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Abstract

For a long time, the main technique for executing a command has been point and
click. However, due to the increasing need to execute commands quickly, shortcuts are
becoming more and more popular, as is the case with point and click. Many studies have
improved the shortcut system by developing 2D shortcuts. Unfortunately, keyboard
shortcuts and 2D shortcuts involve a one-to-one gesture-command mapping. This leads
to many memorability problems which are mainly because it is necessary to assign
a new gesture to each new command and also, after a certain number of shortcuts,
some gestures become more and more abstract. To address this issue, we decided to
explore the concept of combining 2D gestures when interacting in smart environments.
To achieve this, we have created an application allowing to realize shortcuts using
macro-commands or a combination of 2D gestures which are congruent and hierarchic.
This application will aim to visualize interactions with connected objects in a smart
environment named EMERITI. To better understand the EMERITI environment, we will
detail its grammatical structure, its functioning, and its advantages.
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Chapter 1

Introduction

1.1 Context of The Problem

Nowadays, there are two main ways to invoke a command in a graphical user interface:
(1) point and click the label in a menu or its icon; (2) activate a keyboard shortcut [1].
The technique mostly used nowadays is the point and click. Although this technique is
easy to use and intuitive, it makes the realization of tasks much slower than the use
of shortcuts. Moreover, the use of devices such as a computer has become something
indispensable in everyday life. As a result, the use of keyboard shortcuts has become a
way to make our various tasks faster.

Unfortunately, the classic use of keyboard shortcuts also reaches its limits in many
situations. Indeed, studies show that users have some difficulty in making the transition
from menu selection to keyboard shortcuts [2]. Moreover, for each command we want to
execute, we have to execute a specific shortcut. From this fact we can easily deduce that it
is difficult to remember all the possible shortcuts in case there are many commands with
keyboard shortcuts. The reason is that once you have a certain number of commands,
it is difficult to remember them all and the shortcuts become more and more abstract
[1, 3]. Indeed, having a unique shortcut for each command leads designers to have to
invent shortcuts that become less and less intuitive.

To improve the various shortcomings of keyboard shortcuts, many studies have
investigated the use of stroke gestures as shortcuts to menu selection. Indeed, stroke
shortcuts have been shown to improve recall by making shortcuts as analogous or
mnemonic to the command name or meaning as possible [1]. However, despite these
advantages, there was still a problem concerning the number of shortcuts (keyboard
or stroke) to be memorized. A large number of shortcuts to be created made some
shortcuts abstract and therefore difficult to remember [3].

Following this problem, we decided to explore the concept of combining 2D gestures
allowing us to create hierarchical gestures. The advantage of hierarchical gestures is
that users can create sets of gestures with fully optimized combinations to reuse the
gestures. The combination of gestures, therefore, improves recall capacity compared to
single gestures. Moreover, gesture combinations are often preferred to single gestures
when they have an abstract [4] gesture-command correspondence [3].
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To implement our research work, we have created an application that uses a smart
environment called EMERITI (EnvironMent gEstuRe InTo Instruction). The objective
behind this application is to be able to demonstrate the advantage of the combination of
2D gestures with simple gestures, whether it is in terms of memorization capacity, ease
of use, or speed of execution of the various commands.

1.2 Mission statement

1.2.1 Statement

The central purpose of our dissertation is to create an application allowing to realize
shortcuts using macro instructions or a combination of gestures that are congruent and
hierarchic to interact with connected devices. This application allows us to explore the
concept of combining 2D gestures when interacting in smart environments.

1.2.2 Working Hypotheses

During this thesis, we assume the following working hypothesis:

1. Some subjects being not of our competence, we made the hypothesis that we
should not solve the problems concerning recognition. Indeed, our work does not
have to deal with the accuracy of the recognizer since it is not in the scope of our
thesis.
It can happen that the gesture realized by the user is not correctly recognized. This
could be a problem and that is why we make the assumption that the recognition
of gestures is perfect.

2. It is not in the objective of our thesis to have an application that aims at the
perfection of the usability criterion.

1.3 Overview of the Thesis

To achieve the central objective assigned to this thesis, the manuscript is structured as
follows.

In chapter 2, we will discuss all the related work that allowed us to do our work by
explaining the use of stroke gestures as shortcuts for menu selection, exploring the design
of 3D gestures combination in a smart environment, explaining what congruent gestures
are, the choice of our recognizer, explaining the operation and use of QuantumLeap and
finally, discuss about ’Address and command’.

In chapter 3, we will explain our work. First, we will explain the general format of
our grammar to handle hierarchical and congruent gestures. After that, we performed
an exploratory analysis in order to explain, through a scenario, the objective that we
would like to achieve with EMERITI.
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In chapter 4, we will talk about the process to arrive at the final result of EMERITI
(our smart environment developed in our application) while talking about the problems
encountered and their resolutions. Finally, we will present the final version of our work
with the help of sequence diagrams, architecture diagrams, and a user manual.

Finally, chapter 5 overviews the contributions of this thesis and suggests some future
avenues to this work, given its existing shortcomings.



Chapter 2

Related Work

After talking about "Using Strokes as Command Shortcuts" in section 2.1, we will present
the article on gesture combination 2.2.
In section 2.3, we will talk about congruent gestures followed by an explanation of the
existing recognizer 2.4.
After that, we will talk about the framework we used to create EMERITI which is
QuantumLeap 2.5.
In the end, we will talk about Address and command which is a similar work compared
to EMERITI.

2.1 Using Strokes as Command Shortcuts: Cognitive Ben-
efits and Toolkit Support

2.1.1 Introduction

This paper [1] investigates using stroke gestures as shortcuts to menu selection. The
reason is that traditional keyboard shortcuts quickly reach their limits in many situ-
ations. First, studies show that users have more difficulty in making the transition
from menu selection to keyboard shortcuts [5]. Second, the use of shortcuts from
traditional keyboards is very restrictive for many devices such as smartphones and pen-
based Tablet PCs. These different devices require manipulation of the screen by the users.

To use shortcuts based on stroke gestures, they experimentally measured the perfor-
mance and ease of learning of stroke shortcuts in comparison to keyboard shortcuts
when there is no mnemonic link between the shortcut and the command (see related
work on icons [6]). While both types of shortcuts had the same level of performance
with enough practice, stroke shortcuts had substantial cognitive advantages in learning
and recalling. With the same amount of practice, users could successfully recall more
shortcuts and make fewer errors with stroke shortcuts than with keyboard shortcuts. The
second half of the paper focuses on UI development support and articulates guidelines
for toolkits to implement stroke shortcuts in a wide range of software applications.

