virtual space. To aid users in
the creation of complex 3D designs, existing methods are often supported by a retrieval algorithm
capable of finding complex designs based on a simple sketch made by the user by searching a model
database. Common approaches can be divided into methods focusing on gestural interaction [82, 81]
or techniques allowing to freely draw sketches [175]. Gestural interaction techniques are widely used
to execute an action as a trigger mechanism or depict a simple trajectory in the design space. While
gestures are generally easy to use, they are usually not suitable for characterising detailed features
of an object. Gestures additionally limit the ability of the user to express their desires freely. This is
especially true for the task of retrieval where flexibility is key to finding the relevant content, i.e., the
so-called needle in a hay stack problem. However, both 2D and 3D sketches allow the user to convey
complex structures, including their details. These techniques extend the scope of potential designs to a
large number of objects within a collection with significant variations in terms of both shape, colour

and texture.
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Figure 3.2: To understand supportive sketching within a virtual environment, we investigate sketching in virtual
environments and consider 4 different interaction methods, i.e., (a) 3D mid-air sketching, (b) 2D
sketching on a virtual tablet, (c) 2D sketching on a fixed virtual whiteboard, and (d) 2D sketching
on a real tablet.

Despite the growing interest in methods for Sketch-based Retrieval [42, 176, 49, 177, 178], only
few examples of such systems for VR have been proposed [80].

It is essential to understand how different interaction methodologies can impact both user per-
formance and user experience. Therefore, we present a study to understand how users interact with
physical and virtual devices framed in a retrieval context.

This work investigates different techniques (shown in Figure 3.2) for users to provide initial
sketch designs as input for sketch-based retrieval algorithms in virtual environments. The contribution

is two-fold:

* We compare four methods of Sketch-based Retrieval interaction in VR:

3D Mid-Air Sketching, using mid-air drawing using a controller;

2D Sketching on a VR Tablet, using a 2D tablet within the virtual environment;

2D Sketching on a VR Whiteboard, using a VR plane to annotate the model;

2D Sketching on a physical tablet, using a real world tablet tracked in VR to annotate the

model with strokes.

* An extensive user study over the four methods identifying the advantages of methods with
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regards to the user.

The details of this user study are described in Section 3.4.4, while the results evaluation in Section 3.3.4.

3.3.1 Sketch Modalities for VR

In the following section, we describe the implemented model retrieval system, with four sketch
interaction methods and the back-end, which acts as a retrieval system. For each method, the user is
immersed within a virtual environment and sketches either in 3D mid-air (3D Sketching), on a virtual

tablet, a virtual whiteboard or on a tracked physical tablet.

3.3.1.1 Interaction Methodologies

We propose four distinct methods of interaction (as shown in Figure 3.3), three of them use 2D sketches
generated on a different canvas and with different actions, and only one of them make use of 3D
sketches. We selected the most natural approach for sketching in 3D, where the user traces the line in
the 3D scene. Then for the 2D-based sketch, we use a virtual tablet to mimic the painter’s palette, the
whiteboard that gives a fixed and larger surface where to paint, and a real tablet to include physical

feedback in the interaction. We outline them in detail below.

(a) 3D Mid-Air Sketching

' 4

(c) 2D Sketching on a VR Whiteboard (d) 2D Sketching on a Physical Tablet

Figure 3.3: Overview of the four implemented interaction modalities for sketch-based retrieval.

3D Mid-Air Sketching This method, shown in Figure 3.3a, is similar to existing systems for sketching
in VR and is directly based on the method for 3D mid-air sketching([179, 69]). The user directly
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sketches in 3D space using a hand-held controller. While holding down the trigger button, a virtual
stroke is applied in the air at the current position. By dragging the controller through the air, strokes
are extended in a continuous line. Once the trigger button is released, the active stroke is considered to
be completed, and a new stroke can be initiated. There is no theoretical limit to the volume the sketch
can occupy. The position of the sketch is arbitrary and can follow the edges of the chair model present

in the scene or can be completely uncorrelated.

2D Sketching on a VR Tablet With this method, we mimic a natural method of sketching, but placed
within VR. A 2D panel is attached to the user’s non-dominant hand controller, see Figure 3.3b. As
this method aims to simulate sketching on a portable tablet, the 2D panel was similar in size to a
commonly used tablet device. The actual sketching of lines is done using the controller in the user’s
dominant hand. This makes the interaction technique a bi-handed approach as both hands are involved
in the process of sketch creation, i.e., one hand performs the sketch while the other hand stabilises the
drawing canvas. Here, the 2D sketch is not only limited in the third dimension, but also by the size of

the panel.

2D Sketching on a VR Whiteboard Similar to VR Tablet, the whiteboard method provides a panel
onto which the user can sketch in 2D, see Figure 3.3c. A familiar design paradigm, the whiteboard
technique extends the size of the tablet to that of a larger whiteboard in order to provide more space
for sketching. As the whiteboard is positioned on a fixed location inside the virtual environment, this

method does only require the use of the user’s dominant hand.

2D Sketching on a Physical Tablet Using a real-world tablet offers the user a physical surface to
perform 2D sketching while immersed in the virtual environment, see Figure 3.3d. This mimics the
most common technique used by digital artists.

The tablet is positioned on a table and requires a short registration procedure before starting a
sketching session. While the tablet is still limited in drawing space, the physical feedback provided
from the actual device aims to improve the stability during sketching. The user is able to sketch using
her finger, thus this approach does not require the use of a controller for the sketching task. The user’s
hands are tracked using a LEAP motion device as the virtual environment needs to visualise the correct
position of the hands of the user. This additional tracking is necessary as we noticed during a first
implementation that the absence of the visual feedback for the finger position led to an unpleasant
experience. This was mainly due to the user being unable to find the right location of contact between

her finger and the tablet.
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Figure 3.4: A random sample of ShapeNet chair subset.

3.3.2 3D Chair Collection

Sketch-based retrieval has had great success within 2D image retrieval, yet is still cuambersome
when extended to 3D. This research proposes that by utilising recent advances in virtual reality and
by providing a guided experience, a user will more easily be able to retrieve relevant items from a
collection of objects. We explore the proposed methodology on ShapeNet [1]. ShapeNet is an extensive
3D model collection that includes a large set of model classes. We demonstrate our method to the
subset of this collection that contains chairs, although our method is applicable to many classes of
object. The chair subset is large and exhibits a large amount of variation that is particularly suitable for

our method (see Figure 3.4).

3.3.2.1 Whatis a descriptor?

Having a computable representation of a 3D sketch is a challenging task. Multiple methods can describe
sketch features. For example, a volumetric description subdivides the space of interest into voxels
and fill the voxels where the sketch is present. This approach demands many resources, proportional
to the cube of the linear resolution of a side of the cubic volume. Another approach is to take into
account only some points of view of the sketch. We can generate the description using the images that
originated from the view projections. This method requires fewer resources reducing the number of
inputs. Besides, to improve the precision, increasing the number of points of view is not a difficult task
and does not impact excessively on the system’s performance. In a multi-view approach, the ways to
generate the image representation, in jargon the feature or vector descriptor, are multiple. However,
the outcome is precisely an array of thousands of numbers. In the second part of the chapter (3.4.1),

we explore the different feature extractor algorithms and evaluate their accuracy.
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Figure 3.5: Overview of the system’s model retrieval mechanic. Here, (A) the sketch created by the user results
in 12 images (B) which are processed by 12 versions of the same CNN. After a max-pooling
procedure, one descriptor is generated and (C) compared through Euclidean distance with the
descriptors previously calculated for all the chairs of the collection. The search results are (D) a
small subset of the most similar chairs from which the user can select.
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3.3.2.2 Model Retrieval

To perform sketch retrieval, we implemented a backend that hosts a pre-loaded CNN model that
generates a descriptor for the sketch image that is compared with the pre-computed database model
descriptors. This backend answers the visual queries containing the sketches by producing a list of
the 40 models that are considered most similar to the input sketch. We used the VGG-M Matlab
implementation of Su [180]. This implementation provides a single visual descriptor after elaborating
the snapshots taken by VR software. The method works by generating a set of structured camera views
(snapshots) around the models. These images are then passed through the CNN, and a final descriptor
is generated. During the generation of the snapshots, the cameras in the virtual environment move to
different angles looking at the centre mass of the sketch and fits the viewport in the image. The CNN

uses the VGG-M model [181]. An overview of the entire system is depicted in Figure 3.5.

3.3.3 Modalities comparison experiment

To compare our four interaction methods for sketching in VR, we designed and conducted a user study
performed in our lab.
Participants: We used a within-subjects experimental design to help to reduce the number of par-
ticipants and errors associated with individual differences. To counterbalance possible carryover
effects, the methods were randomized between the users. As our independent variable, we distinguish
the methods used to sketch, 3D sketch, 2D sketch on a virtual tablet, 2D sketch on a fixed virtual
whiteboard and 2D sketch on a real tablet. We distinguish 3 dependent variables, namely the success
rate, the completion time of the task and the number of submitted queries during the search.

A total of 5 participants (4 male, 1 female, 25 — 43 age range with avg. 34) volunteered for our
study. All participants had previous experiences with VR and already used an Oculus RIFT and Touch.
Apparatus: The rendering of the Virtual Environment was performed in Unity 2018.2.13 using an

Oculus RIFT DK1 headset with a connected laptop computer. The specification of the laptop was:
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Intel i7 CPU, 64 GB RAM with Nvidia GeForce GTX 980M graphics card. The interaction with the
3D environment was provided by both the Oculus Touch, i.e., two controllers paired with the headset,
and hand-tracking using a LEAP Motion device. For the real tablet session, we use a Galaxy A6 tablet,
tracked within Unity application via an Oculus Touch controller attached on the top right corner with
Oculus Rockband VR Touch Guitar Mount Attachment.

Implementation: The virtual reality software contains one 3D scene. The scene consisted of a
furnished room, with the addition of a chair when the system was initialised. After having triggered
the system, the user can select the proposed models from a floating panel in which can scroll pages
of models and display ten models at time. The panel is attached to the left hand, and the selection
is performed using right-hand controller. Ten models were chosen so as to provide a panel that was
small enough not to occlude large parts of the environments, but large enough that features in the
chair were easily legible inside the HMD. The 3D sketching mechanism was managed through the
generation of coloured lines. Lines are implemented as narrow strips that expose their wider section to
the current camera. Therefore, each virtual camera, used for multi-view generation, renders the larger
section of the strip independent from the sketch path. The user can colour using a palette connected
to the left-hand GUI. The user can draw 3D lines in the virtual environment on top of the current
model and can submit to the system using the controller’s triggers. We also provided a simple UNDO
function that acted on the sketch stack. We did not provide additional tools in order to force users to
explore pure sketch interaction. The 2D sketching mechanism is achieved by drawing the sketch on a
panel and inherit all the additional functions (palette, UNDO, etc.) developed for the 3D sketch. The
back-end is a separate service thread in which a CNN Model is pre-loaded and ready to respond to
user queries. This is triggered to produce a unique visual descriptor given the snapshots generated by
VR application.

To maintain a reasonable computation time, the first convolutional layers (see figure 3.11) use

stride 2, while the latter layers are used as normal. On average, the CNN process takes approximately
0.5 seconds to produce a descriptor after receiving input.
Procedure: Before starting the experiment, each participant was instructed on the searching task. A
period of 10 minutes was dedicated to training the user to develop confidence with the controllers and
the virtual environment. Between each method, users had 3 minutes of rest and they can perform the
task seated or standing up. Upon completion of the introduction, the experiment commenced.

For each method, participants were asked to perform sketch searches for a given set of 8 different

chairs. For each session, the participant started with a randomly selected sketch interaction method
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Figure 3.6: The inner circles in each radar represent 45 seconds. The centre of each circle corresponds to time 0.
Each radar shows the average time to complete the task for each chair considering all the methods.
The time is normalised to 3 minutes as the upper limit allowed for a search attempt.
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Figure 3.7: Number of search iterations for the different types of chairs for the different methods of interaction.

and performed the search for each target chair of the 8 proposed randomly. Using the selected method,
the participant started sketching to initiate the search for the presented target chair. Upon confirmation,
the system provided the user with a set of potential chairs considered to be most similar to the created
sketch. The participant could refine the search results by editing or detailing the sketch. When the
participant was satisfied with the results, the user terminates the test by clicking a GUI button. This
selection concluded the search task and would replace the presented 3D model inside the scene. Each
session is given a time limit of 3 minutes, after which the search was considered terminated without
a successful result. The experimenter recorded the success rate and completion time for each task.
The user’s experience with the current sketching method was measured asking the user to rate the

interaction on a scale from 1 (very bad) to 5 (very good).

3.3.4 Evaluating the Accuracy

We consider methods and models as independent variables and time to complete as a dependent
variable. Because the two-way measure test does not follow the assumption of the normal distribution
for the dependent variable, we run a Friedman test (non-parametric test) over our data considering

methods as an independent factor. In addition, pairwise comparisons were performed (SPSS Statistics,
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2019) with a Bonferroni correction for multiple comparisons. This test shows that the difference in
the median for methods distributions is significant, with p-value less than 0.05. In particular, the
pairwise comparisons show that 3D sketch method has the null hypothesis rejected with all the other
methods. The Friedman test for the models variable is significant, with p-value less than 0.05. This
result is caused only by one pair of models (over 28 pairwise comparisons). Model 8 has a distribution
statistically different from model 3 distribution. We can explain this behaviour for model 8 because of
the peculiarity of the chair. This chair has simpler features to identify and to draw, and less similar
chair is present in the database. In this case, despite the performances of 2D methods, it happens that
model 8 can be found faster than average and with the higher variance. On the other side, model 3 is
the chair with the most common features in the data collection, difficult to find (worst mean value) and
with one of the lowest variances.

We investigated the differences between the four different methods of interaction using sketches
within a virtual environment. We evaluated our study over the 8 distinct chairs presented to each
participant and 4 methods to test in terms of the accuracy of the returned model, time, and the number
of queries to complete the task. To evaluate the accuracy we counted the number of successful searches
among the total number of searches. The number of successful task completions for the 3D sketch was
37 out of 40 (92.5%), the 2D sketch with the whiteboard was 9 out of 40 (22.5%), the 2D sketch with
virtual tablet was 6 out of 40 (15%) and the the 2D sketch with real tablet was 5 out of 40 (12.5%).
To evaluate the efficiency, we measured the time elapsed from the beginning to the end of the search
and count for each search the number of attempts to submit the sketch to the system. The average
time among all the chairs for the 3D sketch was 71 seconds, the 2D sketch with the whiteboard was
156 seconds, the 2D sketch with virtual tablet was 169 seconds and the 2D sketch with real tablet
was 166 seconds. The average number of attempts among all the chairs for the 3D sketch was 1,85,
the 2D sketch with the whiteboard was 4.875, the 2D sketch with virtual tablet was 5.65 and the 2D
sketch with real tablet was 2.9. We demonstrated how the variation in chairs effects the different
methods in the radar plot of Figure 3.6. We showed in Figure 3.8b the cumulative number of attempts
over the different methods of interaction. It can be seen that the 2D virtual tablet required a large
number of search triggers, while the 3D sketch required the least. In Figure 3.7, we show how the
difference in 3D model affects the number of required search triggers. These results mimic those of
Figure 3.8b, but also demonstrate how different chairs provide challenges to the different interaction
methods. Interestingly, for 3D Sketching and Physical tablet, the figure has a similar profile across
models as opposed to VR Tablet and Virtual Whiteboard.
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Finally, after the experiment, the user evaluated the different methods of interaction. Figure 3.8a
shows the cumulative score. 3D sketch appears to provide the best user experience. However, the trend

is inconsistent with the number of triggers of Figure 3.8b and Figure 3.7.

3.3.5 3D Sketch VS 2D Sketch experiences

The difficulty in finding some 3D models with 2D techniques in the database becomes evident from
Figure 3.6. Despite all the methods being intuitive, the 3D sketch is more accurate and satisfying to
the user experience.