Indeed, they formulate and investigate the following hypothesis: stroke shortcuts
may have a cognitive advantage in that they are easier to memorize than keyboard
shortcuts.
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2.1.2 Hypothesis

As mentioned in the introduction, they hypothesize that an arbitrary association between
a command and a shortcut is more learnable when this shortcut is a stroke rather than a
combination of keys. This hypothesis is based on two arguments, one in favor of strokes
and one against key combinations:

• Based on several articles, it has been postulated that strokes (also known as gestures
or marks) have multiple advantages including being iconic [7]. Nowadays, many
contemporary software applications use icons. As a result, it can be deduced that
many users are able to establish arbitrary correspondences between commands
and icons. For example, a compass icon is used for launching the Safari browser, a
curved arrow is for reversing the last action (undo), and a floppy disk, now an
obsolete concept is used as an icon for saving the current file on the hard drive.

From a theoretical perspective, research supports that the spatial and iconic infor-
mation of a stroke allows for the better association of the stroke and corresponding
commands thus promoting memory. Indeed, human memory suggests that deeper
or more levels of encoding and processing promote memory [8].

• Letters are special symbols that are strongly linked to the words they are related
to. Therefore, it is very difficult to associate a letter with a command that does not
begin with that same letter (such as Ctrl+V to paste).

2.1.3 Experimentation and Results

In order to highlight the advantage of shortcuts using strokes than keyboard shortcuts
or via the selection menu, experimentation has been conducted. The experimentation
is divided into three phases [9]. First, a command stimulus appears as an icon on the
screen. The participant must click on the icon to make it semi-transparent. Once this
step is done, the participant has the option to perform the command using either the
menu or a stroke shortcut.

To establish analyses, the authors of the article used three measures:

• Time: the total time interval (in ms) between the presentation of the command
icon and the correct execution of the command. The total time includes the recall
time and the execution.

• Errors: the number of times the participant makes a mistake before executing the
correct shortcut.

• Recall: a binary value that is equal to 1 when the user is able to execute the correct
gesture without error and without the help of the recall menu, 0 otherwise.

Based on the results of the experiment, it was found that participants switched
from menu selection to stroke shortcuts more often or earlier than keyboard shortcuts
[2]. In order to compare the learning speed of each type of shortcut (stroke or key-
board), graphs were made measuring the average time and recall performance as a
function of the number of times an item was tested since the beginning of the experiment.

The results obtained confirmed the hypotheses (Figure 2.1), namely:
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• The time required to perform the command decreased more rapidly with stroke
shortcuts than with keyboard shortcuts.

• The precision following a recall increased more rapidly with the stroke shortcuts
than with the keyboard shortcuts.

• The number of errors following the execution of a command is much lower with
stroke shortcuts than with keyboard shortcuts.

Figure 2.1: Time, Recall, and Error by Shortcut x Frequency.
Source: Figure taken from [1].

It should be noted, however, that the difference in performance between the two
types of shortcuts is essentially cognitive (learning and recall of shortcuts). Conse-
quently, when a user performs a large number of repetitions (around 25), the difference in
time and recall between the two types of shortcuts becomes indistinguishable (Figure 2.2).

Figure 2.2: Time and Recall performance according to the number of times a command
has been seen.

Source: Figure taken from [1].

On the second day of testing, the main objective was to evaluate the memory retention
of the learned shortcuts by the users and thus find out which type of shortcuts they
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preferred. Thus, based on the data collected, they were able to show the percentage
of use of each individual participant for each technique (Keyboard, Line, and Menu).
On average, stroke shortcuts are used much more than keyboard and menu shortcuts
(77.7% stroke, 20.3% keyboard, and 2% menu) (Figure 2.3).

Figure 2.3: Percentage of use of each technique in retest on the second day (by the
participant)

Source: Figure taken from [1]

In summary, although the aim of the experiment is not to compete with or replace
menu selection or keyboard shortcuts, the experiment clearly shows that stroke shortcuts
can be as effective or more advantageous than keyboard shortcuts. After sufficient
practice, the total command execution times were indistinguishable between the different
shortcuts. However, with the same amount of practice, participants tended to remember
more gestures (about 3 times more), to remember gestures more easily and quickly, and
finally, to make fewer errors with stroke shortcuts than with other shortcuts.

2.1.4 Usefulness for our Work

Based on this article, we can establish a solid foundation for the usefulness of our project.
Indeed, as we discussed earlier, our work aims to facilitate the use, memorization, and
creation of shortcuts. Therefore, this paper supports our idea that memorizing and
executing stroke shortcuts is more efficient than keyboard shortcuts.

However, despite the fact that the experiment allows users to replace keyboard
shortcuts with stroke shortcuts, there is still an important problem with memorizing
each command. Indeed, for each command, a unique gesture is associated with it, thus
causing a large number of gestures to be memorized. Although this is a big step in the
use of shortcuts, our work aims to facilitate this principle by allowing users to execute a
command by performing a set of gestures (section 2.3).
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2.2 On Gesture Combination: An Exploration of a Solu-
tion to Augment Gesture Interaction

2.2.1 Introduction

The current gesture interaction paradigm mainly involves a one-to-one gesture-command
mapping. This means that for each command we wish to record, it is necessary to
associate it with a new gesture. Just like keyboard shortcuts, this leads to memory
problems concerning (1) the mapping - as each new command requires a new gesture,
and (2) the specificities of the gestures - which can be complex to take advantage of the
recognition of several gestures.

In order to address this issue, this paper [3] explores the design of 3D gesture
combinations in a smart environment such as EMERITI. Based on three user studies,
several results were found. The first study reveals that end-users can create gesture sets
with combinations fully optimized to reuse gestures. The second study demonstrates
that gesture combinations can improve recall compared to single gestures. The third
study shows a preference for combined gestures when single gestures have an abstract
gesture-command mapping.

Following the use of mid-air hand gestures being more and more interesting, a huge
gain of interest was born towards the interaction with augmented physical appliances
[10, 11, 12]. Indeed, the ability to control objects at a distance has led researchers to
propose solutions to improve gesture recognition [13, 14], gesture registration [15],
gesture set designs [16, 17], gesture guidance [18, 19] or toward easing the deployment
[20] and the adoption [21] of gesture interaction to name a few.

Previous studies involved mainly actions performed by one hand, or sometimes
coordination between the two hands to perform a single gesture-command mapping.

This paper proposes to expand the investigation of 3D mid-air gesture combinations
[22]. The idea would be to execute a first gesture - a signifier gesture - representing for
example a context (e.g., ’Light’) while a second gesture - an operator gesture - could
trigger a command (e.g., ’Switch on’) (Figure 2.4).

The main benefit of this practice was in the re-usability of gesture definitions. Thus,
a user who would select an action such as ’increase/decrease’, could apply it to the
brightness of the lamps, the volume of the sound, the temperature, etc. In this way,
the gesture combination can easily extend a set of commands without increasing the
number of gestures to memorize.