In the case of 3D sketch the user can depict the target chair using more naturally the depth
information, while in all the other methods user can draw only a 2D projection of a three-dimensional
data on a texture. The real tablet method introduces physical feedback for the user as the drawings
are generated by the finger when touching the surface, but essentially the output of the interaction is
the same for all the 2D techniques. As each user performs 32 searches in total, they develop a plan to
optimize the search, exploring how the input impacts on the neural network and exploiting eventual
winning strategies for each method. Whereas 3D sketch interaction generates 12 input images from
different points of view, the 2D sketch can contribute only with one. With 2D sketch, each user quickly
developed the idea of selecting the most significant view angle and tries to depict that projection.
Despite this, as the success rate for 2D methods is lower than 3D sketching. Some users tried to draw
the different points of view in the same texture (top “Whiteboard” Figure 3.9), in some cases achieving
the target chair successfully. Also, while the 3D sketch does not require an accurate depiction, we
noticed that for each 2D methods the user tended to detail the drawing to increase the probability of
finding the target.

As a consequence, a typical behaviour noticed on the 2D canvas is that the user preferred to fill
areas between the edges accurately. This disposition is not necessary for 3D where the system can
interpret a few quick strokes as a filled surface. The motivation for this differences is again the lack of
information of 2D sketch compared with the 3D counterpart, so the need to detail the 2D drawing as
much as possible emerges naturally.

In terms of user interaction, for the aforementioned reasons 2D sketch modalities required from
the user more query submission to the system (as shown by Figure 3.8b), more attention, a firmer
hand, and in particular with virtual tablet two hands working at the same time. This could have caused
discomfort after a few minutes of sketching and eventually, a loss of accuracy. Between 2D methods,
the whiteboard shows better results than the virtual tablet for two main reasons: firstly because of

the fixed texture to draw on, and secondly because of the larger canvas that can include more details.
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Figure 3.8: (a) Each bar is the cumulative score given by each user for a specific method. (b) Each bar is the
cumulative number of search trigger events given by each user for a specific method.

Although the distance between the surface and the drawing hand is the largest between the 2D methods,
this result shows that this aspect does not have a negative impact on the task.

The real tablet is interesting because of the physical interaction that is completely absent in all the
other methods. While at the beginning of the session, this is a pleasant novelty, contrary to what was
imagined, the sketch done directly with the finger was less precise if compared to the sketch generated
by a remote controller. Moreover, mixing virtual reality with a tracked canvas was not sufficient to
guarantee a decent user experience. The absence of the finger’s positional information lets the user, still
immersed in the scene, become disoriented during the drawing process as it is unclear where the finger
is with respect to the canvas position. We solved this issue using a Leap Motion to track continuously
the finger displaying an avatar, however, sometimes noise was introduced, and the user experience

deteriorated rapidly. In addition, as it inherited the lack of performance of the 2D techniques, this
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Figure 3.9: This figure shows in the first four columns some representative images from the 3D sketch. The

fifth column is the sketch from the virtual tablet method. The sixth column is the outcome of the

whiteboard method and the seventh column, the real tablet sketch. The last column is the image of
the target chair.
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method does not improve the results of the other 2D methods. This could indicate that even synthetic
haptic feedback could aid in the drawing for the other methods, even in 3D sketching.

We observe a low number of triggering events both for 3D sketch and for real tablet techniques.
3D sketch had a high rate of success and a low number of queries that indicates the high efficiency of
the method. On the contrary, even if the real tablet had a few triggering events, it does not mean that it
is efficient. Its low success rate and problematic interaction lead the user to give up quickly, avoiding
an extensive search as in the other 2D methods. Figure 3.8a shows that user experience is affected by
the success rate, resulting in a better experience when the system is more accurate. With this study we
confirm hypothesis [H1.1] that states that “3D sketch is an effective interaction to depict information

in an immersive environment with the aim to retrieve models from a large collection.”

3.3.6 Limitations and Additional Comparisons

Despite 3D sketch showing positive feedback from the user study compared to the other methods, we
investigate some aspects and limitations of this system to improve the search accuracy or experience.
Below we outline the most important ones:

Query Descriptors In our study, we use VGG-M deep descriptor. Recently, a large number of
CNN architectures have been designed. We implemented our system as distinct modules that can be
replaced easily. We aim to test different neural networks and machine learning models in order to do a
comprehensive survey. These solutions could also be fine-tuned to the VR or learnt through active
learning to become bespoke to the users’ style.

Expanded Comparisons Our study compares four methods for generating sketches (3D or 2D). We
could extend the study to other modalities, both 2D or 3D. One additional method could be a tracked
pen coupled with the tablet to increase accuracy. An interesting follow-up would be comparing the
user experience and accuracy obtained in a virtual environment with a real counterpart. In such case,
the interaction with the physical tablet would be direct and more pleasant.

In addition, we aim to compare the sketch mechanism with more advanced user interfaces paired
with state-of-the-art mechanisms for searching objects in immersive environments such as text input
and faceted search. Moreover, we want to explore possible ways to integrate sketch with additional
information coming from a more complex interface. Furthermore, several benefits can be achieved,
providing functionalities such as brush size, erase and transform operations that could mimic the basic

functionalities of 2D photo editing software.
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3.4 Analysis and Improvement of 3D Sketch Queries

In this section, we describe the techniques used to extract the features from the sketch to create
the feature vector. We present an improved approach based on 3D interaction for searching model
collections based on annotations on an example model. This example model represents the current
best match within the dataset, and sketching on this model is used to retrieve a better match. A novel
aspect of this method is that we allow users to make sketches directly on top of existing models. The
users can express colour, textures and the shape of the desired object. In addition, we evaluate different
descriptors through a preliminary study in order to select the most accurate one, discovering that CNN
achieves the highest precision. Third, we perform a user study to demonstrate the advantages of a
sketch-based retrieval system in contrast to naive search. We show that users understand the purpose
and practical use of a sketch-based retrieval system and that they are easily able to retrieve target
objects from a large database. Finally, our system is the first of its type to work online in an immersive
virtual environment. This model retrieval technique can be broadly applied in editing scenarios, and it

enables the editor to remain immersed within the virtual environment during their editing session.

3.4.1 3D Sketch Descriptors

Sketching within a 3D environment has been explored through stroke analysis [182, 183, 184], but little
work has been performed to describe the set of strokes in a compact representation, i.e. descriptor, such
as in SBIR [43] or SBVR [185]. Therefore we explore state-of-the-art model descriptions approaches.
We apply four traditional Bag of Words approaches: SIFT [40], Histogram of Gradients(HoG) [41],
Gradient Field Histogram of Gradients (GF-HoG) [42] and ColorSIFT [186]. It is worth noting that
only ColorSIFT descriptor incorporates a description of colour. In addition, we apply a multi-view
CNN architecture to describe the content of the model.

Each method generates a unique descriptor of the chair. To generate a single vector description
of a model, the chair is projected into 12 distinct views as shown in Figure 3.10. Each view is then
described by an independent model. This exhibits an early fusion approach which we describe for both
deep and shallow descriptor generation methods.

In the multi-view CNN architecture [180] the standard VGG-M network of [6] is applied. This
model consists of five convolutional layers and three fully connected layers (depicted in Figure 3.11).
As in [180] the model is trained on ImageNet then fine-tuned on the 2D images of the 3D Shapes
dataset. For each view of the model, the convolutional layers of the VGG-M are applied where the
resulting descriptors are aggregated by element-wise max pooling. The result of the max-pooling

is then fed through a second part of the VGG-M network (i.e., fc layers) where the second fully
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Figure 3.10: (a) CNN can be triggered with snapshots with both sketch and chair model. (b): CNN can be
triggered with snapshots with only sketch present.

connected layer (fc7) is used as the descriptor for the view (V) resulting in V € R*%%®. The VGG-M
network is trained once and shared amongst views.

For SIFT, ColorSIFT, HOG and GFHOG, we used the bag of words mechanism to generate a
descriptor from all the views. The bag-of-words model was originally created in the context of NLP.
When applied to a text, it creates the set of words present in that corpus, overlooking grammar but
considering multiplicity. The distribution of these words is then used to characterise other text, and to
create other classes for a classification. The same concept is used in computer vision where the words
are replaced by features extracted with a specific algorithm. The BoW implementation is defined with
K = 1024 clusters that represent the visual words and where the frequency histogram across views is
accumulated to generate a singular descriptor, V € R10%* for these methods.

We perform a preliminary evaluation of the descriptors for retrieval of models (See Section 3.4.3)
and identify the approach of Su [180] to outperform the alternative methods significantly. Henceforth

we discuss the approach in regards to this descriptor. An index is generated from the dataset by
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D409 where 7 is the

repeating the aforementioned process over the dataset generating a matrix M =
number of items in the collection.

An alternative solution is to consider this retrieve task equal to a comparison task between images
that represent the same object. In the case of a sketch that represents a 3D model, different algorithms
coming from visual perception area could be applied to capture differences between images. We
separately test the SSIM algorithm in the context of sketch generation. SSIM is a visual metric that
accepts two images and produces a value between -1 and 1, where 1 means that the images are identical
and -1 different. We calculate for each timestep of the sketch generation the SSIM result feeding
the algorithm with the images coming from the target model and the snapshots of the sketch. The
outcome is a time series of SSIM results. Differently from our belief that the similarity score increases,
this time series does not show an increasing trend (ideally to 1). Structure similarity metric is widely
used to evaluate perceptual image differences. It rates the degradation after processes such as image
compression. Differently from other metrics such as PSNR (Peak Signal to Noise Ratio), it compares
visible structures between images. On the other hand, sketch can be used to paint structures, but it
is subjected to noise, user’s ability, user’s visual perception, that can alterate the similarity between
a real object and the sketched one. Given these conditions, we discover that SSIM does not capture
features coming from the sketches that try to depict an object, so we discard this additional comparison.
Therefore, sketch transposition alters the shape and colours of a real object in such a way that SSIM is
not able to evaluate the similarity of the structures correctly. We study in detail the visual perception

algorithms in Chapter 5.4.

3.4.2 Sketch or Sketch/Model Online Queries

At query time, the multiple views are generated from the user’s sketches and, optionally the current 3D
model that is the best match (see below), and a forward pass through the network returns the descriptor.
For simplicity and ease of comparison of results, we leave M to be linearly searched at query time.
Improved efficiency could be achieved by using KD-Trees or other popular index structures. Therefore,

we define the distance d as squared Euclidean:
d = |M; — O 3.1)

where Q is the query descriptor. After comparing the descriptor with the descriptor collection, the
system replies with the K-nearest models that fit the input sent. In our experiments, we use K = 40.

The retrieved models are ordered by their respective r; distance.
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Figure 3.11: Each view is processed by the shown VGG-M architecture model [6]. As demonstrated in
Figure 3.10 the network is split after convolutional layers the final Multi-View descriptor is the
output of the network a vector of 4096 scalars.

We provide the user with two ways to perform the query: sketch-only query or both sketch and
model query. This is achieved by enabling or disabling the visualisation of the model (see Figure 3.10).
After the system proposes results if the user’s target model is not present the user can edit the sketch or
conversely can replace the current model with a new one that better matches represents the desired
target. Such a possibility helps the user to minimise the time sketching: they can focus on sketching
the missing or different parts relative to the current best match model. This facilitates a step by step
refinement to navigate through the visual feature space of the collection, commonly achieving the
target model only after a few iterations. In the current implementation (see Section 3.3.3) the response
time after each user search request is 2 seconds. This is sufficiently quick to allow a tight interactive
loop between sketching and querying. Users are free to either make a complex sketch that will likely
match on the first attempt, or add features to the model in several iterations, thus facilitating a ‘walk’

through the model collection towards the desired target.

3.4.3 3D Sketch Descriptors Evaluation

We perform a preliminary study using a set of six queries over the different descriptors. We evaluate
their retrieval precision with regards to a set of criteria for the returned model. Following the approach
of Collomosse [54, 185] we evaluate the precision in terms of these different facets of the retrieval,
therefore for each correctly returned facet of the model, the score is incremented. These correspond to:
1) Structure — the majority of the parts arms back, seat, legs; 2) Style — curvy, straight, with many lines;
3) Colour — dominant colour matches query. The evaluation was performed by a human.

This study aims to identify the descriptor that achieves the best precision for the search task. The
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Figure 3.12: Average precision.

most accurate method is then used in the user test. In addition we prepared two sets of queries, the
first are pure sketch queries, while the second are a combination of the sketch and the model. We
considered the top 10 retrieved chairs proposed by each method, ranked from position 1 to position 10.
Each rule can assign only one point if matched and focuses on a specific feature of the model. We

formalised the rules as follows:

1. we consider four components of the chair: back, seat, arms and legs. Where if more than 75%

are similar to the target, the result is considered correct;

2. if the proposed chair shows a dominant style (curvy, stripes, convex, etc.) similar to the target

chair;
3. if the proposed chair shows a dominant colour similar to the target chair.

With each result receiving points for the facets, a final score in the range of [0, 3] is calculated, which
is then normalised across facets and queries for a result in [0, 1]. The precision is calculated from the

scores for each result, using the equations:

P — , (3.2)

where P, is the average precision for the rank r, S; is the score for rank i assigned by our metric. We
compare SIFT, ColorSIFT, HOG, GF-HOG and VGG-M, calculating the average precision for each
chair of the top 10 retrieved models. VGG-M method outperforms all the other methods using sketch
and model queries ( as shown in Figure 3.12a) and also using only sketches.

We calculate Mean Average Precision (MAP) for each descriptor. For the sketch and model
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Figure 3.13: The scroll method provides a simple scrolling panel for navigating the database of all the chairs.

queries, VGG-M’s MAP achieves 0.28, followed by GF-HOG with 0.18. This pattern is similarly
reflected within the Sketch only queries, with VGG-M’s MAP highest at 0.22, followed by SIFT
with 0.13. Therefore, we perform the user test using descriptors generated by VGG-M. This analysis
confirms hypothesis [H1.2] that states that “deep learning models are more effective for extracting
features than well-known detectors and descriptors when applied to sketches multi view 2d-sketch

supervision.”

3.4.4 Query-By-3D Sketch VS Linear search in VR

We designed an experiment to compare two methods: the proposed sketch-based method, and a naive
scrolling panel method. For each session of the test, we first showed the participant the twelve views
of a target chair as generated for the descriptor. We then asked the participant to retrieve the chair
from the database, using one of the two methods. For both methods, the participant started in a scene
of a furnished room where a chair is positioned on the floor to the user’s left-hand side. We perform
this initialisation step to minimise the required hand travel distance avoiding any mobility bias. We
tracked the success rate, the time to complete the task and a subjective evaluation of the user experience
through a questionnaire.

The scroll method consists of finding the target chair from the entire collection of 3370 chairs
using a panel that shows ten chairs at once and which can be scrolled forward and backwards very
quickly. After the user starts the session, the chairs are randomly shuffled to prevent the recall of the
order from memory. The user then searches for the target chair (see Figure 3.13). When the user is
confident that they have found the chair, they select it from the panel in order to replace the current

chair in the room. When the participant clicks the end label, the time required to complete the task is
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Figure 3.14: An example of a user’s sketch within the sketch interface. The query is comprised of coloured 3D
strokes drawn on top of a chair model.

taken, and the session is finished. For the sketch method, the user makes coloured sketches on top of
the initial model (see Figure 3.14) and then uses the hand-held device to trigger the search method.
The system proposes 40 chairs as the outcome, shown ten at a time in a scroll panel that is navigable in
the same fashion as the scroll method. The participants would iteratively sketch, triggering the retrieval
system or selecting models from the 40 suggestions, then continue to refine the sketch. The search

refinement process continues until the target chair is located, and the user can terminate the session.

3.4.4.1 Experiment procedure
The apparatus is the same described in Section 3.3.3. The software implementation differs as we
used only 3D sketch interaction, and we implemented a linear search through the database by panel
navigation. All participants are asked to complete an introduction form with basic information related
to their previous user experience in 3D software and VR applications. Each user performs two sessions
of tests. Where each session is comprised of two sub-sessions. In each sub-session, the user performs
three search tasks for different chairs models with one method, and then the same three searches with
the other method.