Another goal of the study is to demonstrate the interest in gesture combination
towards single gestures and single abstract gestures (Figure 2.5). The interest behind
including abstract gestures among single gestures is to observe the behavior of users
with respect to these gestures. In this way, if we notice that abstract gestures are more
difficult to memorize and execute, we could deduce that combined gestures would be a
possible solution to this problem. Indeed, since we would limit the number of gestures
to remember, these gestures would have meaning with respect to the actions to which
they are linked and would limit the errors of execution and memorization.
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Figure 2.4: Gesture set while combining
gestures. Gestures are depicted with

rows showing the signifiers and
columns showing the operators.
Source: Figure taken from [3]

Figure 2.5: Gestures set with single
gestures. We distinguish between

abstract (light orange background) and
non-abstract (dark purple background)

gestures. Note that the two-handed
gesture used for "Display On/Off" is a

single gesture-command mapping.
Source: Figure taken from [3]

2.2.2 Smart Environment

Gestural interaction with smart environments [10, 11, 23] mainly requires dynamic
semaphoric gestures [24, 25]. Semaphore gestures are used to define a specific vocabu-
lary to trigger discrete commands. For example, in order to trigger the "Save" command,
the user can draw a circle in the air [11].

Among the different devices that can be part of a smart environment, the television
has been used in several studies [26, 11, 27]. Indeed, gesture interaction has the potential
to be a good complement or to completely replace the classical remote control. Moreover,
the television is a device allowing several functionalities (brightness, volume, channel,
etc.) and several commands (up, next, play, etc.). All these characteristics make the
television a good candidate to explore interaction paradigms such as speech recognition
[28] or freehand gesture interaction [29, 16, 30, 23, 27].

Most of the previous work reports the use of one-to-one gesture/command mappings.
This means that to execute a command, a new unique gesture must be invented by the
designers. For example, even though 2 commands may intuitively share similar gesture
preferences such as raising the hand for "Increase volume" and "Increase brightness",
designers must create different gestures for each command. And in order to avoid the
user having to remember all the gestures assigned to each command, this study aims to
explore the possibilities offered by the combination of gestures.
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2.2.3 Gestures Combination

The combination of gestures allows the different available commands to be divided into
hierarchical sets [31, 32, 33, 22].

For example, instead of having to remember 36 gestures where each one performs a
command, users could perform a gesture to select one of 6 commands in the first level
and the same in the second level. This would allow remembering 12 gestures instead
of 36. Hierarchies also allow gestures to be reused since a context is specified in the
definition of the hierarchy. For example, with the hierarchical marking menu, one could
very well perform a left stroke and it would mean different things depending on the
levels previously selected [33]. Moreover, hierarchical structures can improve learning
ability [22].

Indeed, in the case of selecting a device, a common gesture to turn it on could be
executed and thus, limit the number of gestures to remember and allow to remember it
more easily since it would be more intuitive.

However, few works have been interested in the subject of gesture combination, and
have mainly focused on sequential gesture combinations, in 2D [33, 22, 34, 35] or in 3D
[31, 32]. Thus, the objective of this study is to extend the concept of sequential gestures
(i.e., "the chaining of primitives" [22]) to the broader notion of gesture combination.

2.2.4 The Procedure of the Experimentation

In order to demonstrate the interest in the combination of gestures, experimentation
in several stages was carried out. The experimentation takes place in several steps.
First, the participant sits in front of a Smart TV and is presented with the two gesture
sets (single gestures and gesture combinations) and their design rationales. Once the
participants have taken the time to memorize the different gesture sets, the experimenter
reads a sequence of scenarios (e.g., "Your friend is calling you, please input the com-
mand ’Sound off’.") and the participants have to execute the command related to the
scenario. When the participant performs a correct gesture, the corresponding command
is displayed on the TV screen. In case of an error, a sound signal was emitted. This
whole process is carried out on the two gesture sets.

After getting familiar with the two gesture sets, the experimenter asks the participants
to perform the same tasks as before but this time the participants are free to choose
either single gestures or a combination of gestures.

2.2.5 Result of the Experimentation and Conclusion

The results show that based on the three types of gestures (combination, single abstract,
and single non-abstract), there was a significant difference in recall rate between the
gesture combinations and the single abstract gestures, but not between the other pairs.
Therefore, combining gestures is a viable solution to prevent designing too many single
gestures, potentially leading to abstract gestures. Indeed, the day after the experiment,
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the average recall rate was 98% for the single non-abstract gestures and 69% for the
abstract ones.

As expected, abstract single gestures have a negative impact on memorability. Par-
ticipants struggled to remember the mapping of abstract gestures. Moreover, this
experiment involves only 5 abstract gestures out of 12. We could therefore expect that
users would have even more difficulty if they were to add new gestures. As a result, the
study also showed that users’ preferences go toward gesture combinations when the
single gesture counterparts are abstract.

Finally, the results show that end-users mostly focus on temporal aspects of the
combination and manage to optimize the reuse of gestures.

2.2.6 Common Point with our Project

As you may have noticed, the problem at the origin of this study as well as the solutions
developed are partially identical to ours. Indeed, this problem is that as the number of
objects and their interactive functionalities increase, it becomes difficult to define new
gestures without including memorability issues.

To address this issue, they will develop the concept of gesture combination in 3D
and, in order to use it to control augmented home appliances in smart environments. In
our case, we also have a smart environment (EMERITI) where we can control connected
devices, but we have opted for the execution of gesture combinations in 2D.

Despite the fact that we execute gesture combinations, the way of combining them
is totally different. In the case of this study, the principle is to execute the command
by performing gestures with both hands. The non-dominant hand for the "signifier"
gestures and the dominant hand for the "operator" gestures. In our case, we propose to
the users execute their 2D gestures one after the other.

2.3 Congruent Gestures

First of all, you need to know that there are two basic types of gestures to understand
what congruent gestures are.

2.3.1 Unistrokes Gesture

The first is a unistroke gesture, i.e. a set of x and y points created in a single stroke with
a stylus, a finger, or a computer mouse on a surface. The sample points draw the shape
of the gesture which is also called a stroke. This can represent characters, symbols, or
commands. You can see some examples in figure 2.6.
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Figure 2.6: Some examples of unistrokes gesture.
Source: Figure taken from [36].

2.3.2 Multistroke Gesture

The second is the multistroke gesture. This gesture is composed of multiple unistrokes
which means that we have to realize more than one stroke. You can see some examples
of multistrokes gestures in figure 2.7.

Figure 2.7: Some examples of multistrokes gesture.
Figure taken from [37].

2.3.3 Problem

Once we understand what are strokes gestures [38], we need to understand the problem
that can arise if we use only one gesture to carry out a command in a menu or in an
application. Indeed, assigning a 2D gesture to commands is an attractive interaction
technique. However, when the set of commands or menu items subject to this assign-
ment increases in size, these advantages tend to be reduced.

Indeed, it was shown in the article [39] that during the gesture elicitation phase,
participants run out of imagination and creativity as the number of gestures produced
increases. After a while, they can no longer find an appropriate gesture to correctly es-
tablish an assignment. They fall back on previously known gestures or create unnatural
or unnecessarily complex gestures just to complete the process.