Participants were instructed before each of the four sub-sessions with an application demo in
which it will be shown the modality they had to use. In addition, they could select to practice for a
short time to familiarise themselves with the interaction. Each of the search tasks was started by asking

the user to look at a particular target chair with the instruction find it using the selected method. For
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the sketch-based method, we instructed the user to use the style they prefer, which could be based
predominantly on making a single sketch or on system interrogation with multiple iterations of model
replacement. Each user was allowed to perform the task seated or standing. An upper time limit
was defined as 4 minutes in order to keep each user session slightly less than one hour. In the event,
the user was unable to locate the target chair within the time limit, or the wrong chair was selected,
the search was considered a failure and the time cropped to 4 minutes. The two sessions differed
in starting method used and from the different set of target chairs; thus, the order of the methods is
counter-balanced, and each subject uses both methods twice. We split the users into two groups: the
first group started with the naive scroll method in the first session, while the second started with the
sketch method. In total, each participant performed 12 searches. In this way, we were able to analyse
the task completion time considering the contribution related to the different techniques, to the chair
types and to the learning curve effect of VR interaction. We choose six different chairs with specific
structure and colours. In particular, both striped and curvy shapes are present in the sets with a variety
of different colours, as shown in Figure 3.15. After completing all four sub-sessions (12 search tasks),
participants filled in a final form with their rating on user experience and level of confidence for both
scroll method and sketch method. The scale of the rating was expressed in the form of a scalar from 1

to 5.

3.4.4.2 Improved 3D sketch user study evaluation

Our user study consists of 30 participants recruited from the university and general public. We split the
participant into two equal size groups (15 users per group). The first group of participants started with
scroll method, while the second group started with the sketch method. Twenty of the participants were
male (10 female) while the average age of the participants is 26 years. Each of the participants in the
study performed six scroll and six sketch tasks, giving a total of 360 search tasks across all participants.
The tasks splits are demonstrated in Figure 3.15 with regard to group and session (see supplementary
material for user final queries), 1. ., twelve trials per user, with 15 participants doing the first task with
scroll, 15 doing the first task with sketch.

The number of successful task completions for the scroll method was 119 out of 180 (66%) and
for the sketch method 171 out of 180 (95%). In Figure 3.20 we show the total number of completions
for each method for each task, in the order that participants completed the tasks in their respective
groups. This graph shows the impact of individual tasks being found easier or harder by the participants.
As there does not appear to be a trend over the sequence of tasks for the sketch method, it demonstrates

minimal learning required and the intuitive nature of the method.
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The task completion performance for the sketch method can be affected by the complexity of the
target model, where difficult models are challenging to depict. The participant may have improved
their depiction ability or efficiency with the system, but this can not be conclusively drawn from these
results. While the significant factor for the linear search is the position within the dataset. It also
can be seen a much larger variation in completions per task for scroll than sketch. For task three,
only 3 participants completed the search with the scroll method. This in comparison with sketch, the
minimum number of completions was 12.

We show the time to complete all tasks in Figure 3.18 for each of the methods. We can see that
the distributions are very different, with a cross-over point at around 60 seconds. This can be explained
by the fact that the page number largely determines the completion time for the scroll method that
the result appears on, while for the sketching method there is an additional interaction overhead for
completing the query sketch and the search time.

We compared the average time to complete all six models for the sketch or scroll methods in a
paired-comparison per user. Each pair comprised the average time to complete all six sketch tasks and
the average time to complete all six scroll tasks. Additionally, any failures to complete were clamped
to 240s (4 minutes). The median time to complete the sketch tasks was 99.8s, and the median time to
complete the scroll tasks was 156.5s. We used the exact sign test to compare the differences because
of the distribution of times and the clamping on failure. This showed that the difference in medians
was significant, with p less than 0.0005. We asked participants to report feedback on user experience.
In Figure 3.19, we show an average rating of sketch and scroll methods for all users. We can see quite
clearly that users strongly prefer the sketch method, with only two users rating the scroll method as
favourite one, four showing no preference and the remainder (24) preferring the sketch method.

Qualitative examples are shown in Figure 3.16 and Figure 3.17, showing the types of sketch
created by the participants. We discuss further the difference between the types of sketch in Section 6.

Finally, we reflect on the development of the precision of results across the session for users in
the case more than one query was performed. Our purpose is to quantify the improvement between the
first and the last query, without considering the cases in which the user found the target chair after the
first interaction, and therefore considering the refinement of the results over time. We evaluate using
the same mechanism as in the comparison of descriptors (Section 3.4.3) but solely for the selected
descriptor VGG-M, in Figure 3.12 (b) we can observe for each rank an improvement of the scores
achieved by the last query compared with the first. To quantify this improvement, we calculated the

MAP for the first queries that achieves 0.17, while the MAP for the last queries is 0.24, showing
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Figure 3.15: Two groups of 15 users are created. The first group performed the scroll method as the first method
for the first set of chairs, then with the sketch method for the first set of chairs, then swapped the
methods over for the second set of chairs. The second group did the opposite order of methods on
the same order of sets of chairs.
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Target Chair Top-Back 45 Top-Right 45

Figure 3.16: Examples of users that successfully triggered the system using a combination of sketches and
model. The left column contains the target chairs, while the other columns contain a subset of the
snapshots used by the system.
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Target Chair Top Front Left Top-Back 45 Right Top-Right 45

Figure 3.17: Examples of users that successfully triggered the system using only sketches. The left column
contains the target chairs, while the other columns contain a subset of the snapshots used by the
system.
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Figure 3.18: Cumulative time distribution for the scroll and sketch method. If the target chair was not found
within the time limit (240 seconds) the time is limited to this.
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chart. for all the chair models.

improvement during time.

3.4.4.3 Comparison between 3D Sketch Descriptors

Our preliminary study compares the precision achieved by different descriptors in order to decide
the most accurate method for the user test. We defined the metric rules in such a way that it avoids
assigning additional points if the target chair is present in the results. Despite this, VGG-M clearly
achieves the highest precision scores for all the top 10 ranks. Consequently, this result shows that

VGG-M descriptor is the most accurate in retrieving different facets (colour, style and shape).
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3.4.4.4 TImproved 3D sketch evaluation

Our purpose is to explore 3D sketch interaction for object retrieval in order to understand its va-
lidity and possible developments. Therefore, we designed an experiment to identify different user
approaches between our method and a simple linear search. In addition, we avoided to include complex
functionalities during sketch phase to study the effectiveness of pure sketch interaction.

Our experiment shows that it is possible, through an iterative process of sketching and model
selection, to perform an effective search for a model in a large database while immersed in a virtual
environment. Further, the accuracy and completion time are significantly improved on naive scroll
method and the participants also prefer the sketch based approach.

While the scroll method represents a baseline with a clear and linear work-flow to the user,
the sketch method allows different strategies. In general two different techniques emerged from the
experiment: sketch only as shown by examples in Figure 3.16 and sketch with a model as shown in
Figure 3.17. The first and more intuitive approach is to make a single sketch and detail it step by step
until most features of the chairs are resolved without replacing the model. The user can interrogate
the system to have feedback but essentially will continue to sketch. The downside is that the user can
waste time on detailing a sketch and, in addition, can depict features that are not relevant. Determining
whether features are relevant or not is not a trivial task for two reasons. The first one is that different
users will over-rate the saliency of the feature (e. g., it may be an uncommon feature but the descriptor
has not captured it). The second one is the possibility that the specific feature is common to many
objects of the database. Both cases can lead to an unsatisfactory answer from the system as it proposes
a chair set without that feature or conversely many chairs containing it.

The second approach is to only model differences to the current object: that is, the user queries
the system and then only adds features that are different in the target object. The sketch is usually
started again after each query. The advantage of this method is that the quick response from the system
("2 seconds) enables fast iterative refinement. Every time the system receives a different combination
of sketch and model, it will retrieve a different set of chairs. This method requires more experience
from the user, but after a few iterations, we observed several participants starting to adopt it. In
addition, we demonstrate, through the comparison between first and last query outcomes, that user
improves the precision as the search progresses with time, increasing the similarity of the facet of the
retrieved models with the facet of the target. Therefore we consider valid hypothesis [H1.3] that states
that “feature descriptors generated by the combination of sketch and 3D model in the context of an

interactive loop, are an improvement in terms of accuracy.”
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3.4.5 Overcoming the Limitation of a Single Category

Despite the benefits of using sketch and the positive feedback from the user study, several aspects

could be investigated to improve the search accuracy or experience. These are outlined below:

Multiple Object Categories In addition to working with chairs, we performed an additional experi-
ment with the table collection within the ShapeNet database. We verified the same behaviour of the
system using the proposed approach. As the approach has no fine-tune training for the chair object
category, it is plausible that results can further be extrapolated over the larger collection, with an initial
object category selection at initialisation.

Description of 3D Sketch The proposed method uses the same technique for describing the sketch
and the model. Commonly within SBIR techniques deform the image to just a simple line (edge)
representation for it to be more comparable with a sketch. Inspired by this, a technique to represent the
object in a more simplified way. Or alternatively developing a method explicitly designed to handle
3D sketches would improve retrieval precision.

Accuracy of the search Our system compensates for the accuracy of the search that sometimes is not
high by presenting a reasonable number of chairs in the result set. This strategy is reliable as 40 chairs
are easy to navigate and show the user the new features appearing in the answer. On the contrary, a
result set consisting of 5 chairs could reduce the accuracy of the search drastically since some features
are not perceived correctly from the neural network and struggle to show themselves in the results.
In particular, despite colour is detected by the feature extractor, it is difficult for the system to pair
the colour with chair parts. ShapeNet contains a large number of different chair shapes and colours,
and rarely it is possible to find colour permutations or different colours applied in chairs with the
same shape. Therefore the issue mentioned above does not appear and is hidden. It becomes manifest,
generating a collection with fewer shapes, but with a large number of chairs with permuted colour

from a limited amount of possibilities. It will be the argument of study in the next chapter.

3.5 Conclusion

The benefits of virtual reality in the field of scene modelling have been investigated for several years.
Previous research has focused on free-form modelling rather than developing a way to retrieve models
from an extensive database. Current strategies for navigating an existing dataset use queries on tags
or show the user the entire set of models. In addition, large collections can suffer from a lack of
meta-information which hampers model search and thus excludes part of the dataset from query results.

In this chapter, we described two studies. The first study (Section 3.3) aimed to compare different
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sketch modalities for model retrieval in an immersive environment. We proposed a novel interaction
paradigm that helps users to select a target item using an iterative sketch-based mechanism. We
evaluate accuracy and user experience after conducting a within-subjects experiment. In the second
study (Section 3.4) we focused on the 3D sketch in VR, and we improve the interaction with the
possibility of combining sketches and a background model to form a query to search for a target model.
We run a study to determine the most accurate descriptor. An experiment collected information about
the time taken to complete the task and user experience rating. We compared our method with a naive
scrolling selection method. The sketch-based method was clearly preferred by users and led to a
significant reduction in search time. We thus believe that sketch-based queries are a very promising

complement to existing immersive sketching systems.



Chapter 4

Multimodal Approach Fusing Sketch and

Speech in Virtual Environment

We pose the question of how users would interact with the multiple modalities of sketch and speech
within a virtual environment. In essence, the speech modality provides a semantic component that is
comparable with keyboard keywords or textual tags frequently used within traditional 2D interfaces.
However, in contrast, a more difficult challenge arises when users are allowed to speak freely. Com-
monly, this will result in a statement in the form of a sentence, possibly open-ended. This approach
could be viewed as allowing in a web search a user to type a sentence as opposed to a few keywords
which we have been trained to use for effective searching. However, while immersed in VR, there
exists no such pre-training. We, therefore, firstly investigate the question of how many words (grams)
are required for effective voice search within the virtual environment when joining works (e.g., the, it,
and) are removed. Then secondly, we investigate how an iterative speech and sketch system would

work and the effect it would have on the user’s search performance.

4.1 Introduction

HCI aims to create practical as well as usable systems. The usability of a system is characterised by the
easiness to learn and remember to use, effectiveness and efficiency, enjoyability, and safeness. Three
components are evoked by the name HCI: the user, the computer, and how they cooperate. “User” is
the human component, which can be a single entity or more entities that collaborate. Human sensory
systems such as touch, sight, and hearing are stimulated to improve user experience. This aspect is of
fundamental importance as it represents a common background, while other interaction models can be
affected by people’s knowledge, culture, mental disposition, nationality. Computer components can be

desktop or laptop computers, mobile or tablet devices, virtual or augmented reality apparatus, haptics.
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Some everyday human actions are speaking, gesturing, and drawing, or sketching.

Voice, gestures, and sketches exhibit relevant and complementary information for the identification
of a target object in a large collection. However, to-date it is challenging to integrate and exploit the
benefits of the different facets of these inputs.

Nowadays, in some areas, complex interfaces are still dominant because they provide a large
number of functionalities. With the advent of deep learning, however, combining simple interfaces
with data-driven algorithms has encouraged researchers to investigate interactions such as speech,
gestures, eye gazing, etc.

In the previous chapter, we defined a pure sketching interaction to retrieve the target model from
a collection of 3D models. Despite the efficiency of the method, this technique does not achieve good
results with all the chairs. For example, when the chair is particularly challenging to depict, or a large
number of similar chairs are present in the dataset, the user experiences difficulties in exploring the
space and finding the right model. Different techniques are applicable to tackle these issues such as
improving accuracy with a different inference model, or providing better training to the current model,
or even enrich the user interface to support more functionalities (erase, fill tools). On the other hand,
differently from an SBIM software running on a 2D display, where the user sketch using a pen on a
pad or using the mouse, immersive reality aims to involve all the senses and use information coming
from different sources generated by the user voluntarily or involuntarily. For example, including other
input mechanisms such as eye gazing, gesturing, or vocal inputs can improve precision, albeit it would
require a more complex algorithm to treat the data. In this chapter, we tackle the problem of finding
a way to improve the accuracy of the implementation of the system we have defined in the previous
chapter. Our purpose is to maintain a high level of user experience, focusing on intuitive interfaces.
Testing new neural network models is a simple exercise of replacing the current back-end with a
different one. In the last years, many neural network architectures were designed in the continuous
search of increasing the accuracy in classification or regression tasks. The naive strategy is to select the
deep network with the best accuracy achieved in classification tasks and plug it in place of the current
one.

Data augmentation is a powerful technique that extends training data for the model and improves
classification [187, 188]. In our case, augmenting data can be achieved in two ways, at evaluation time
or training time. The first is increasing the number of camera positions around the 3D object and the
sketch. This method is applied during descriptor generation for the models and the sketch. A possible

drawback is that each new snapshot needs a CNN for being processed during the interaction stage, and
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many images can delay the system response. The second method is generating rotated versions of all
the images of the chairs and using them during the training process.

Introducing additional controls in the interface in this virtual environment can improve the user
experience but simultaneously can increase the complexity. This mechanism forces the user to practise
in order to remember all the functionalities, increasing the learning curve. Moreover, the developer
needs to embed these functionalities converting a simple interaction into a multi-status interaction.

An alternative approach is to attach a hand-free input as a supplementary source of information.
Using an additional input channel that does not engage the hands, that can operate independently from
the position of the body, and that does not need a change of attention by the user, raises much more
interest. In this chapter, we tackle the accuracy issue by implementing a multimodal interface inside a
virtual environment that extends the preceding version of the VR sketching application. We define the
main requirement that is having additional intuitive and natural input. At the same time, this channel
has to describe features of a 3D model, and we opted for speech interaction. Speech interaction allows
the user to use voice to compose sentences that will be analysed and used for triggering functions. In
our study, we focus on the descriptive information of the target chair. Therefore, via a vocal recognition
process, the system converts the speech component in a textual description that is used to generate a
feature vector. This descriptor can be used individually or in combination with the visual descriptors
introduced in the previous chapter to improve the searching task.

Sketch retrieval is affected by the elements in the database. We notice that our sketch retrieval
system has degraded accuracy when searching a chair among a group with similar features but with
colours applied differently onto the chairs’ parts (e. g., two chairs that are identical a part that colours
swap between arms and legs). We exploited this weakness and we created a database where the
simple sketch system fails to search for specific visual characteristics, and we enriched it with textual
meta-information about the style and the shape of the chairs. In this way, we have generated a basis for
a descriptive research of the models.

We compare three modalities of interaction in virtual reality for 3D model retrieval from a
database: vocal input, sketch input, and the interaction that combines sketch and speech in the same
session. The sketch interaction is implemented using an optimised version of the system introduced
in the previous chapter. Speech can be very complex to interpret for many reasons that we describe
in Section 4.3.1. We opt for an implementation that does not process the full speech but explores
the potentialities of this channel. The speech is interpreted by an operator who listens to the vocal

query and uses a software interface that selects a subset of models to match the user’s request. All the



4.2. Multimodal interaction through sketch and voice inputs 83

modalities allow an incremental search that refines the result as the interaction proceeds. To determine
how many words need to be considered during the vocal interaction, we ran an initial user test and
analysed the optimal number in terms of the rate of success and the time required to complete the
search task.

The main contributions of this study are three. The first is the creation of a large variational
database with segmented chairs. We notice that 3D sketch-based retrieval does not provide efficient
navigation in such a collection. The second is the design of a multimodal interface in a virtual
environment where the sketch interaction is integrated with the vocal interface. The resulting interface
benefits from the characteristics of the two types of search. We design our multimodal system to
provide a translation method between the two types of queries, fostering their integration in a search
pipeline. Third, we perform a user study for evaluating the performance of the multimodal interaction
and individual interaction modes. Our analysis highlights the strategies adopted by the users that
exploit the queries’ integration the system provides.

This chapter will continue with Section 4.2 that introduces multimodal interaction. Section 4.3
describes both the novel chair database. Section 4.4 details the unimodal and multimodal interfaces.
Section 4.6 shows the user study that compares unimodal interfaces with the multimodal interface and

evaluates the outcomes. Therefore, we conclude in Section 4.7.

4.2 Multimodal interaction through sketch and voice inputs

Multimodal human-computer interaction (MMHCI) involves different disciplines such as computer
vision, artificial intelligence, NLP, psychology, and many others. In the last years, the development
of hardware technologies at an accessible price and the improvement of unimodal interfaces boosted
research on MMHCI. The main challenge in a multimodal system is merging different interactions to
achieve performance in specific tasks and simultaneously provide a pleasant experience.

It has been established that multimodal interfaces have a lot of advantages: prevention of errors,
robustness, errors’ correction, improved communication. In addition, they add alternatives and more
efficient methods. Oviatt [189] has demonstrated that error-prone technologies can compensate each
other instead of increasing redundancy. On the other hand, if the system is not well designed, the use of
multimodal technologies could hinder task completion. In this context, Oviatt showed some errors that
arise when a user operates through voice interaction. For example, in a multimodal interface consisting
of an integrated pen and voice inputs, if the system is designed to work as a speak and point process, it

will fail in a large number of functionalities provided to the user. The design of a modal interface must
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take these issues into account and at the same time, seek robustness, accuracy, and improved flexibility
to be adapted to different tasks.

The correct interpretation of the signals, both visual and auditory, and their timing is crucial.
For our study, we consider two input channels integrated into our multimodal interface: sketch
and voice. Sketching is one of the most natural methods to represent information in human-to-
human communication. Sketching, as a searching method, comes with intrinsic limitations. The
super-simplification of the sketched object and its iconic nature make it challenging to identify the
exact referenced instance. Nevertheless, in recent years, SBIRs have attracted attention due to the
performance that they achieved. Many classic unimodal interfaces use 2D sketches as visual queries to
search for objects within a database, and there have been numerous attempts to extend this functionality
in virtual environments. Despite promising results, the efficiency of these methods in a context of
retrieval depends on the type of database. The features extracted from the elements of the collection
affect the capacity of the algorithm to perform a high precision search. The voice, and in particular
the language, is a powerful tool that human being has at his disposal to communicate. The use of the
speech as a human-machine interface has a very long history. It is used to translate vocal expressions as
text and to interpret the text and follow a particular action. The widespread use of vocal user interfaces
(VUI) is recent. We can find them in cars, in-home automation systems, operating systems and home
appliances such as washing machines and microwave ovens.

However, searching within a database of models through the description of the model is still a
challenging task: the model must have associated textual attributes. Firstly, such attributes need to
be understandable to all the users, and secondly, a possible search could lead to a large number of
potential candidates, degrading the user experience. We believe that a combination of sketch and
voice with a properly designed interface increases the explanatory power of the user by acting in a
complementary way during the search in a database.

Our study of vocal interaction focuses on the semantic content of the input from the user. Therefore
in the user test, we developed a system where the operator acts in-the-loop and operates through
dedicated software to send the results of the user’s voice query. We describe the study of this part of

the system detailing the interface provided to the experimenter.

4.3 Database Design

In Chapter 3 we utilised the ShapeNet database that provides significant variation in terms of visual

appearance, which is suitable for testing the sketch modality. However, ShapeNet lacks in several ways



4.3. Database Design 85

mainly the semantic tags it contains, but also the inter-model variation — the colour and texture of the
components of the objects. The 3D Sketch-based retrieval system described in the previous chapter,
shows good results in the search task, but when colour inter-model variation happens, a subset of the
whole collection may be excluded from the results, or very difficult to navigate. Therefore we are
interested in creating a dataset that exhibits significant intra-object variation and semantic tags. We
develop the Variational Chair ShapeNet (VCSNET) database in Section 4.3.1, where we outline the

automatic generation of the dataset.

4.3.1 Variational Chair ShapeNet (VCSNET) Database

ShapeNet is a collection of chairs with a large number of different shapes, colours, and textures, that do
not contain the shapes combined with all the colours present in ShapeNet itself. This choice reduces the
cardinality of the chair set drastically and also the possibility, described in the previous Section 3.3.6,
that the neural network does not select the target with the colours paired with the right parts of the
chair. All these motivations represent weak points of sketch-based search. A collection with a limited
number of shapes with all the permutations of colours can manifest these inefficiencies with more
evidence. In addition, ShapeNet does not have an extensive collection of textual information. The
lack of metadata, the vast heterogeneity of shapes and styles make the analysis of a possible user test
intractable.

As our purpose is to improve sketch-based search with speech interaction, we need to cope with
the requirement of having some metadata associated with the chairs. A preliminary analysis about text
description of a chair shows that the chair can be depicted considering a general style (colour or shape)
or a specific component style. This consideration leads to a dramatic boost of information associated
with each model, that can proportionally increase with the number of parts of a chair.

When searching a chair verbally among a collection of chairs, language complexity plays a
fundamental role. Free speech is hard to analyse because many variables influence a simple description
of an object. Some of them are the educational level of the speaker, the language complexity, the
contradictions during the query, terms that clash, the mood of the speaker. For example, the sentence
“I saw a man on the chair with a telescope” can rise to different interpretations equally valid as seen in
Figure 4.1.

To increase the level of control during the vocal queries, the meta-information attached to the
chairs needs to be coherent and less ambiguous as possible among all the shapes. On the other hand,
we need a limited set of colours avoiding the user to identify a specific colour among the continuous

spectrum of colours.
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Figure 4.1: “I saw a man on the chair with a telescope” interpretations. Readaptation from the image taken from
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Figure 4.2: A section of VCSNET where 45 different shapes from ShapeNet are collected, then segmented into
4 parts (seat,back,legs and arms). A permutation without repetitions of 4 colours over 6 is then
applied to the parts.

Thus, we designed a database that allows us to control the variation of shapes and colours involved.
In addition, we provide metadata that permits us to associate concepts to the chairs as a global feature
or a feature belonged to one or more of their components. Firstly, we enumerate the chair parts: legs,
arms, back, and seat. Therefore, we selected from the ShapeNet collection 45 shapes with a reasonable
amount of characteristics that are shared between them and segmented them to have (when present)
the four components mentioned above. We reduced the palette to only six colours (red, green, blue,

magenta, yellow, and cyan). We motivated this choice with the complexity in describing the exact hue
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and saturation of a colour verbally. We permuted them along with the four components of the chairs,
avoiding colour repetition, obtaining a total number of colour variations for each shape of 360. Our
generated collection contains a total number of 16200 chairs.

To handle textual information used for speech interaction, we generated a dictionary with the
words that identify concepts suitable to describe chair or chair component characteristics. For every
chair and every chair’s component, we created an instance of the dictionary. We associated the concepts

in the dictionary with a number from 0 to 100 to describe the relevance of that feature in chair depiction.

4.3.1.1 Chair Shapes and Colours
This section shows the shapes (45) of the chairs we include in the dataset, in Figure 4.3, and for one
chair all the colour permutation (360) in Figure 4.4 for a total of 16200. This dataset is 5 time larger

than the version used in the previous chapter.

Figure 4.3: The 45 shapes selected for the chairs in the dataset.
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Figure 4.4: The 360 permutations without repetitions of colour in one type of chair.
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4.4 Modality Interface Design

In the following section, we describe the interaction methods for our retrieval system, including the
back-end. For all the modalities, the user is immersed in a virtual environment and can interact with

the system with the voice and/or with mid-air 3D sketch (as shown in Figure 4.5).

Voice User Interface Predicting the words and the sequence of queries for a 3D model searching task is
challenging. A possible workflow for pure voice interaction is describing the chair with a long sentence
and without any pause. This description would result in a single query with a lot of information and
hard to translate into the suggestion of a single model. Our approach is to split this sentence into more
queries each one with a limited amount of information that can be treated more simply. In this way,
eventual word clashing, or contradicting queries can be treated separately. If some issues occur in the
sentence (such as concept misunderstanding, lossy translation, incomprehensible words), only a small
portion of the information is rejected. We design an interface and put some constraints on the user, in
order to cope with some notorious language complexities: syntactic ambiguities, semantic ambiguities,
implicit subjects, positive or negative queries.

We design a user test where the participant interacts with the system, believing it to be completely
autonomous, while it is partially managed by the experimenter (Experimenter-in-the-loop). This
experiment is the so-called Wizard of Oz experiment (as shown in Figure 4.6), very popular in
experimental psychology.

The experimenter is instructed to consider only the relevant words and classify them in the category
defined in the dictionary used for the feature vector. These actions are equivalent to tokenisation,
lemmatisation, and stemming for a NLP library. In the desktop application, they apply all the changes

coming from user speech, clicking buttons associated with those features incrementing or decrementing
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Figure 4.5: This Figure shows a selection of different use cases. Red boxes represent sketch queries, blue boxes
vocal queries. The first two use cases exploit mutually sketch or vocal interactions, the third and the
fourth use cases a combination of them.

values in the feature vector. In this way, we can count the words in a sentence and consider the only
relevant word for the count. We propose three sessions where the queries differ by the number of
words: one with bi-grams, one with four-grams, and one for six-grams. Our purpose is to discover
which n-gram achieves the best accuracy in terms of the number of found models. Therefore, we
run the experiment recording the final model selected by the user, the time needed to complete the
search, and the used words. We avoid a direct selection of the chair by the experimenter that he can be
influenced by knowing the target. Therefore we designed an external software that includes a weighted
random process of selecting the result chairs to propose to the user.

We opted for this solution because the complexity of the task can not be managed by software
easily. Deep algorithms such as Recurrent Neural Networks (RNN) are able to deal with functions
such as sentiment analysis or text analysis. However, having a completely autonomous system

added multiple sources of errors, as well as a considerable amount of additional work. Firstly, voice



4.4. Modality Interface Design 90

28°%L

Vocal Query

=l. 22
< &M
- |22

Experimenter

System Answer |

“'.'hi?}’“’\w

Figure 4.6: Wizard Of Oz experiment: the user on the left interacts describing the chair, while on the right, the
experimenter uses an interface that selects the best five chairs from the dataset according to the
user’s description.

recognition would have been essential to convert the participant’s voice to text, and secondly, an
eventual RNN needed to be trained with chair descriptions. These two components can add errors or
delay in the pipeline while an experimenter could handle it in an effortless way.

The user is immersed in a 3D environment consisting of a furnished room and a floating GUI
where the search results are shown. The user verbally describes the chair proposed as the target,
visualised as an image on a panel attached to the GUI. The user can detail the chair using the dictionary
of concepts permanently showed in a transparent layer in front of him. All the synonyms and contraries
are allowed, and each query terminates with the word “stop”. The experimenter is using desktop
software that provides a simple interface for selecting the features described by the user, increasing the
score associated with a specific concept in the dictionary. The task of the experimenter is to build the
feature vector and send back five different models as the result set. The software performs the search
via Euclidean distance with the feature vector generated for all the chairs in the collection. The user
will visualise these models and will perform a selection accordingly with the chair closer to the target.
When the chair is selected, the 3D model appears in the 3D environment. This process is iterative until

the user is satisfied with the selection.

Sketch User Interface We based our sketch interface on the description in the previous chapter. We

provide small modifications to the system for generating the snapshots for the multi-view process,
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Figure 4.7: The difference in the snapshots taken from diverse camera types: (A) shows the orthographic camera
snapshots while (B) are the snapshots from a perspective camera.

changing the camera type. We pass from perspective camera to orthogonal one, improving the camera
positions and field of view before generating the snapshots. These changes improved the input for
CNN by framing sketches and models correctly, without cropped elements (see Figure 4.7).

The software inherits the same house’s room described in the previous chapter, as VR environment
and used the same CNN back-end to interpret the sketches. The user can trigger the system both with
the sketch or with the sketch and the model. The results” panel contains only five chairs with different

shapes.

Hybrid Sketch-Voice User Interface When designing the hybrid method that mixes up the two
interaction types, we needed to formalise the definition of queries in order to avoid combination issues
during the test. The session in which we allow the participants to use both voice and sketch required
one important constraint: the participant can use one method at a time without overlapping them but
with the possibility of creating any sequence of queries to perform the search. Thus, sketch and voice
query should be organised with the same workflow to avoid incoherent states. For example, if the
current version of the chair is not defined, the incremental search becomes impossible. With this
precondition, we propose a definition of query which includes an input part, a processing part, and
a selection part. For the sketch, the input is the snapshots, and the process part is determined by the
CNN back-end.

The selection part is the final stage where the user is selecting one of the chairs present in the
resulting set (as shown in sketch query red box in Figure 4.8). The speech terminating with the word
“stop” is the termination of the voice query. The processing part is the experimenter-in-the-loop that
generates the features vector. The selecting part is the same as the sketch query (as shown in speech

query blue box in Figure 4.8 ). The query is valid only if input, processing and selection are present,
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otherwise, the query is rejected. This formalisation allows the system to concatenate different queries.
We avoid errors like an undefined current selected chair, which is the major problem during an iterative
search using different channels. The cyclic graph in Figure 4.9 describes the possible workflows
during the hybrid test. The software implementation, with these preconditions, is implemented in VR

application for the user and desktop application for the experimenter.

Sketch Query

' (7. LN t
R - LT [IIA0YEND

Speech Query

Wizard of
o .
generzates g:assplilat)s, Sieocé;re
descriptor
® \
LILINILAN]
! i | [ ]% b %t

Figure 4.8: This diagram defines the different stages that formed sketch and speech queries. Both the query
types include an interaction phase, a processing phase, and a display phase.

4.5 Wizard of Oz experiment
In this section, we motivate why Wizard of Oz (WoZ) procedure is the most suitable for our study

when speech interaction is combined with the sketch (Section 4.5.1). In addition, we exhibit both the

dictionary and chair collection we automatically create by using colour permutations (Section 4.5.2).