This is why we will distinguish these gestures as non-congruent and non-hierarchical.

2.3.4 Non-congruent and Non-hierarchical Gestures

Non-congruent means that related commands do not necessarily produce related ges-
tures. For example, when 2 commands are opposite or symmetrical such as "Turn on
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the TV" and "Turn off the TV", participants tend to propose unrelated gestures such
as "Draw a circle" and "Draw a cross". If it was congruent, the 2 gestures would be a
"Draw a circle in the clockwise direction" and "Draw a circle counter-clockwise direction"

Non-hierarchical means assigning a gesture to a sentence instead of assigning every
single action in the sentence to gestures. Because a single gesture will be assigned for
each individual command, resulting in a very large gesture vocabulary that no longer
offers the desired benefits. As you can see in figure 3.9, an example of a non-hierarchical
gesture is that we just have a "Circle" to represent "Turn TV on". Whereas if it had been
hierarchical, we would have had 2 or 3 gestures. "Circle" represents "Turn", "Rectangle"
which is for TV, and "V" for "on".

Finally, using two elicitation studies, the paper found a highly significant difference
between non-congruent and non-hierarchical gestures proposed for the first set of refer-
ents and congruent and hierarchical gestures proposed for the second set of referents.
In fact, the average agreement rate increased by 30%, suggesting that participants
found agreement more easily and frequently when the gestures were congruent and
hierarchical than with non-congruent and non-hierarchical gestures.

Therefore, in our application, we have used the results of this article [39] to implement
a way to achieve congruent and hierarchical gestures. More details are given in Chapter
3.
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2.4 Recognizers

One of the most important steps in projects based on gesture recognition is the develop-
ment or use of a recognizer. Indeed, to be able to recognize the gestures that the user
makes, it is important to choose a good recognizer. There are many different types of
recognizers, each with its own specificity. There are many 2D recognizers such as R, $1,
$N, $P, $P+, $Q, µV, etc. But there are also many 3D recognizers such as $P3, $P3+, $Q3,
Rubine-Sheng, Jackknife, etc.

In order to determine the most efficient and relevant recognizer for our use, it is
essential to define the preferred fields of application of these different recognizers.
Indeed, some tools are more relevant for 2D recognition than 3D and vice versa, but
above all, they have certain criteria that define their mode of use and the gestures they
are likely to recognize best.

2.4.1 Paradigms

To characterize flat stroke gestures, it is essential to understand the Rotation-Scaling-
Translation (RST) paradigm [40]. From two (or more) reference points captured,
meaningful gesture parameters, also called features, are computed to establish rotation
(relying on angular data), scaling (based on length ratio), and translation (linked to
the barycenter of the translation). These three fundamental operations can be effec-
tively performed on any stroke gesture. To obtain a recognizer that is as polyvalent
and insensitive as possible to gesture variations, it is important that it be invariant
to these operations (rotation, scaling, and translation). Finally, there is also the last
invariance which is the articulation-invariance. The articulation-invariance for short,
accommodates gesture variations in terms of how strokes are produced in time, how
many (unistroke vs. multistroke), and in which direction [41, 42].

Figure 2.8: Stroke gestures can be articulated in multiple ways owed to the order,
number, and direction in which the strokes can be drawn (Articulation-invariance).
Stroke gestures can be performed at different rotations, scales, and/or translations

(RST-invariance); hence the need for an ARST-invariant multistroke recognizer.
Source: Taken from [42].

2.4.2 2D Recognizers

To determine the most efficient 2D recognizer for our project, we based ourselves
on several studies comparing numerous recognizers. Among the large families of
recognizers, we have the $-family.
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$1 and $N Recognizers

This family has many efficient recognizers such as $1 [43] and $N [44] but each one has
its limitation. In the case of the $1 algorithm, it satisfies RST-invariance for unistroke
gestures. As for the $N algorithm, it satisfies articulation-invariance.
In this way, the $N algorithm can accurately classify multistrokes gestures, the order,
the number, and direction in which the strokes are produced can be ignored [43].
This improvement thus allows multistrokes to be treated as unistrokes by connecting
individual strokes "in the air".

However, as the order and direction of strokes may differ between users drawing the
same symbol, $N must generate all possible permutations of a multistroke gesture. This
problem causes an explosion in both memory and execution time. As a result, one can
end up with a symbol comprising 9 strokes, which means that the system must represent
9!x29 = 185, 794, 560 permutations [45]. This extremely high number is a challenge for
modern desktop computers, let alone mobile platforms. Although $N uses runtime
optimizations that reduce the number of comparisons with stored permutations, the
cost of storing these permutations is currently its main limiting factor.

$P, $P+ and $Q recognizers

Following extensive research, new recognizers have been developed to overcome the
problems encountered. Among the new recognizers, we find $P [46], $P+ [47] and $Q
[48]. These algorithms implement cloud matching to fasten the classification of multi-
strokes, they consider gestures as unordered sets of points. These quick, highly accurate
recognizers have dropped support for rotation invariance as it requires comparing two
gestures at different angular adjustments, which is a resource- and time-consuming task
[42].

These recognizers, therefore, extend the $-family with fast, accurate, and low-cost
recognizers for rapid interface prototyping. Indeed, $-family has initiated several
applications and recognizers [49, 50, 51, 52, 53, 54, 55]. The performance of these new
algorithms is similar to that of the $1 recognizer for single strokes and better than that
of the $N recognizer for multiple strokes, making them much better successors [45].
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Figure 2.9: Decision table for UI prototypers, designers, and researchers. The
recognizers are highlighted in red when they require training with user-dependent
samples, in green when they proved accurate when trained with user-independent

samples, and in blue when the designer must input the formal definition of all gesture
classes instead of providing samples.

Source: Taken from [56]

µV recognizer

Among the latest recognizers developed, there is one that we also found relevant and
extremely effective, namely µV. µV is a multistroke gesture recognizer that addresses
the properties of articulation, rotation, scaling, and translation invariance by combining
$P+’s cloud-matching for articulation invariance with !FTL’s local shape distance for
RST-invariance. The advantage of the recognizer µV is that it is significantly more
accurate than its predecessors when rotation invariance is required and not significantly
inferior when it is not. µV is also significantly faster than others with many samples
and not significantly slower with few samples [42].

Due to its very interesting qualities (speed, reliability, flexibility, accuracy), we
consider that it would have been a very good recognizer for our project. Unfortunately,
since we learned about this recognizer late, we did not have the time to test it in our
project, which would have allowed for greater accuracy when using our application
on portable hardware such as smartphones or tablets. The reason for this is that on
handheld devices, users may be prone to drawing gestures with different rotations.
Therefore, we focused on the recognizer that we considered to be the most relevant
based on all the information we acquired, namely $P+.
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Figure 2.10: Recognition accuracy rates (user-independent) for gestures articulated by
people with low vision: (a) direct comparison between $P+ and $P; (b) combined effect
of the number of training participants P and the number of training samples per gesture
type T on the recognition accuracy of $P+; (c) gain in recognition accuracy enabled by

$P+ over the other gesture dissimilarity measures.
Source: Taken from [42].