4.5.1 Why do we choose a Wizard of Oz approach?
Here, we briefly describe the state of the art of NLP algorithms. After enumerating the different steps
of our speech interaction pipeline, we highlight how they can be implemented automatically and show

the pros and cons.
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Figure 4.9: The graph describes the sequences of queries during a searching session. Red arrows refer to a
sketch search where the user using a 3D draw, and a model performs the query. Blue arrows refer to
vocal queries where the user describing the chair and selecting a model performs the query. The
central part of the diagram shows the connection between the queries where a selected model is the
input for the next query.
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Figure 4.10: This diagram shows our speech pipeline. The required steps are speaker identification, speech
recognition, tokenisation-lemmatisation-stemming, text interpretation, descriptor creation, and
results selection.
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4.5.1.1 Natural Language Process State of the Art

Recently, deep learning techniques produced promising results in the context of text processing,
such as sentiment analysis or semantic extraction. One of the first attempts was Recurrent Neural
Networks (RNN) that are applied in text analysis [190]. Pascanu et al. [191] proved that such family of
algorithms suffer from vanishing gradients. This means that they can ignore part of the sentence (also
important for the meaning) and forget terms. More recent works such as [192] uses Long Short-Term
Memory (LSTM) and its variants to tackle the memory issue, improving the model in remembering
data. Moreover, Google Brain and Google Research recently have developed mass parallel processing
implementations that foster attention mechanisms, resulting in Transformer architectures [193]. The
improvement achieved in 2018 by deep learning in NLP can be considered equivalent to the influence
that ImageNet [194] had in 2012 for computer vision. At first, we consider defining a full-automatic
pipeline with a defined software stack. We detail this pipeline in the following section, showing the
pro and cons of each element. After analysing the advantages and disadvantages, we concluded that an
automatic pipeline injects errors at different stages. These errors accumulate and tamper the final result.
For this reason, we opted for a semiautomatic approach with the experimenter-in-the-loop. Detail

motivation follows in the next section.

4.5.1.2 Requirements for the Speech Interaction Experiment

Our experiment needs audio input that is participant speech. This information can be recorded directly
with the Oculus Rift device, which integrates a microphone in the headset. Therefore, each session
produces an audio file Mono, PCM 11025 Hz.

In the second experiment (4.6.1), we compare three modalities. While sketch interaction is the
one we described in the previous chapter, speech interaction needs to be defined and integrated into
the system. When we analysed the requirements, we split the speech interaction pipeline into stages.
The pipeline aims to transform vocal input into a speech query and then into a chair subset that is the
system’s proposed results (as shown in Figure 4.10).

The stages (or steps) of our pipeline begin with the user that describes by voice the chair model and
terminates with a small collection of chairs presented to the user in VR. The steps between these two
perform a specific task, and the total time of execution must last a maximum of 5 seconds. Following
we enumerate and describe the steps:

Voice recognition Recognising the speaker is the process that identifies the active speaker from the
audio generated. During the experiment, the user is alone with the experimenter and can interact, for

example, by asking for elucidations. In this context, it is important to know who is talking as Oculus
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microphone can also capture the voice of the experimenter that can interfere with the correct input. A

possible alternative is to avoid such interaction and let the user interact only with the machine.

Speech recognition Speech recognition (or voice dictation) aims to develop methodologies that are
able to recognise and translate the speech into text. Despite having high accuracy is a challenging
task, dictation software usually can be trained with the speaker’s voice. We selected three different
services that do not require a training phase, and we tested them with the file recorded with Oculus
microphone. This stage is crucial because a low accuracy can inject the wrong information into the
pipeline. Another possible issue of this stage is to introduce words expressed by the user but not

relevant for the search, such as questions or comments.

Tokenisation Tokenisation aims to converts the text into single elements (tokens). Each token is a
sequence of characters that represent a word of the used language. This process is quite simple and

implemented in NLP libraries.

Text cleaning Text cleaning aims to filter the list of tokens, removing a subset of them. The removed

objects do not have relevant information, and NLP libraries have dictionary-based implementations.

Lemmatisation and Stemming Lemmatisation and Stemming are two different processes but with the
common purpose of reducing the number of tokens, grouping them and using only one representative
(with the same root) for that category. Lemmatisation works on the morphological analysis of the word

while stemming remove prefixes or suffixes of the word.

Text interpretation Text interpretation aims to extract meanings from the sequence of words. Groups
of sequential words, in our case, describe the chair’s attributes and this information needs to be

extracted and stored in a descriptor (feature vector).

Models’ selection In this final step, the system uses the generated descriptor to produce the most

similar chairs in the collection, by using Euclidean distance.

4.5.1.3 Pipeline considerations
In this section, we discuss the issues that can be introduced by each pipeline’s step. Each pipeline step
can be implemented as an automatic process. Both automatic and semiautomatic implementation (with
a human in the loop) need to be analysed to decide the best solution.

We required speaker recognition as, during the test, the participant can ask the experimenter
some information about the search or some clarifications. The question can be very different, and the
experimenter’s answer is recorded by Oculus equipment even if with a lower intensity. His answer

contains input that can be considered noise, and so it needs to be removed. To prevent such noise, we
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can instruct the user to avoid talking to the experimenter, and this stage could be considered optional.
If automatic, this step needs to have 100% of accuracy because additional words from a different
source can compromise the query generation. If handled by a human, this stage is managed without
difficulties considering only the input from the user.

A voice dictation software performs the conversion from speech to text. The most important
metric, in this case, is the accuracy of the software that performs the transcript. Moreover, we noticed
that the participants sometimes speak with them-selves providing not a relevant information, or react
to some events that happen in the virtual environment: commenting the results, self-questions about
how to sketch and so on. This additional information needs to be rejected by an automatic system
because it is a noise source. We tested three speech-to-text implementations without fine-tuning the
software with the speaker’s voice, replicating the condition of the experiment. In Section 4.5.1.4 we
show the accuracy of each service, that is unsatisfactory for all of them.

Excluding part of the speech not relevant, a possible solution is to implement a flag in the VR
software that enables or disables the speech recognition. This option could be triggered with the hand
controller, violating in this way, our intention to have independent input channels.

On the other hand, an experimenter can not convert speech to written text in real-time but can
be helped by an intuitive interface and instructing the participants to follow a dictionary of meanings.
In the VR software, the panel with all the meanings is always present and visible. This dictionary
includes all the concepts valid for the chair collection. Moreover, we determine a speech query length
to be 10 seconds maximum as continuous speech is a hard task for both automatic or semiautomatic
implementation.

Tokenisation and text cleaning is a process that is implemented in all NLP libraries, and it is easy
to achieve with an automatic or semiautomatic stage. In the same way, lemmatisation and stemming
can be performed by NLP libraries or by a human-provided with a correct interface.

State-of-the-art models such as Transformer are able to generate the descriptor that contains
the features of the input text. As with all supervised problems, training the model is an essential
step, and requires chair descriptions coupled with the correct labels. To create such a training
dataset, a large amount of effort is required. Although the colour-based meta-information can be
automatically generated, the rest of the description needs the human intervention, for example, by using
Amazon Mechanical Turk service or by recruiting additional participants. Differently, by providing the
experimenter with an efficient user interface, the experimenter is able to generate a descriptor with

some clicks of the mouse over the right dictionary concepts when mentioned by the user.
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The model selection step, that is the last element of the pipeline just before the presentation, can
be managed automatically. All the stages described before may introduce errors. Error estimation
is also difficult, and they accumulate step after step. In the following section, we analyse the most

important stage of the pipeline: speech recognition stage.

4.5.1.4 Speech Recognition: Speech to Text services

Here, we show the results of three speech recognition services that process the audio coming from

some participants that tested our equipment. Ten audio files were processed by the following services:

1. Watson IBM (https://speech-to-text-demo.ng.bluemix.net/)
2. SONIX (https://sonix.ai/)

3. google speech to text (https://cloud.google.com/speech-to-text)

We calculated the accuracy by grouping consecutive keywords in each query. Every group
transmit information related to the chair style or colour, or of one of the chair’s part. If the participant
says “blue curved arm” only that word sequence (or eventually ”straight blue arm”) is considered a
positive score. Watson IBM scored 37% of accuracy, SONIX service 60%, and Google Speech only

16%. These results are disappointing and can be caused by multiple factors:

1. Oculus microphone can inject noise in the system.

2. Each participant has an audio profile made by tempo, rthythm, pitch, and with fluency and accents

can impact a lot on the accuracy.

3. We did not train the software with the participant’s voice using the default settings.

With the help of the interface and a limited dictionary, the experimenter can manage speech to text
conversion easily. In this case, we obtain a reliable semi-automatic system. We discuss the possibility

of a fully-automatic interface in Section 6.2.2

4.5.2 Dictionary and Dataset

Our dictionary contains the following concepts that describe a chair or a part of it. We pair each feature
with a value that exhibits how much that feature is present in the chair description. The concepts listed
in the dictionary are the following: Height-Length, Size, Thickness, Decoration, Curviness, Modernity,
Antiquity, Slattedness, Swiveling, Flexibility, Stability, Reclinability, Padding, Slantedness, Canvas,
Missingness (as showed in Figure 4.11). All the concepts can be associated with the chair, or to the

part of the segmented chairs: back, seat, arms, legs.
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Figure 4.11: Concepts present in the dictionary in addiction to the dimensions of the chair.

4.6 Sketch and Voice interaction experiments descriptions

To evaluate our multimodal solution, we designed two user studies. The goal of the first experiment
was to find the optimal number of words per vocal query for achieving the best result in the search
task of a 3D model inside the database. The second and experiment was designed to compare three
different methods of interaction: pure speech session, straight sketch session, and combined sketch and
speech session. In this section, firstly we describe the main experiment 4.6.1, and dedicate a shorter

section for the second 4.6.2.

4.6.1 User Study: Sketch and Voice interaction for retrieving task

This experiment aimed to compare different modalities to search for a model in an extensive database
in an immersive environment. Each user performed three test sessions, one per interaction type: sketch,
speech, and the combination of them.

After collecting the suggestions from the users that performed the first pilot (described in Sec-
tion 4.6.2.1), we applied the modifications to the voice interface in order to improve its quality and
proficiency. Firstly we reduced the dictionary from a total of 30 concepts to 20. We purged the terms
not used during the tests or the ambiguous words. In particular, we merged words that represent
the opposite meanings of the same concept and introduce a few terms that were not present before
but were indicated by the users. In addition, we introduced a maximum and minimum value for the
feature with a discrete step variation to avoid in-between values or overflows. We framed the concepts
of height/length, size, thickness to avoid ambiguities. We created some shortcuts and improved the
Wizard of Oz software to speed up the feature vector generation. We created a mechanism that

synchronised the current model placed in the virtual room with the existing feature vector for the
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speech interaction. In this way, the unpleasant issue of losing some features between two consecutive
queries that occasionally happened in the first experiment disappeared in the second. In addition, we
improved the visualisation of the words layer in the virtual environment, positioning them closer to the
centre of the frustum.

For all the sessions, we used the same virtual environment but accordingly to the proposed method,
we enabled speech interaction, sketch interaction, or both. In particular, the speech interaction method
is the same as the first experiment with the only exception that we consider the number of words
achieved as the best result from that experiment. The sketch method allows the participant to search
the target chair using 3D sketching with the same modalities described in the previous chapter. The
virtual reality software was developed from previous versions (Section 3.3.3). As in the previous
experiment, the scene consisted of a furnished room. The sketching interaction was inherited from the
VR application described in the previous chapter. The only difference consists in the palette (6 buttons)
that shows only the colour allowed in the database. The user can still sketch on top of the current
model triggering the system with a query that carries only the 3D sketch alone or in combination with
the current model.

The user has one minute and thirty seconds to find the right chair. We involved 10 participants
(different from the previous user test), and each of them randomly performs the three types of modalities
in a sequence of 9 searches, over 27 models of the total of 45 in the database. As with the previous
experiment, we recorded the success rate, the time to complete the task, a self-graded evaluation of the

English level, and a subjective evaluation of the user experience through a final questionnaire.

4.6.1.1 Results for pure voice queries, pure sketch queries and combined voice and

sketch queries
6 of the participants were male (4 female), and the range of the age of the participants was from 18 to
43 years. Five of the participants had no experience in virtual reality or tested once in their life.

The rate of success for the three different methods is 29 over 90 for the voice, O over 90 for the
sketch and 38 over 90 for sketch and voice, see Figure 4.12.

The average time to complete is 80.5 for the voice session, 90.0 for the sketch session, and 81.4
for the sketch and voice. Finally, the average number of tries for the voice interaction is 3.5, for sketch
2.7 and sketch and voice 3.4.

In addition, we measured the rate of success and the time to complete considering only the shape
of the chair as the final target. The rate of being successful, in this case, shows an improvement for

voice of 32 over 90 and for pure sketch session the right target shape is selected 8 times over 90 (see
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Figure 4.12: This chart depicts the number of successes (values on top of the bars) in finding the target. On the
X-axis, the users are displayed with their results in each method. On the Y-axis, the number of
successes for each method. It is immediately visible that with the sketch method, the users are not
able to find the correct target. This result is caused by the difficulty of the system of assigning the
exact colour to the exact part of the model.

Figure 4.13).

The questionnaire at the end of the test asked to rate the user experience for the different modalities
using a score between 0 (very bad) and 5 (very good). Speech interaction gets an average of 3.7 out
of 5, sketch gets 2.4 out of 5, and sketch and voice 3.6 out of 5. We asked participants to rate the
performance of the system with a score between O (very bad) and 5 (very good), achieving an average
of 3.1. In addition, the user was asked to score to evaluate if the retrieval system was completely
automatic or a human component was involved. The possible values range between 1 (fully managed
by a human being) to 10 (fully automatic), and the final result is 5.7.

We assume that the sketch and voice session will outperform both the voice session and the sketch
session. On the one hand, voice query is very exact with colours, describes with a good detail the shape
and represent a robust method of searching. However, some shapes are difficult to describe in detail
and to extract among a group of chairs with similar characteristic. Therefore, the voice method shows
some deficiency that can lead the user also to a frustrating experience. We can identify two situations
where the user can not progress in the search. The first case is the impossibility to get a different result
from the last query. The second is a continued bouncing between chairs that share some characteristics
with the target shape without selecting the right one.

In many situations, selecting the right shape using the voice means a right path to success. The
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Figure 4.13: This chart shows the number of successes (values on top of the bars) per user and modalities
considering only the retrieved shape by the participant. It is visible that sketch contribution appears
for some users but still not for others.

only difference between the target chair and the current one is simply the colours that voice query
address in one or two queries. Sketch query is less efficient rather than voice query when searching for
shape and colour. In particular, even if the shape is found, the results coming from the CNN back-end
does not have colours in the right positions (as supposed when designing the database).

The additional analysis that considers only the target shape shows the difference within the sketch
session. While the user can often select the correct shape, they cannot select the correct colour. The
efficiency of the voice over the sketch is due to the possibility of describing precise characteristics
without any error of interpretation. In that case, the sketch is subject to an interpretation that, for the
current system, can not ensure a correct correspondence. For features where the text description can be
ambiguous or can lead to more than one result, the sketch has the advantage that it can depict them
quickly, giving a better portrayal of them.

We noticed different strategies developed by users that emerged from the modalities, as shown
in Figure 4.14. For example, in the context of pure voice interaction, the user started searching for
the shape, without paying attention to the colour in the first instance. When the query is completed
selecting a new chair, this last selection will define the current feature vector. In this way, the next five
chairs will have a similar descriptor. This result will appear when the next query will be processed,
possibly with an additional description that can be focused on shape and colours. A frequent selection

with different selected chairs let the user explore the shape space faster. When the shape is found, the
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Figure 4.14: After an analysis of the log recorded for each search, we discover some approaches during hybrid
interaction sessions that involved both the interactions. The left-most strategy shows a simple
sketch query for searching the shape followed by a speech query for the colours, the middle strategy
iterate between sketch and vocal query for searching the shape and end with the vocal for the
colours. The right-most strategy starts with a speech query to find the shape and iterate with the
sketch and ends with the vocal for searching the colours. Sketch strategies to find the colours are
unsuccessful.
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colours can be described very quickly.

The hybrid solution is the most interesting because of the interaction combination. The user can
adopt only the voice interaction, but the most fruitful results are achieved with a sequence where both
voice and sketch interaction are used. For example, the user selects the right colours and provides a
complete sketch immediately or repeatedly triggers the system with a selected model and additional
sketch. In this second case, the user tries to complete some missing parts of the chair or replace the
component if the colour does not match. We notice that even if the shape is found in many cases, the
colours, in general, is not correct. The CNN back-end is prone to use the same colours depicted by the
user but frequently are associated with the wrong component of the chair. The synergy between the
two modalities can be very effective as it can merge the most successful patterns of interactions. On
the other way, we noticed, that sketch interaction alone is never used during a hybrid session. We can
identify three successful primary strategies of queries, with small variations or additional loops.

The first strategy is linear and straightforward: sketching to find a shape, and speaking to find
the colour. The second strategy is sketching to find the right chair and select the most similar to the
target. The user begins a new search via voice interaction where the starting feature descriptor changed
accordingly with the selection from the previous search. This query terminates with a chair selection
that is the input for the next sketch query. In this way, voice and sketch can be used sequentially
exploring the chair space using two different features spaces. The final step is using voice interaction
to select the colours. The third successful strategy starts with voice mode for selecting the shape and
then sketch to depict additional elements with the chair selected from the previous query. Also, in this
case, a loop between sketch and voice query can start. With this incremental search in both the feature
spaces, the target can be found quickly. The final stage is still using vocal description to search for the
colours.

The main challenge is finding the shape because the description can be subjective and ambiguous,
and the sketch can find difficulties for some types of chairs. The combination of the two modalities
tends to improve the performance when taken individually. The difficulties of the single modes are not
overlapping, and when merged, the user can select the best query to overcome the issue.

This section that describes the results of our experiment validates both hypothesis [H2.2] that
states that “a multi-modal system including sketch and speech, to work properly, needs a formal query
definition and a specific interaction pipeline” and hypothesis [H2.3] that asserts that “the combination of
voice and sketch interaction improves the search in an immersive context when compared to individual

techniques.”
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4.6.2 User Study: Voice interaction for retrieving task

In this experiment, we asked the user to retrieve a chair from the database using merely the voice
in a virtual environment. The outcome is used in the main experiment. The participant is located in
the furnished room with a default white chair that can be replaced by retrieved models. We showed
the target chair to the user, positioning an image of it on the GUI attached to the wrist. The user can
describe the chair and terminate the description with a stop command (the word “stop”) that starts the
query. The language used in all the experiment is English. The participant has 90 seconds to complete
the search. Given the nature of the voice query input, we ask the participant to express the query using
a sentence that describes one or more features of the chair. In addition, we advise the participant that
the system can not deal with a long sequence, and the duration of speaking should be no longer than
10 seconds. To reduce complexity, we limited the user dictionary to 30 words, excluding the words
that describe the colours and chair components. We instruct the participant to use those words as
concepts disclosing any synonyms or antonyms, and comparatives. We recruited 10 participants. We
randomised the models during their session, and each user did 27 search sessions. The user performed
nine searching tasks with the specific n-gram, and the three modalities were randomised. The user
was unaware that the experimenter was evaluating the number of words during the speech interaction.
Indeed he/she was instructed to believe that software is interpreting his/her vocal communication.
Before starting the experiment, the user was asked to fill a form. In this form, we recorded the
familiarity with virtual environments with 3D software or games, from a level of 0 (no-familiarity)
to 5(high-familiarity). Using the same level (0-5) We proposed to rate their experience in the virtual
reality system if applicable (average 2.5). Therefore, we asked self-rating of the perspective-taking
(average 2.8), the orientation (average 2.6), visualisation of 3D objects and space (average 3), and
way-finding (average 2.6). We recorded the rate of success and the time required to terminate each
searching task. After completing the experiment, we asked the user to fill a final form where we
proposed to rate the proficiency of the system if some terms were missing. The best n-gram is used as

the constant number of words evaluated by the experimenter in the second experiment.

4.6.2.1 Results: How many n-grams to consider?

We investigated the differences between the three n-gram sessions (2,4 and 6). Before running the
experiment, pilots showed that considering queries larger than 6 words were hard for the experimenter.
We evaluated our test over the 45 distinct chairs, 27 proposed to each participant, 9 for each n-gram.
Thus, the user experimented the 3 n-grams and was unaware of the study type. We recorded the

accuracy of the returned model, time, and the number of tries to complete the task. The accuracy was



4.7. Conclusion 105

evaluated by counting the number of times the user found the target chair. The number of successful
search for the bi-gram was 30 out of 90 (33.3%), 4-gram was 31 out of 90 (33.3%), and 6-gram was
39 out of 90 (43%). The average number of queries for the bi-gram was 6.28, for the 4-gram was 5.21,
and for the 6-gram was 5.03. We demonstrated that with 6-gram, we achieved the best results.

We collected user suggestions about improving the dictionary or the VR interface. Therefore we
decreased the total number of words, purging meanings that were not used. We reduced the number of
terms in the dictionary, added some shortcuts for the experimenter in order to speed up the response
time, and we introduced an initial session where we explained all the words showing a graphical
example applied to a chair. With this analysis, and the consideration related on Wizard of Oz approach,
we validate hypothesis [H2.1] that states that “Optimised lexical readability for textual information

obtained from speech interaction can improve the efficiency in describing an object for retrieval.”

4.7 Conclusion

Voice is a powerful way to convey information. User experience benefits from the introduction of the
vocal interface used individually or paired with other inputs. A sketch can depict the appearance of
an object quickly, both in two dimensions and in three dimensions. In chapter 3, we outlined how, in
some situations, sketch interaction is insufficient to achieve high accuracy. In section 4.3.1, we detailed
that if the search is performed on a fully variational database, the sketch interaction system encounters
difficulties in understanding which colour is associated to a specific part of the model. Therefore,
we design a multimodal system to introduce speech to improve the retrieval task for such a database.
Introducing speech interaction can help to solve the problem as it increases the search power without
affecting the number of user controls or altering the existing functionalities of the application.

In our study, we compare, in a 3D immersive environment, sketch interaction, speech interaction,
and hybrid interaction in the context of model retrieval. We defined a dictionary and associated a
feature vector to each chair for the speech query. We ran two studies: the first to understand what is the
most efficient number of words to consider for a speech query during a search of a target chair. The
second study compares the three different modalities in the same searching task. With our solution,
we enhance the user search with two independent modes that explore shape and colour feature spaces.
We analysed the different strategies created by the user using the hybrid interaction. Our results
demonstrate that the hybrid system with sketch and voice improves the outcomes of both the individual
interactions, overcoming the problems showed by the sketching system and refining the results of pure

voice interaction.
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These interactions are supported by ML algorithms that extract features from images or text and
search for targets that minimise the differences with user inputs. On the other hand, ML is used in
several parts of the visual content production pipeline, including visual metrics that can provide, for
example, a scoring method of the rendered image quality. The next chapter will describe how a deep
learning model that shares the same nature as the ones used in our interaction studies can be trained to

detect and localise artefacts in computer graphics images.



Chapter 5

Dataset and Metrics for Predicting Visible

Differences

In the previous chapters, we proposed different strategies within a virtual environment to retrieve
objects from sketches using deep learning algorithms. Sketches are studied as advanced forms of
interaction finalised to depict a target object. We showed that properly trained deep neural networks
could facilitate useful interactions between user and system. The context described in the following
sections is part of the visual content production pipeline introduced in Chapter 1. Within the visual
pipeline, as part of visual content creation, we focus on visual perception, which is used to assess the
quality of displayed images. We implemented deep neural networks to define a new data-driven visual
metric, to evaluate the presence of artefacts in images and provide their exact pixel-wise location. This
chapter describes how we created the extensive collection of data used for training, the technique
used for creating an improved version of the state-of-the-art metrics, and the architecture of our novel
deep learning model. In addition, we depict how we designed the statistical model that is part of the
loss function during the training process. This study on visual perception was published in [195] and
presented at SIGGRAPH 2018.

My personal contribution is threefold. First, helping in writing part of the software (web appli-
cation) that is used for the experiment. Second, the contribution to implementing the CNN model in
Tensorflow. In particular, I implemented the fully convolutional architecture and the statistical loss
function. Third, testing our model to produce the results for the super-resolution from the downsampled
images application. I didn’t contribute to the generation of and the gathering of images and gathering
marking data from the user test, training the state-of-the-art metrics, modelling the statistical function,

or to the other tested applications (visually lossless compression and content-adaptive watermarking).
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5.1 Introduction

Detecting differences in two images is a capability that everybody tested in is own life. Predicting in
which part of an image a difference is noticed is a challenging task that visibility metrics try to tackle
[35, 152]. However, the achievements are modest, and only straightforward stimuli can be solved
effectively such as luminance and contrast masking. On the other hand, for effects correlated with
image content and high-level details, the current state of the art is not effective.

We create an extensive collection of images with locally marked distortions to train a predictor of
visible artefacts. In total, the images in the database are 557 pairs (distorted image and reference). A
subset of the collection (296) is marked manually by 15 or 20 users, while 261 are taken from TID2013
datasets. This collection exceeds the previous largest dataset [151] that includes 37 marked images.
In addition, our novel collection consists of different levels of distortion magnitude. We improved
the state of the art visible difference metrics training them with our collection and then created a
CNN-based metric that outperforms the accuracy of the aforementioned metrics.

Multiple applications can benefit from such a metric prediction. The first application is the
reduction of the image size during the compression algorithm in order to achieve a visible lossless
result. The second example shows that the metric is capable of identifying the maximum downsampled
image to reconstruct a super-resolution image that is considered visually identical to the original.
We demonstrate, in a third application, how to achieve a watermarked image that can be considered
invisible. In this study, we present different contributions. Although I helped in writing the software
for the user test and testing the model for the super-resolution application, my main contribution is the
implementation of the deep learning model that predicts artefacts in computer graphics images. Firstly,
we generated the most extensive publicly available collection of visible distortions' that are manually
marked. Secondly, we design a model based on Bayesian inference that determines the probability
of detecting a visible distortion in an image. Thirdly, we improved state-of-the-art metrics retraining
with such data. Finally, we implemented a visibility metric model based on CNN that outperforms
the metrics mentioned above. Besides, we tested our metric in three different applications: visually

lossless compression, super-resolution, and invisible watermarking.

5.2 Dataset of visible distortions

My collaborators collect visible distortions in specific image locations. In this way, it was possible

identifying which distortions are below the visibility threshold and so not detected, and the visible ones.

IThe dataset is available at https://doi.org/10.17863/CAM.21484
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Distortion | Level generation
Subset name Scenes | Images levels method Res. [px] | Source
MIXED 20 59 23 blending 800 600 ’ﬁl;tl‘;m software, photographs
PERCEPTIONPATTERNS | 12 34 1,3 blending 800x800 | MATLAB [155]
ALIASING 14 22 1-3 varying sample number | 800x600 | Unity, CryEngine [196]
PETERPANNING 10 10 1 n/a 800x600 | Unity, CryEngine [196]
SHADOWACNE 9 9 1 n/a 800x600 | Unity, CryEngine [196]
DOWNSAMPLING 9 27 3 varying shadow map | ¢y ) | Custom OpenGL app [196]
resolution
ZFIGHTING 10 10 1 n/a 800x600 | Unity, CryEngine [196]
COMPRESSION 25 71 2-3 varying bit-rates 512512 | crops from photographs
DEGHOSTING 12 12 1 n/a 900x900 | photographs [197]
IBR 18 36 1,3 varying distance 960%720 | custom software [198]
between key frames
CGIBR 6 6 1 n/a 960x720 | custom software [198]
TID2013 25 261 n/a n/a 512x384 | Kodak image dataset [140]
Table 5.1: Dataset details.

DEGHOSTING

SHADOWACNE

Figure 5.1: The figure shows different samples of stimuli included in our collection. The red square indicates
the lateral magnified area where the artefact is located.

In general, the experiments that collect visible distortions uses constant stimuli or adaptive techniques.

These operations are quite inefficient, and it can require hours for collecting a limited amount of images

(30) such as in [153]. Improving the method described by Cadik et al. in [151], allowed to achieve

a largest set. Moreover, images from TID2013 that includes automatically generated marking, were

incorporated.

5.2.1 Stimuli

The collection includes 557 images with 170 unique scenes. A large number of them were generated

with three levels of magnitude for the specific distortion. The types of the artefacts present in the scenes
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are the most common in computer graphics such as image compression, noise, peter-panning, shadow
acne, deghosting linked to HDR merging, and warping artefacts generated from image-based rendering
technique. Current visibility metrics find this data collection very challenging for the assortment of
artefact types mentioned above.

The dataset is constructed from images from preceding researches. Such images are classified
in different sets (see Table 5.1 and Figure 5.1). MIXED (59 images) is an extension of the dataset
from [151]. These artefacts are virtual point light (VPL), structured and high-frequency noise, light
leaking artefacts, clamping, brightness local changes, tone mapping, and aliasing distortions. PER-
CEPTIONPATTERNS(34 images) from [155] includes artefacts coming from perceptual phenomena.
Distortions are related to contrast sensitivity, and luminance and contrast masking. From dataset [196]
we extract images (created with game engine like Unreal Engine 4, Unity) with artefacts generated
in real-time such as aliasing (ALTIASING (22 images)), shadow acne (SHADOWACNE (9 images)),
peter-panning (PETERPANNING (10 images)), downsampling (DOWNSAMPLING (27 images)), and
z-fighting (ZFIGHTING (10 images)). Near-threshold distortions are included in compression images,
COMPRESSION (71 images). Deghosting is generated when high dynamic range (HDR) merging im-
ages happens (DEGHOSTING (12 images)) Image base rendering and view interpolation are responsible
of the artefacts in the sets named IBR (36 images) and CGIBR (6 images) both extracted from [198].
This collection also includes the set named TID2013 (261 images) from [140] whereas distortions

permeated the whole image area or are totally invisible.

5.2.2 Experimental procedure and apparatus
In this section, we describe the experimental setup for marking visible artefacts.

Comparison method Multiple presentation techniques can be used to present a reference image with
a distorted one. The flickering method allows a user to switch in place the two images rapidly. On the
other hand, a side-by-side presentation places the two images spatially close together with a horizontal
layer. A no-reference technique (described in [151]) shows only the distorted image without a term of
comparison. The sensitivity to the image differences suffers heavily from the presentation method.
Flicker presentation impacts more on observer sensitivity, and it fosters a conservative measure of
visible distortions. This attitude affects many applications where, eventually, the reference image is not
even visible. Therefore, the side-by-side presentation was selected as more appropriate to computer
graphics.

Experiment software We used a browser application that allows users to mark the images with a

simple click and drag movement of the mouse. The precision was increased by implementing the
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lazy-mouse function. Additional functions such as erase and clear markings were added. Lazy-mouse
is a technique that slows down the movement of the brush cursor, increasing the spatial accuracy during

the painting task (see the application in Figure 5.2).

D

You can also change brush size with the mouse wheel or key shoricuts: -/+.

- —

Figure 5.2: View of the browser application used for collecting markings: distorted image (A), reference image
(B), brush cursor (C), progress bar (D), settings (E), and continue button (F).

Multiple levels of distortion magnitude Moreover,a mechanism to increase consistency during the
marking task was implemented. The distorted images were selected and showed with increasing
magnitude of the distortion, up to three levels. The users marked the first level, and the marking
achieved from the previous level is inherited and superimposed at the following level (see Figure 5.3).

In this way, only new visible distortions receive attention.

Viewing conditions The monitor was positioned to reduce reflections. In addition, the lights were
faded in the room. The distance between the observer and the monitor was 60 cm. The monitor was
a 23", 1920x 1200 resolution Acer GD235HZ display. Thus, each visual degree had 40 pixels of
resolution. The display peak luminance was 110 cd/m? and the black level was 0.35 cd/m?. To scale
down artefacts visibility for DEGHOSTING COMPRESSION sets the distance was set in order to have 60
pixels per visual degree.

Observers The participants, recruited from the computer science department, were asked to mark each
subset of the entire collection. The total number of observers is 46, aged from 23 to 29, and were paid.

None of them had vision-related problems, and they were novel to such an experiment. The experiment
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Level 1 Level 2 Level 3

Figure 5.3: In this figure, three levels of increasing magnitude (from left to right) are displayed in the top row
and the corresponding marking in the bottom row.

was divided for each user in sessions that last one hour to avoid overexertion (total of 8 hours per user).

The final interview showed that the duration of the session was adequate for preventing fatigue.