2.4.3 Overview of the $P+ Algorithm

Since $P+ is the recognizer that we consider to be the most relevant for our project, an
explanation of its operation is considered appropriate.

Figure 2.11: Gesture articulations produced by people with low vision present more
variation than gestures produced by people without visual impairments, which

negatively affects recognizers’ accuracy rates.
Source: Taken from [57]

The $P+ Point-Cloud Recognizer is a 2-D gesture recognizer designed for rapid
prototyping of gesture-based user interfaces, especially for people with low vision.
Indeed, the recognition accuracy of gesture recognizers based on the Nearest-Neighbor
approach for gestures produced by people with low vision, we find that there is an error
rate of 22.5%. By carefully analyzing the gesture articulations, several observations led
to significant algorithmic improvements to the basic design of the $P gesture recognizer.
As a result of these modifications, the new recognizer iteration, $P+, increased accuracy
for gestures produced by people with low vision up to 98.2% (error rate 1.8%) [57].

$P+ improves the accuracy of the $P Point-Cloud Recognizer and was, as explained
previously, developed by carefully studying the stroke-gesture performance of people
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with low vision, which generated insights for how to improve $P for all users.

Figure 2.12: Point matchings produced by $P (left) and $P+ (right) for two “star”
gestures produced by a participant with low vision. Note how the one-to-many
matchings of $P+ help reduce undesirable point matchings of $P (see the long

connecting lines in the figure on the left).
Source: Taken from [57]

This recognizer allows the use of multistrokes and preserves the properties of $P,
such as scale, translation, and joint invariance. Moreover, the matching of the $P+
clouds is faster than its predecessor, which allows to obtain a time complexity in O(N2)
instead of O(N2,5) with N resampling points [56].

Figure 2.13: Three-step preprocessing applied by the $P+ recognizer on a rectangle.
Source: Taken from [56]

To determine the template that is closest to the gesture being performed, it is necessary
to compute its between-points Euclidean distance. To do this, $P+ pre-processes the
templates and any candidate to “normalize” them in terms of sampling, scaling, and
translation:

1. The gestures are resampled to a fixed number of equidistant points to avoid any
variation in sampling due to the hardware and software.

2. The resampled points are non-uniformly scaled to remain insensitive to scaling.

3. Finally, points are translated so that their centroid is at the origin (0, 0) to remain
invariant to translation.

$P+ computes the Euclidean distance of a candidate point Ci and a template point T j

along with their difference in turning angles (Ci.θ − T j.θ).
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||Ci − T j|| =
√

(Ci.x − T j.x)2 + (Ci.y − T j.y)2 + (Ci.θ − T j.θ)2

The sum of these distances determines the dissimilarity score from the candidate
cloud to the template cloud. This calculation is performed in both directions: from the
candidate cloud to the template cloud, and from the template cloud to the candidate
cloud. The minimal score of both directions is considered as the similarity score of the
two gestures [42].

Finally, after testing the new $P+ algorithm with a new dataset acquired from visually
impaired subjects and subjects without visual impairments, the results show that $P+
has a 94.7% recognition rate for visually impaired users in a user-independent scenario.
Even for non-visually impaired users, $P+ proved to be more accurate than $P (98.3%
vs. 95.6%). In terms of execution time, $P+ was 3 times faster than the original $P in the
same scenario [56].

2.4.4 Selecting a 3D Recognizer

Our initial project is mainly based on 2D gestures. However, we also created this project
to be able to work with 3D gestures. Therefore, it is also important for us to determine
the most efficient 3D recognizer.

After some research, we were able to find several sources of information to answer
our question. Indeed, to evaluate the most relevant recognizer for 3D, we based our-
selves on an article whose goal is to recognize 3D gestures using 2D recognizers. Indeed,
the trajectories, with their coordinates (x, y, z), can be interpreted as three 2D stroke
gestures projected onto three planes, i.e. XY, YZ, and ZX, which makes them eligible for
2D stroke gesture recognition software.
To investigate whether these 3D trajectories can be effectively and efficiently recognized
by this recognition software, four 2D recognizers, namely $P, $P+, $Q, and Rubine,
will be extended to the third dimension: $P3, $P+3, $Q3, and Rubine-Sheng. Two new
variations are also introduced: $F for flexible cloud matching and FreeHandUni for
uni-path recognition. Rubine3D, another extension of Rubine for 3D that projects the 3D
gesture on three orthogonal planes, is also included. Following the selection of these 7
recognizers, the researchers were able to evaluate them in the traditional user-dependent
and user-independent procedures with 3D trajectories from six datasets to show the
efficiency of these recognizers depending on the conditions.

In summary, the results are unambiguous, $P+3 is more accurate than all other
recognizers with a very highly significant difference, the effect size ranging from none to
medium. $P+3 remains the most effective and efficient recognizer in terms of recognition
rate, loss, and execution time [49].
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2.5 QuantumLeap

2.5.1 Introduction

In the context of our thesis, we have based ourselves on the QuantumLeap [66] frame-
work to manage gesture recognition. This framework allowed us not to start from
scratch and this is why we will present this tool in this section.

QuantumLeap is a framework for engineering gestural user interfaces based on the
Leap Motion Controller.

2.5.2 Definition

The QuantumLeap pipeline software architecture can be parameterized to define a work-
flow among modules for acquiring gestures from the Leap Motion Controller, segmenting
them, recognizing them, and managing their mapping to the functions of the application.

2.5.3 QuantumLeap vs OpenNI

Compared to other existing applications such as OpenNI [58], QuantumLeap allows
certain flexibility thanks to its modules. Indeed, our application initially had to accept
2D but also 3D. Therefore, being able to choose from the different existing modules to
create our pipelines was more interesting. In addition, QuantumLeap allows us great
flexibility as we could bring in any sensor or recognizer without having to make many
changes.

Moreover, OpenNI was created based on the Kinect. As a result, doing the work in
2D seemed more complicated. Whereas QuantumLeap works with the Leap Motion
Controller, which is the most accurate and robust tool for mid-air gesture recognition in
3D today.

Finally, QuantumLeap allows the use of different recognizers. You just have to choose
the recognizer you want to use. This allows you to choose the best corrector for 2D but
also 3D. Contrary to OpenNI whose recognition is done on data based only on the Kinect.

So, we decided to choose QuantumLeap as it allowed more modularity in the choice
of module and recognizer. Moreover, the Leap Motion Controller implementation was
already in place.