5.3 Modelling experimental data

Data coming from this experiment is subjected to variance. Therefore the marking results can not
be considered as ground truth. Each observer and even the same observer in distinct situations can
detect differently, and this impacts the visibility threshold. In addition, if the artefact is not spatially
extended in the image, the user needs to search it. This searching component and other multiple causes
influence the results. To prevent training the metrics with data subjected to searching component, it is
necessary to define a model that deals with this stochastic process in order to cancel effects that distort
the prediction. This model is then used inside the loss function during the training process.

In general, visibility metrics try to predict the detection threshold for the average observer from
a set of observers. This procedure does not take into account the variance of the distribution for the
observers. A different approach instead considers the population instead of the average observer,
predicting the fraction of the population that marks the diversity between reference and distorted image.
Thus, each scene is assigned from 15 to 20 observers.

The loss function is implemented as the likelihood of observing a difference, given that the

probability of detection (pg,;) is already measured. As depicting in Figure 5.4 in the beginning, it is
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makes a mistake Random marking

Figure 5.4: This graph defines the statistical model used for the experimental data. The root node shows the
probability of making a mistake (p,;;s) by the observer, then there is the probability of attending
(parr) and at the end, detecting (p,.;) the difference in the image.

possible that the observer made a mistake, painting some area of the image where there was not a
difference. This probability of lack of accuracy as p,,;s (probability of mistake) is equal to a constant
value of 0.01 (1% of the cases). The effect of this probability is to avoid a heavy penalisation if the
observer is an outlier. The second step relies on understanding why some visible distortions are not
marked. The reason is that the user is not attending the location where the distortion is present. For
this reason, this model takes into account both the probability of attending a specific location and the
probability of detecting the difference. The probability of attending a location of the image is described
by pa: while pg,, depicts the likelihood of detecting the diversity. Given a population of N observers
where k mark a location in an image, the process can be described as a Bernoulli distribution with the

additional mistake probability.

k> (patt'pdet)k (1 - Pazt'Pdet)nik

P(data) = pmis + (1 — pumis) (N (3.1

= Pmis + (1 - pmis>Binomial(k7Napatt'pdet) .

Visible metrics are focused on predicting the p,.,. Hence if the difference is visible, expecting
that the observer considers all the areas in the image. However to calculate py,, it is necessary to know
patt- Moreover, an additional challenge is that p,; is a variable dependent on observers, artefact types,
scenes. In this case, Formula 5.1 describes the probability that if the user does not make a mistake
(with probability 1-p,;s), the probability of detecting an artifact (py,,) conditioned by attending the
right area (p) is modelled by a binomial distribution.

The estimation of p,; distribution can be evaluated. The artefact type impacts largely more than

the other factors as mentioned earlier. Thus artefacts were classified, grouping them into subsets with
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Figure 5.5: The likelihood that the probability of attending the area with the distortion is equal to p, showed for
two distinct collections.

similar characteristics, and calculate p,; separately. Another important step is a formal definition
of visible difference. After having approximated that a pixel is visually detectable if the difference
between the values from distorted and reference images is larger or equal to 20 (over 255), given

Pdet = 1, pant, the distribution is:

1

:@ Z Binomial (k(x,y),N,p) , (5.2)
(x

Y)EQ

P(par = p) = panr(Pp)

where Q is the pixels set with large difference values and || its cardinality. For the moment, p,;s
is not taken in consideration for simplicity. Figure 5.5 shows the distribution of p,; of two datasets.
The following equation 5.3 measures the logarithm of the likelihood of having p,,, values estimated

by a model that describes the data coming from the experiment:

L= Z log[pmis + (1 — Pumis)
(x,y)€O (5.3)

1
: /O Par(p)-Binomial (k(x,y),N, pai: (P)-Paet(%,y)) dp],

with O that represents the pixels with x and y coordinates. The second part of the equation is the
expectation value when we observe the results having that p,;; statistics.
When calculating the expected likelihood for two subsets, as shown in Figure 5.6, the probability

of having a value of p,.; depends on how many observers (k) have painted that pixel. In IBR collection
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Figure 5.6: Difference detection probability for two datasets.

(top chart) if kK = 10 observers mark the pixel, pg.; goes between 0.5 to 1. Therefore, even if only
10 out of 20 observers painted the artefact, it is visible as the difference between images. When the
probability of detection corresponding to k = 10 observers is around 0.55 (like in compression dataset,
bottom chart), it means that 45% of the observers are not able to detect the artefact even if they are
looking the area where the distortion is localised.

Noisy data was not directly used, but though Equation 5.3 the probability of detection is estimated

considering the distribution of such probabilities for the different datasets.
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5.4 Visibility metrics
The most promising quality metrics to produce visible distortions’ predictions are selected, and they

were trained using the collection. To train such metrics, an adapted version of OpenTuner? optimisation

software 1s used, enabled to work in parallel on a cluster dealing with time-consuming calibrations.

[ABS] is the absolute difference (D) between pixels of distorted and reference images. This difference
is computed as the weighted sum of RGB gamma-corrected values (luma). After being divided by the

threshold (7) it is part of the formula of the psychometric function:

X B
pdet(xvy) =1 —eXp (10g(05) (M) ) ) (54)

where the pixel coordinates are x and y, and 7 and 3 are the optimised parameters. p e (x,y) is

inserted in Equation 5.3 to evaluate the loss.

[SSIM] SSIM measures the structure similarities within images providing a number in its final analysis.

We transform that result with the following equation:

1
Dssim(x,y) = s (log (1 — Mssy(x,y) +-exp(—€)) +€) , (5.5)

where Mgy 1s the value produced by SSIM and € = 10. Dggjy, results in a positive number between
0 and 1 where 0 happens where images are identical. Finally we passed Dggsyys to the psychometric

function (Equation 5.4) where ¢, B are still the optimised parameters.

[VSI, FSIM] The same Equation 5.4 is used after transforming the metrics Dys; and Dggyys achieving

the same range (0-1) of values. The optimised parameters were still 7 and f3.

[CIEDE2000] The images were transformed in linear XYZ space using gain-gamma-offset from
our experimental display. Like the other cases, we evaluated AE as probabilities and used in our

psychometric function. The fitted parameters were still # and f3.

[sCIELab] The same transformation used for CIEDE2000 and used in the psychometric function, is
adopted.

[Butteraugli] This metric is based on a constant “good_quality” that does not provide a good result

with human test outcomes. Therefore we transformed the visibility map with the psychophysical

function in Equation 5.4.

http://opentuner.org
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Figure 5.7: Fully convolutional CNN architecture with two branches: the first branch process difference between
the reference and distorted image, the second branch takes the reference image. This model produces
a visibility map of the same size of input images. Both branches contain two convolution layers
where the first layer has 11x 11 kernel, stride 4, the second layer with 5x5 kernel, stride 1. The
deconvolution part has convolution layers with 3 x3 kernel, stride 1.

[HDR-VDP] HDR-VDP v2.2 is modified to improve the predictions. On the one hand, we reduced the
multi-scale decomposition by removing orientation-selective bands. On the other hand, we enhanced
spatial probability pooling using spatial probability summation to deal with distortions that change in

magnitude on the image.

Psp(xay) =1 —CXp (IOg(l _P(va)+e>*g6) (x,y) ) (56)

where P(x,y) is the probability of visibility map (Equation 20 in [35]). While € is a constant to
avoid zero, g is the Gaussian kernel.
All the metrics improved by the training mechanism are characterised with a prefix “T-”, e. g.,

T-SSIM, to make a distinction between the original version and the trained version.

5.5 C(CNN-based metric

The recent achievements of CNNs in many applications motivated us to design a novel visibility metric

with a fully convolutional architecture. Thus, we used our dataset to train it.

5.5.1 Two-branch fully convoluted architecture

Siamese networks became popular in tasks where images comparison is required. Siamese CNN
contains two branches that share weights but are fed with different inputs and produce different outputs.
The classic Siamese architecture with fully connected layers in the final part was tested. The results
were that the performance improved when the difference between distorted and reference component

is taken in image space instead of feature space (Bosse et al. [199]) and when the architecture is
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fully convolutional. Having two different inputs and avoiding sharing weights improved further the
performance.

The used architecture is shown in Figure 5.7. The first branch encodes the difference between
distorted and reference images (subdivided in patches) while the second branch accepts reference
images (subdivided in patches). In addition, we avoid to share weights between the branches, and we
perform a final concatenation of the features maps to preserve them.

We implemented three deconvolution layers that produce the visibility map, and we use skip-
connection mechanism. With convolutional layers instead of fully-connected layers, we reduced the
number of parameters, preventing overfitting and improving its ability to generalise.

Given R as the reference patch and D as the distorted patch, we have two mapping functions

d

.
Cony and w

F,a and Fyr . with w tony that are the convolutional layers weights for difference and

WC(H’W
reference branches. Moreover, given F,,, . as mapping function with wg, that is the deconvolution
layers weights, our metric M,, (D, R) became:

M, (D,R) = F,,, (Concatenate(F,. (D—R),E, (R))) (5.7

WC ony

Convolutional layers Although the used dataset contains many images, we do not have sufficient
data to perform a full training. Therefore, we chose to fine-tune the feature extraction layers with a
pre-trained model: AlexNet [200].

We compared the results generated by five convolutional layers with the ones generated by four,
three and two layers, and we discovered similar outcomes. Thus, we removed the last three layers.
Each convolution layer uses a rectified linear unit (ReLLU) and is followed by a pooling layer. Moreover,

the dropout value is 0.5 to prevent overfitting.

Deconvolutional layers We replaced fully connected layers with deconvolution layers. Deconvolution
layers take the outcomes of concatenation operation and create the visibility map. Deconvolution is
achieved by a series of upsampling followed by a convolution operation. This solution avoids checker-
board patterns that are present when deconvolution use transposed convolution. We concatenate feature

maps coming from different branches with deconvolution feature maps with the same size.

5.5.2 Training and testing

We trained our network with the goal of minimising the Equation 5.3, our likelihood function.
We split the images into not overlapping 48 x48 pixels patches. After testing different sizes, this

patch size results in better visibility maps preserving high-frequencies. Also, to avoid overfitting, we
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Figure 5.8: This chart shows the average results of the most three significative metrics measured by the
Likelihood of detecting an artefact.

increase the number of patches via data augmentation, such as flipping (horizontal and vertical) and
rotating 90, 180, and 270 degrees. Before starting the training procedure, we removed all the patches
where the difference between reference and the distorted source was null, achieving 400,000 valid
patches. Our network was trained with 50,000 iterations using the mini-batch technique (batch size
48). We used Adaptive Moment Estimation (Adam) optimiser with the following parameters: learning
rate of 0.00001 and learning decay rate of 0.9.

We implemented the CNN using TensorFlow GPU 1.4 3. We trained our network on an NVIDIA
GeForce GTX 980 Ti.

Fine-tuned CNN infers the visibility map for each image after a few steps. First, it split the images
in 48 x48 patches that overlap with 42-pixels. Second, it creates a visibility map for each patch. Third,
it reconstructs the full-size visibility map by merging the patched visibility maps and averaging the
pixels that belong to overlapping patches. Our CNN predicts the visibility map for a distorted image
with 800x 600 pixels in 3.5 seconds.

5.6 Metric results

We made a comparison between the predictions of the metrics mentioned before, after a 5-fold cross-
validation process. We separate the collection into two subsets with ratio 80:20, where the first was

used for training and the second for testing. We generated in this way all the predictions on test images

Shttps://www.tensorflow.org/
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avoiding overfitting. The outcomes for the metrics are showed as average in Figure 5.8 and in detail
in Figure 5.9, and state that the CNN model outperforms the other metrics despite some datasets are
more complex to predict like COMPRESSION and PERCEPTIONPATTERNS.

A second relevant result is that both T-HDR-VDP and T-Butteraugli performed well. T-
CIEDE2000 does not perform better than T-ABS, while T-sCIELab performs marginally better than
T-ABS.

The transformed and trained versions of the metrics are not oversensitive compared with the
original ones (see Figure 5.10) that predicted distortions even when they were invisible.

In Figure 5.11, we can notice the first row where the distorted image of uncorrelated noise shows
some high-noise circles over a background with lower noise values. While the markings are localised
on the circles and close to them, all the metrics predict differences also in areas where only background
noise is present. CNN and Butteraugli give better predictions, partly ignoring the differences between
reference and distorted images.

Compression is responsible for the artefacts present in gorilla image. However, distortion visibility
is quite attenuated by the high frequencies of the image, masking de facto the artefacts. The most
accurate results come from metrics like CNN, T-HDR-VDP, and T-Butteraugli, highlighting the most
visible distortion on the face and ignoring the other parts. In addition, CNN can predict artefacts in the
chest area.

The peter panning distortion happens when the shadow cast by a 3D model in the scene is
detached from it [196]. While T-HDR-VDP and T-Butteraugli exceed in marking the area affected by
the artefact, T-FSIM marks the small differences that other metrics properly reject.

The car image has distortions on the car body, and in addition, there is a noise pattern marked by
a few participants in the bottom corner. Users are not considering artefacts outside the car because
they focus their attention on the car itself. Therefore, in this case, our probabilistic function models
correctly the data as the users’ markings can not be considered the ground truth.

The differences between the distorted and the reference classroom image are due to a slight
displacement of the camera position during the rendering. In general, it is quite difficult for the
observer to detect the misalignment, but a simple binary comparison will highlight many differences.
Between the metrics results, CNN showed a better visibility map. The comparison between our metric
based with the trained state-of-the-art metrics confirms hypothesis [H3.2] that asserts that “A fully
convoluted model boosts its accuracy in predicting visible artefacts using a training set that includes an

extensive collection of annotated distortions in computer graphic.” In addition, we compared our CNN
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measure correctly the probability of detection according to the model. The standard error is showed
via the error bars in the chart.
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Figure 5.10: This chart shows the improvement of the trained version of two visibility metrics over two datasets.
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Figure 5.11: From left column we show samples of distorted images, marking maps coming from the user
experiment, and the visibility maps from the different metrics.
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trained with probabilistic loss, with the same architecture with L2 loss. We proved that with L2 loss,

the trained model performed worse as showed in Table 5.2.

Pearson correlation Spearman correlation RMSE

L2-trained model 0.687 0.598 0.167
Probabilistic-Loss-trained model 0.92 0.755 0.145

Table 5.2: L2 loss trained model performs worse if compared with the same architecture trained with prob-
abilistic loss, according to Pearson correlation coefficient, Spearman correlation coefficient and
RMSE.

Our approach validates hypothesis [H3.1] that states that “a statistical loss function applied to a

CNN-based model improves the accuracy in visible differences detection task”.

5.7 Application

In this section we describe one of the three applications implemented in such study. In subsection 5.7.1,
the maximum downsampling value for a super-resolution reconstruction algorithm from a single image
is evaluated. The other two applications (image compression, watermarking) are described in the

paper [195].

5.7.1 Super-resolution from downsampled images

Super-resolution (SR) can generate a higher resolution image starting from a low-resolution image
or images. This section describes how we can reduce image resolution from a reference image to
achieve a visually indistinguishable full resolution image after applying a single-image super-resolution
algorithm.

Three scenes were rendered by using Arnold renderer* (Figure 5.12). All the rendered scene
present one object on a quasi-uniform grey background. A simple scene was chosen to help the user
detecting the distortions.

We select projection onto convex set (POCS [201]) as super-resolution algorithm. We generate
SR images from unique LR images. MATLAB was used to produce LR images, and we downsampled
the original image by a factor with a range from 1.1 to 6.0.

Our user test was performed using 4AFC QUEST procedure as we did in Section ??. We gathered
distortion visibility data, comparing SR reconstruction with full resolution reference. We calculated the

threshold of artefact detection considering downsampling factors. 20 users performed our experiment.

“https://www.solidangle.com/arnold/
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Figure 5.12: We compare our visibility metric results in the super-resolution application. We tested our metric
with three scenes (right column) collecting artefact visibility from a user test (blue line in the graph
on the left). The chart shows the metric predictions with different downsampling factors.

Figure 5.12 displays with the blue line the population percentage that chose the lower down-
sampling than the one present on the x-axis. This line is smooth because it is the cumulative plot
after fitting a Gaussian distribution to the collected thresholds. Metric predictions are calculated by
taking the maximum value of the visibility map (maximum visible distortion). We compared metric

performance by calculating MSE between user data and each prediction for all the downsampling
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factors. Therefore we average MSE value for all the scenes. CNN scored an error of 19.95, resulting in

the most accurate metric. T-Butteraugli followed with an error of 96.96.

5.8 Limitations

Our data collection, despite its efficiency, is not free from problems. Firstly, find and detect an artefact
are not completely separated. We adjust our loss function in order to address this issue. Anyway
decreasing the image size can help to reduce the searching component in particular for COMPRESSION.
Secondly, the experiment procedure requires time for gathering a collection reliable for being used as
input for a neural network. In addition to the moment, our system does not take in account possible

variations of the distance between the observer and the display, neither change in luminance.

5.9 Conclusions

Visible artefacts in images are difficult to predict correctly. The state-of-the-art metric still lacks
robustness and do not work for all the kind of distortions. The challenging aspects are strictly related
to the complexity of the human visual system. Our work tries to fill the gap between computational
metrics and visual system. We gather an extensive collection of data and training models over it. In
addition, as different components contribute to the perception of one or more differences between
images, we developed a statistical system that tries to exclude the searching component during training
systematically.

We demonstrate that a data-driven metric is able to perform better than the untrained counterpart.
In addition, we introduce a CNN model that outperforms the other metrics. These metrics can be
applied to multiple applications where a quality need to be evaluated or where a parameter is tuned

with the possibility of avoiding loss of quality.



Chapter 6

Conclusion & Future Work

This chapter outlines the contributions of the thesis, respect to the research hypotheses delineated in

chapter 1.

6.1 Summary of Contributions

This thesis explored advanced interactions that use textures (and fine details) for searching objects and
making a prediction in visual difference detection. The sketch is a simplified drawing that can convey
both an abstract idea and also a specific instance of an object in a category. Sketching is one of the most
promising and intuitive interactions that has been brought to computer graphics in the last decades.
We have shown that in an immersive environment, converting a 3D sketch into a series of textures
produces an efficient input to search among a collection of objects (ShapeNet - chairs). In this way,
we contribute to the field of Computer Vision, Information Retrieval, and Human-Computer Interface.
We have also shown that a combination of sketch and speech can improve further the accuracy of
the search. Image quality metrics measure the difference between two images, assigning a score of
similarity. On the other hand, visual metrics are able to localise the difference in producing difference
maps and are used to detect distortions. In the context of visual perception, we demonstrate that using
textures as the training set for visible differences as input to a CNN-based statistical model outperforms
the state of the art of visible metrics. In this way, we contribute to the field of Computer Graphics
(more specifically in the sub-field of Quality Assessment).

In Chapter 1, we stated research hypotheses pertinent to applications both related to images used
in the context of sketch-based retrieval and visible differences predictions. In the next sections, we

illustrate the contributions achieved in each chapter, showing how they support such hypotheses.
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6.1.1 3D Sketching for Interactive Model Retrieval in Virtual Reality

Chapter 3 introduced a novel system for retrieving items from a 3D model collection with fine
details using 3D sketch as interaction in virtual reality. We are all trained from a young age to
draw on surfaces usually flat, and 3d pens only recently exploit the depth component in real-world
[202]. However, 3D sketch in a virtual environment became possible with the advent of position
trackers, and only in the last few years gained interest, mainly for artistic purposes, thanks to the
commercialisation of cheap virtual reality devices. This trend legitimises the question of how 3D
sketch can be exploited as a new form of input beyond the artistic intent, exploring its efficiency
and feasibility. Previous works on information retrieval systems based on 3D sketch are oriented to
retrieve objects that belong to different categories avoiding collections of a unique type of item with
fine details. In addition, previous works did not achieve satisfactory results due to the representative
nature of the sketch that is not converted into a proper descriptor. Our system makes use of the CNN-
generated descriptor from the combination between the sketch and a background model to improve the

accuracy of the search. The promising results obtained by our system supports the following hypothesis:

[H1.1]3D sketch is an effective interaction to depict information in an immersive environ-
ment with the aim to retrieve models from a large collection.

Proposing this way of communication in a virtual environment opens the doors to additional
possibilities such as adding functionalities such as undoing instantaneously or erasing parts of the
sketch. In this context, free-hand strokes can also be extended to the third dimension as sketch visibility
can be fixed in the space as the pencil stroke is fixed over a sheet. We tested different modalities of
sketching to determine the most effective for our searching task: 2D Virtual Tablet, 2D Whiteboard, 2D
Real Tablet, and 3D Sketch. We found that the 3D sketch was the most accurate method for retrieval.
The 3D sketch is able to depict the different points of view, exploiting the additional dimension. Our
system generates 12 snapshots with strategic points of view of the 3D sketch and makes a descriptor
comparison with the objects in the database. This methodology is used extensively as interaction input

to support all the following hypothesis:

[H1.2] Deep learning models are more effective than well-known detectors and descriptors
when applied to sketches in a three-dimensional context.
Algorithms such as SIFT, HOG, GF-HOG and colorSIFT are extensively used to generate image

descriptors e. g., for object detection or segmentation. As sketch is a representation of an object instead
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of an image of a real one or even synthetic one, it is influenced by different factors: user skills, cultural
background, and even mood. We tested with the same textures the accuracy produced by each of the
descriptors proposed, comparing them with the features extracted by a convolutional neural network.
We defined a set of similarity rules that involves structure, style and colour features to produce a score
used to rank the different methods. The final results showed that the CNN model is the most accurate

and has been used as the ultimate backend in our sketch-retrieval system.

[H1.3] Feature descriptors generated by the combination of sketch and 3D model in the
context of an interactive loop, are an improvement in terms of accuracy.

A Sketch alone, even if detailed and carefully coloured, may not be enough to create an accurate
descriptor for the CNN. The group of strokes that makes up the sketch are subjected to inaccuracies
such as incorrect strokes, noise, and voids that are not filled by the user. These issues can impact
profoundly on the search, and most of them can not be corrected. To improve the quality of the
search, we introduced the possibility of mixing up the sketch descriptor with a 3D model descriptor.
When a model is selected from a retrieval panel, the user places it in the environment. The user can
superimpose the sketch on the model in the textures to depict both gross and fine details simultaneously.

This solution showed an improvement in the search that supports this hypothesis.

6.1.2 Multimodal approach fusing sketch and speech in Virtual Environment

In Chapter 4, we illustrated a multi-modal system for object retrieval where sketch and speech are
fused together in virtual reality. By generating the multi-view descriptor of sketch and model, it was
possible to identify the target object among a large collection quickly. However, ShapeNet is deficient
in inter-model variation — the colour and texture of the parts of the objects, and this lack helps the
search significantly. We created a chair dataset with intra-object variation and semantic tags called
Variational Chair ShapeNet (VCSNET). We found that with this dataset, our system exhibits problems
in identifying the exact chair correctly. We analysed the efficiency of speech interaction, and we needed
to determine what is the best value of lexical readability to describe the chair. In our case, a simple
measure of the length of the sentence was sufficient. We designed a test with experimenter-in-the-loop

and measured the results for supporting the following hypothesis:

[H2.1] A optimised lexical readability for textual information obtained from speech inter-
action can improve the efficiency in describing an object for retrieval.

We tested three options of n-grams to establish the best query length during a pure speech
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interaction session. An experimenter-in-the-loop design handles tokenisation and lemmatisation.
It helps to achieve very quickly, through a graphic interface, a semantic descriptor with features
belonging both to colour and shape information. While a long query is not preferable as in recurrent
models, where previous words tend to be forgotten compared to recent ones, we showed that the most
robust value for query length, considering the ceiling effect, is six semantically valid words. This
setting is subsequently used in the next user experiment that compared the hybrid form of interaction
with the individual ones. Sketch and speech queries are built, starting from diverse input channels.
This difference implies that two different feature spaces are explored with visual and textual criteria,
and the user can jump from one to the other in a natural way. However, they can be managed to follow
a similar architecture to be compatible with a query pipeline. We analysed the query type structure

supporting the following hypothesis:

[H2.2] A multi-modal system including sketch and speech, to work properly, needs a formal
query definition and a specific interaction pipeline.

We formalised both the queries to contains three mandatory components. Firstly, the input com-
ponent coming directly from user interaction, eventually processed by the experimenter-in-the-loop.
Secondly, the descriptor is processed, and the system proposes a chair set to the user. Finally, the
user selects a chair from the resulting set, replacing the model in the environment. This final chair
represents the input for the next query, regardless if will be a sketch or speech query. In this way, we
defined our pipeline as a sequence of any queries set one after the other. A query that is interrupted
without selecting an item from the proposed set is rejected automatically. Therefore, we avoid the risk
of asynchronous events and contradictory information that can be generated simultaneously. Therefore,

we compare the different interactions achieving results that support our hypothesis:

[H2.3] The combination of voice and sketch interaction improves the search in an immer-
sive context when compared to individual techniques.

With our approach, we compared three different methods of search: speech interaction, sketch
interaction, hybrid speech-sketch interaction. The results showed that the hybrid method is the most
robust method to identify the target chair. Users tended to use speech to define colour components and
shapes while they used the sketch to detail shapes as expected. In addition, the speech component was
preferred in terms of user experience as more natural and powerful than the 3D sketch. Sketch alone is

able only to suggest the correct shape. It encounters considerable difficulties in associating the colour
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or texture with the right component of the chair.

6.1.3 Dataset and metrics for predicting visible differences

Chapter 5 presented a novel deep-learning-based visual difference metric between images that make
use of an extensive dataset of computer graphics distortions. An extensive dataset of images containing
different types of distortion with diverse levels of magnitude is used to train a model with a novel
statistical loss function. This database is the most extensive in terms of computer graphic artefacts
and contains distortions coming from computer graphics such as peter-panning, shadow acne, down-
sampling, z-fighting, compression, deghositing and perceptual patterns. A trainable version of the most
diffuse visual metrics is used as a strong baseline for comparing the results. A CNN-based statistical

model is created to support our research hypothesis:

[H3.1] A statistical loss function applied to a CNN-based model improves the accuracy in
visible differences detection task.

The model is based on a statistical process that keeps in consideration the probability of attending
the artefact, the probability of detecting the artefact, and the probability of making a mistake in one of
these two stages. The achieved loss function is used to train a two branch CNN-based model that takes
as input the reference image and the distorted one. Using classic loss functions such as mean square
error does not consider essential aspects of the process of detecting the artefact, such as the separation
between the searching component. This component can affect the difference map creation, achieving a

magnification of the marked map as a result.

[H3.2] A fully convoluted model boosts its accuracy in predicting visible artefacts using a
training set that includes an extensive collection of annotated distortions in computer graphic.

The overfitting issue is managed in two different ways. Firstly, by augmenting the data with
rotated and flipped images. Secondly, by reducing the parameters of our model by converting the
architecture to a fully convoluted network that makes use of residuals coming from the previous layers.
The FR predictor is then compared with the state-of-the-art metrics empowered with a trainable process.
The achieved visible maps are more accurate and outperform classic and well-known algorithms that
are used to rank similarities between images. This CNN model anyway is not able to predict distortions
that are not inserted in the original dataset. Therefore, a fine-tuning procedure is defined for extending

the image collection, and the training in case of new artefacts need to be detected.
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6.2 Future Work

This thesis has already identified, throughout its contributions chapters, specific high-level indications
for future works and research. We summarise them in two different categories that map the main
arguments treated in this work; advanced sketch interaction (Section 6.2.1) and visual perception

(Section 6.2.3).

6.2.1 Advanced sketch interaction

This thesis showed an advanced sketch-based interaction where the user depicts an item with a set of
strokes. He/she confers a 3D shape and colours to it to retrieve the correct object with fine-grained
features from a large collection. We decided to restrict the number of possible functionalities: sketching
is the predominant interaction, colours can be selected by a palette, undo function is implemented
to remove strokes. We did not implement a sketch erasing tool, or a “fill space” functionality. This
strategy forced the user to spend most of the time in sketching without exploring the interface to search
for shortcuts. It is easy to imagine using gesture recognition for object type identification (table, lamp,
etc.), avoiding NLP or text selection. Alternatively, familiar tools from photo editing e. g., brushing
aid in depicting large region colour or fill-bucket tool to specify the texture of a region (an element
not easily represented). A more sophisticated system equipped with such complementary interactions
could be developed for more complex tasks. Indeed, while our implementation allows us to perform
controlled user studies about how users sketch within a virtual reality, there are many applications in
fields that require real-world interaction. Creative industries are rapidly moving to produce contents
for virtual and augmented reality devices. By adaptations to this method, we could see applications
within film & TV for set design, game design, or architecture for model creation.

Recent developments in sketch-based interaction show that there is interest in assisted drawing
system, such as ShadowDraw [53]. Relevance feedback has been shown to be beneficial [203, 204]
as it generates a response for each new stroke and guides the user more quickly to the right query. A
possible follow-up of our study is to adjust the current system to provide user-independent real-time
feedback that superimposes the best model automatically according to the current version of the sketch.
Relevance feedback requires a faster response from the system. The user would not trigger the search or
wait for the termination of the sketch. It would allow the user to navigate the database more accurately

and shows potential diversion from the road toward the solution.
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6.2.2 Sketch and voice interaction

In Section 4.5.1.1, we described different approaches to a possible sketch and vocal pipeline that starts
with the verbal description of an object and terminates with the presentation of a subset of potential
targets from a database. We selected a semi-automatic pipeline delegating the experimenter the tasks of
speaker recognition, speech recognition, NLP, and an automatic process to generate the descriptor and
models selection. Our choice was motivated mainly by the low accuracy achieved by some untrained
speech recognition services, that tamper the entire pipeline on early stage. This lack of precision is also
caused by the quality of the Oculus Rift microphone that impacts the result of dictation software. A
possible follow up of our research is the implementation of a fully automatic speech pipeline. Having
a real-time and accurate pipeline is a challenging task. Both these features deteriorate rapidly if only
one stage of the pipeline underperforms. While latency introduced by one stage accumulates and
affects only the final time, loss of accuracy directly impacts the input of the next stage and undermines
the entire pipeline. A streaming pipeline version with a temporal window of interest can mitigate
a low accuracy issue, excluding that event after a few seconds. Moreover, such streaming pipeline
alleviates the real-time issue, achieving results continuously instead of waiting for the sentence’s end.
However, different stages need to be fine-tuned to achieve a reliable pipeline. For example, speech
recognition accuracy can be improved considerably with a training session where the user provides
labelled samples of vocal records. In addition, in the environment, only the speaker voice should
be present. The audio-to-text conversion stages are tokenisation, text cleaning, lemmatisation, and
stemming which are common functions of the NLP libraries. They perform fast and accurate. Also,
text classification can be provided by Transformer models (described in 4.5.1.1) which are state of the
art at the moment of NLP models.

Our experiment explored the possibility to fuse sketch and speech as descriptive methods while
incorporated in the system loop. Despite concerning two different forms of expressions (visual and
vocal), we formalised queries as a sequence of analogous steps and uniformed the results. This
approach allows us to abstract query objects, process their results independently from their source, and
concatenate them in a content creation pipeline. Moreover, this generalisation can be extended to other

input forms (such as gestures) depicting a multi-query workflow.

6.2.3 Visual metrics
Visual metrics play a significant role in assessing images to implement rendering algorithms. In this
thesis, we explored how our data-driven visual difference predictor improves the current state of the art

of visual metrics. Despite the excellent results in terms of accuracy, some aspects of the model can be
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improved. Firstly, the method to collect human markings is time-consuming and laborious for the user.
Providing a fast way to produce a training set is a contribution that we address in a recent study [205],
but it could be further improved. In this case, the training set is generated with a user test that does not
require a demanding human marking but an affordable selection between different images. Secondly,
the model that splits input in patches to predict local markings of an image is not compatible with
real-time requirements. An interesting development would be a real-time version of the model with the
possibility of embedding the predictor in a game engine. With a real-time predictor, another attractive
idea is to apply such a model in a VR/AR device to detect, for example, the highest downsampling
factor that can be applied to a texture that does not produce any perceptible distortion. Finally, another
interesting direction for research would be to extend the model to treat also a continuous range of

values for display parameters such as peak brightness, or contrast or viewing distance.
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