2.5.4 The Leap Motion Controller

The Leap Motion Controller [59] is an optical hand tracking module that captures
the movements of your hands with unparalleled accuracy. It works with 2 cameras
and some infrared LEDs. This allows for a wide area of interaction. This area can
be represented as an inverted pyramid. Furthermore, the further away the hands are
from the device, the less accurate the detections will be, as the distance influences the
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accuracy. Then, once the Leap Motion Controller has detected the hands, it reads the
data from the sensor into its local memory and then sends all the required data via USB.

Moreover, in addition to its affordability and wide availability, the Leap Motion
Controller comes with an application programming interface (API) for acquiring raw
gesture data that will be transformed into meaningful gestures for the developer as well
as system-defined gestures.
However, when these system-defined gestures need to be modified or when new
gestures need to be incorporated, the corresponding code is no longer appropriate
and needs to be significantly updated. This leads to a significant programming effort
requiring a mastery of oriented programming and machine learning.
Today, no software engineering environment facilitates the development of gesture-
based user interfaces by offering certain independence from a Leap Motion Controller.

This is why QuantumLeap was created to fully deploy Leap Motion Controller-based
interactive applications.

2.5.5 Pipeline Architecture

In this section, we will talk about the architecture of the pipeline. QuantumLeap is
designed as an intermediate layer between gesture-based applications and Leap Motion
Controller. It allows developers to associate gestures with actions without focusing on
gesture acquisition, segmentation, and recognition. The QuantumLeap framework is
divided into frozen spots and hot spots. A frozen spot is a "fixed" part that remains
constant for all its instantiations, and a hot spot is a generic part that can be modified
according to the application. As you can see in figure 2.14, there are 8 hot spots or
modules:

• Sensor interface(s): It’s the interface between QuantumLeap and a sensor such as
Leap Motion Controller, Microsoft Kinect, etc. It transforms the raw, sensor-specific
data into a standardized format that can be used throughout the frame.

• Filter: Before a frame can be used by the other modules, filtering must take place
to deal with noise that can have a negative impact on the experience. This module
will therefore carefully filter each image to calculate a new image with reduced
noise while not creating a time lag.

• Static and Dynamic Datasets: These modules transform a gesture dataset into a
standardized format compatible with the framework. The datasets are then used
to train static and dynamic recognition.

• Static Recognizer: The purpose of this module is to calculate a confidence score
ranging from 0 to 1 to recognize static gestures in each image. A static gesture is
a particular configuration of the body, a part of the body, or a stroke at a given
moment in time. If the score of the gesture is below a certain threshold, the gesture
is rejected, whereas a score of 1 indicates that the gesture is fully identified.

• Dynamic Recognizer: The difference with the static recognizer is that the Dynamic
recognizer analyses image sequences rather than individual images. They are
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therefore only called when the segmenter detects an intentional gesture. In the
end, a confidence score is returned for each recognized gesture.

• Analyzer: These modules extract additional data from the sensor images, which
can then be used inside applications. They can be used to offload heavy computa-
tion from the front-end to the QuantumLeap pipeline, implement more advanced
feature extraction techniques that would otherwise clutter the front-end applica-
tion, or remove sensor-dependent code from the application.

• Segmenter: The segmenter analyses the images one by one until it identifies a
gesture. Once the gesture is recognized, it sends one or more lists of images back
to the dynamic gesture recognizer for recognition. The aim of this module is
therefore to identify intentional dynamic gestures from a data stream.

Figure 2.14: QuantumLeap Framework software architecture.
Source: Taken from [66].

2.5.6 UI

One of the advantages of QuantumLeap is its UI configuration which allows developers
to quickly adapt it to their needs. It is divided into a series of pages. An overview page
(Figure 2.15) that shows the complete architecture of the pipeline and allows navigation
to the page for each module, a page with the complete API documentation (Figure 2.17),
and pages dedicated to each module allowing the selection of a specific implementation
and configuration (Figure 2.16).
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Figure 2.15: Overview page.
Source: Taken from [66].

Figure 2.16: module page.
Source: Taken from [66].

Figure 2.17: API page.
Source: Taken from [66].

2.5.7 Limitations

Firstly, the document provided to introduce QuantumLeap does not have any documen-
tation for understanding how to configure the gesture recognition pipeline. Therefore,
even if the effort to develop a gesture-based application is limited, knowledge of the
modules is required to build an efficient pipeline.
In the case of our thesis, we encountered this problem. When we had to configure
our pipeline, we had difficulty in understanding and modifying the code due to its
complexity.

Secondly, although QuantumLeap advocates modularity, there is some rigidity
such as when adding new module types or changing their order in the pipeline. It is
difficult to perform such actions without modifying the framework source code. This
rigidity makes QuantumLeap more accessible to less experienced developers but may
prevent some developers from experimenting with more advanced gesture recognition
techniques. The configuration process becomes simpler with a rigid architecture because
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many choices are already made for the developer (for example, the order between the
different modules). All that remains afterward is to choose the type of each module
(which recognizer, which sensor, etc.). On the contrary, if the architecture was more
modular, for example, by letting the developers arrange the modules as they want, it
would be much more powerful. However, it would require more work and knowledge
to create a good pipeline, so it is less accessible.

Furthermore, the evaluation of QuantumLeap was based on two applications (DI-
COM and Large User Interface) which demonstrate that complex gesture interfaces can
be built in relatively few steps in two different contexts. However, these two examples
only cover a limited number of possible gesture applications including connected objects.

Finally, even though QuantumLeap allowed us to start our work by not having to
create the recognition part ourselves. It is implemented taking into account only the
Leap Motion Controller and therefore 3D. However, no functionality exists to allow the
use of 2D. Even if the recognizers used to allow to recognize 2D gestures for example $P+
(see section 2.4.3), no pipeline or sensor is planned for the recognition of 2D gestures.
So we decided to create our pipeline.

Concerning datasets, there is no way to create a dataset used to train our recognizers
other than by implementing it in the code. Indeed, the only way to add new gestures in
datasets was to create a JSON with the right format and to add it by hand in the code at
the right place. This is not very practical in the case of our application as we wanted to
allow users to be able to create their gestures.

We will discuss these limitations and how we dealt with these problems more in
detail in chapter 3.3.
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2.6 Address and Command

2.6.1 Definitions

In this section, we will discuss ’Address and command’ [60]. This is a model of mid-air
interactions using multiple remote devices, mid-air interaction being a distinct paradigm
from natural human-computer interaction where users apply non-contact gestures to
interact with distant displays or devices.
The A&C model requires users to use both hands. A&C only looks at the upper body.
The dominant hand performs commands (see figure 2.18) and the non-dominant hand
addresses a device (see figure 2.19). This allows for interactions that simultaneously
address and control multiple devices with the help of Kinect in ubiquitous environments
such as smart homes, which respond to mid-air inputs.

Figure 2.18: Commands and the corresponding gestures performed with the dominant
hand.

Source: Taken from [60].

Figure 2.19: Commands and the corresponding gestures performed with the dominant
hand.

Source: Taken from [60].

The A&C design follows five principles:

1. An address gesture is applied with the non-dominant hand (the left for most
people).

2. Address gestures are unique for each device (target). All of them are static
(postures).

3. While a device is addressed, a command gesture can be applied to that device.

4. Command gesture is applied with the dominant hand.
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5. Command gestures are consistent among devices.

These A&C interactions allow the design of a single gesture for the same command
when applicable to multiple devices. This reduces the total number of gestures to be
memorized and facilitates the learning of the gesture set.

2.6.2 Advantages of Combination of Gestures

Indeed, the study showed that the use of common gesture commands and their associ-
ation with simple gestures helps to limit the size of the set of gestures. This makes it
easier for users to memorize the set of gestures. This has been demonstrated because if
we assume that there are 5 devices in the ecosystem that share 15 command gestures for
common commands. The set of gestures will consist of 15 + 5 = 20 distinct gestures, the
combination of these gestures will be used to perform 15 × 5 = 75 tasks. In other words,
the user will have to combine 5 postures with one (non-dominant) hand and 15 gestures
with the other (dominant) hand to perform 75 tasks. Therefore, there is a significant
saving in terms of the number of gestures that need to be remembered, even with the
addition of other devices.

However, compared to our application, A&C is more limited. There is a certain
ambiguity since one cannot realize commands with more than 2 gestures. Let’s imagine
that we want to turn on the television and set the volume to 5, it is not possible to perform
this action with one command with the A&C model. While with our application, we
can manage an Address with Devices and the Command with Action. In addition to
this, we also have parameters such as setting the volume to 5. We can also choose the
environment in which we want to perform a command. We can decide to turn on the
TV in the kitchen even if we are not in the room. You will have more details about our
grammar in chapter 3.

2.6.3 Challenges

Then, since A&C takes place in ubiquitous environments, many design challenges for
control have arisen.

• Having multiple interaction targets in the same environment increases the com-
plexity of the various steps from design to gesture evaluation.

• As the number of devices increases, the potential controls can be numerous even
though the model reduces the set of gestures to be remembered.

• The Midas touch can be a problem. When a user interacts with a device, no
other device should be accidentally activated. Therefore, the user must address
the device before (or during) the interaction [61]. During the interaction, the
discussion between the user and the device must be isolated from other devices.

• Prototyping mid-air interactions with multiple targets in physical space is more
demanding, as there are no readily available platforms for this type of research.
As a result, most current research is limited to the results produced by gesture
elicitation studies, which most often involve a single home device.
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• In the smart home, users interact several times a day with multiple devices,
possibly without wearing special sensors or accessories, so it is desirable to design
interactions without accessories.

Now that you know all the challenges the study faced, let’s talk about the results of
the observations. For this experiment, a Kinect was used to recognize gestures made by
people and also to interact with a virtual environment created with the help of Unity
representing a smart home(see figure 2.20).

Figure 2.20: Virtual environment created with the help of Unity.
Source: Taken from [60].

2.6.4 Result of the Study

The evaluation of A&C model was evaluated in a two-phase laboratory including a
learning session and a testing session. A task was considered successful when the user
successes to execute a command before 4 repeated attempts, unsuccessful otherwise. It
was also necessary to be careful with the false negatives which are an error that occurs
when a user performs correctly the gestures but the system does not respond. there
is also the false positive where an error occurs when a task is performed even if the
participant makes the wrong gesture.

As you can see in figure 2.21 the results of both approaches are very satisfactory. There
are no significant differences observed between the 2 sessions. Concerning the time, we
can see that for most tasks, the completion time showed some improvements between
the 2 sessions. Finally, The A&C model presented considerably fewer false-negatives er-
rors than the two-step approach and both approaches have very low false positive errors.

In conclusion, thanks to this study on the A&C model for mid-air interactions with
several home devices, we could see that the results were encouraging. These results
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are encouraging for our application because the study proved that using separate
gestures allows us to remember more commands with a small number of gestures. This
means that our application allows remembering more commands since it has more
categories of gestures namely Action, Device, Parameters, and Environment while
keeping the number of gestures to a minimum. Moreover, A&C is more limited in
terms of modularity. Indeed, since Address is assigned to the non-dominant hand and
Command to the dominant hand, there can be no congruence between the gestures.
Thanks to our grammar (see chapter 3), we can perform gestures in any order. This is
why another advantage of our work is that it is more modular.

Figure 2.21: result from the evaluation process
Source: Taken from [60]



Chapter 3

Composition of Stroke Gestures into
Instructions in EMERITI

In this chapter, we will tell you about the work we have accomplished.
First, in section 3.1, we’ll talk about the grammar we created to allow us to have a
syntactically correct language, some examples to be able to understand better, the
steps we realized to arrive at our final result as well as the advantages of our grammar
compared to the one of ’Address and Command’.

Then, in section 3.2, you will discover an exploratory analysis to allow you to imagine
what our application could be in the future.

3.1 General Format

Always intending to improve memorization and the use of gestures to execute commands,
we have created an environment allowing to test our different formats. Indeed, our
application allows the combination of several instructions but also realizes macro
instructions by merging several instructions. Moreover, our application being very
permissive, we also allow the user to create simple elements and use them together in
the recognizer to obtain instruction afterward. Finally, the application also allows the
merging of these simple elements in any order.

3.1.1 Definitions

In this section, we will discuss a general format for expressing the instruction of a user
performing tasks. First, we defined some terms to facilitate the understanding of our
format.

• Action: an action to be performed on one or more devices, i.e. turn on, turn off,
etc.

• Device: a device on which functionality will be executed, i.e. television, radio, etc.

• Parameter: value whose choice allows to adapt the functionality of a device, i.e.
channel on 5, volume on 3, etc.
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• Environment: a place where the action will be executed, i.e. kitchen, living room,
etc.

• Macro: word or sentence which includes one or more previously created instruc-
tions, i.e. all(contains all the created instructions), macro_lights (contains all the
created instructions which include modifications on the lights), etc.

3.1.2 Instructions

With these 4 definitions, we have created an Extended Backus Naur Form (EBNF)
expression:

Instruction : = Action {Device} [{Parameter}] [{Environment}] | {Macro }

We have formulated this definition like this because it is expressed in a logical order.
But we can make permutations between the different elements of this statement. It’s
opportunistic programming.

Moreover, this instruction is decomposed into other instructions to make it easier to
understand. There are other definitions:

1. Basic Instruction = Action Device [{Parameter}][{Environment}]
Basic instruction is an action that can execute 0 or more parameters on a Device.
That action should be executed in 0 or more environments.

Figure 3.1: Visualization of a basic instruction

Because of the EBNF visualizer, we could not represent all permutations. Therefore,
don’t forget that we can also have a permutation, so we can have other sequences
of elements in the statement for example :

Figure 3.2: Permutation of a basic instruction

Figure 3.3: Permutation of a basic instruction

Figure 3.4: Permutation of a basic instruction
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Figure 3.5: Permutation of a basic instruction

2. Common Instruction = Action {Device} [{Parameter}] [{Environment}]
A common instruction is an action that can execute zero or more parameters on two
or more Devices. That action should be executed in zero or more environments.

Figure 3.6: Visualization of a common instruction

3. Macro Instruction = Macro
A macro instruction is a shortcut. If you want to carry out several instructions
without having to make a gesture for each one, you can create a macro to combine
the different instructions in a single gesture. For example, the macro instruction
"Macro living room" allows to combine the instructions "Turn on the lights in the
living room" and "Turn on the television on channel 3".

4. Composed Instruction = {Common instruction} | {Basic instruction} | {Macro in-
struction}.
A composed instruction is one or more common and/or basic and/or macro in-
structions.

Figure 3.7: Visualization of a composed instruction

3.1.3 Elements

In order to obtain the most permissive application possible, we decided to define a
new term: "element". The fusion of these elements will be used later to create the
combinations of gestures that will allow later to obtain instructions.

1. Element = Action | Device | Parameter | Environment
An element is a unique action, device, parameter, or environment.

2. Composed Element = ([Action] | [{ Device }]) [{Parameter}] [{Environment}]
A composed element is a composition of elements. We can have either zero or
one action, either zero or several devices followed by potential parameters and/or
environments. The only rule is that a composed element can not have an action
with a device. Otherwise, this would be a basic or common instruction.
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3.1.4 Combination of Gestures

Now that we have been able to define what we mean by "instruction" and "element",
we will be able to explain the use of our application concerning the combination of
gestures. Indeed, the combination of gestures is essential to allow hierarchical grammar
(see Section 3.1.6).

To be clear on the use of the term "gesture" and "combination of gestures", it is
important to define them clearly.

1. Gesture = Basic instruction | Common instruction | Macro instruction | Composed
element

2. Combination of gestures = {Gesture}

A gesture is therefore either a Basic/Common/Macro instruction or a Composed
element.

These gestures can therefore be combined to create a combination of gestures and
therefore new instructions.

End users can thus create sets of gestures with fully optimized combinations to reuse
the gestures. In addition, gesture combinations can improve recall compared to simple
gestures. And finally, combination gestures are preferred when simple gestures have an
abstract gesture-command correspondence [3].

3.1.5 Nassi-Schneiderman Diagram

We realized a Nassi-Schneiderman diagram to represent an instruction. We choose this
graph because it allows having a global view of instruction.

As you can see in figure 3.8, we have several steps to have correct instructions. Until
we have an instruction to analyze, we check the case where we are in a composed
instruction. In a composed instruction, we can have basic, common, or macro instruction.

If we have a basic instruction, we look until there is no more element in the basic
instruction. If we still have an element, we look at whether an action or device has not
been taken because a basic instruction accepts only one action and one device.

If we have a parameter or an environment element, then we accept it. The same
procedure is used for a common instruction, except that this time we can accept several
devices.
We find the same way of doing things for a common instruction except that this time we
can accept several devices. Finally, the command macro only accepts macros.
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Figure 3.8: Nassi-Schneiderman’s Graph

3.1.6 Explanation of 2D Stroke Gestures by Congruence and Hierar-
chy

As explained in section 2.3, there are congruent and hierarchical gestures. We have
already explained the principle but we will explain more concretely what they represent.
Congruent means that related commands produce related gestures. For example, as you
can see in figure 3.9, the 2 gestures for "Turn TV on" and "Turn TV off" would be "Draw
a circle in the clockwise direction" and "Draw a circle counter-clockwise direction" in
congruent and non-hierarchical grammar.

On the other hand, hierarchical gestures are gestures in which we assign every single
action in the sentence to gestures. For instance in figure 3.9, "Circle" represents "Turn",
"Rectangle" which is for "TV", and "V" for "on".

Figure 3.9: Comparison of 2D stroke gestures by congruence and hierarchy
Source: Based on [39]
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3.1.7 Examples

For example, we created a series of actions, devices, parameters, environment, and
macro. We realized some possibles combination with our format.

Action Device Environment Parameter Macro
Turn on Television Kitchen Volume on NUMBER MacroLiving
Turn off Washing machine Living room Time in NUMBER
Increase Light Office Channel NUMBER
Decrease Radio Parent bedroom Program NUMBER
Pause Air Conditioner Children bedroom Brightness on NUMBER
Play Computer Bathroom
Mute Fan Dining room
Unmute Microwave Laundry room
Next

1. Basic Instruction

• Turn on the washing machine

• Turn on the light in the dining room with brightness on 5

• Turn on the light in the laundry room

• Turn off the fan in 5 minutes

• Increase the television volume on 2

• Mute the television in 9 minutes in the living room

Don’t forget that you can swap all the elements of the instructions. You can also
have :

• In 9 minutes the television in the living room mute

• The television in 9 minutes mute in the living room

• In 9 minutes mute the television in the living room

• In the living room in 9 minutes the television mute

2. Common Instruction

• Turn on the microwaves and the computer in the office

• Turn off the fan and the lights in 5 minutes

• Turn off the lights and the air conditioner in the children bedroom in 5 minutes

• Increase the television and the radio in the parent bedroom with the volume
on 3

• Pause the television and the air conditioner

3. Macro Instruction

• MacroLiving (Turn on the light in the living room and turn on the television
on channel 3)
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• MacroLightsOffBedroom (Turn off the light in the parent bedroom and
children bedroom and turn off the radio)

4. Composed Instruction

• Decrease the volume of the radio to 1 and turn off the air conditioner in the
children bedroom

• Play the television and the radio in 2 minutes and macroLiving

• Play the television and decrease the light in the kitchen with the brightness
to 6

• Play the radio and pause the television

• Play the radio and turn off the television

• Unmute the television and the radio in 2 minutes and macroLiving

If you want to realize a permutation in a composed instruction, you always have
to start with an action. If you don’t do that, there can be some problems in
the separation of instructions. For example, if you have Play the radio and the
television turn off, the grammar will understand that you want to play the radio
and the television instead of playing the radio and turn off the television.

5. Element

• Unmute

• Television

• Radio

• Kitchen

• Office

• Volume on 3

• Brightness on 2

6. Composed Element

• Unmute

• Television

• Radio, washing machine, and fan

• Kitchen, dining room, and laundry room

• Office

• Brightness on 2 and Volume on 3

• Play children bedroom and parent bedroom

• Air conditioner and fan program 3 in 5 minutes

• Next in the laundry room program
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7. Gesture

• Turn on the washing machine

• Turn off the fan in 5 minutes

• Turn off the fan and the lights in 5 minutes

• Turn off the lights and the air conditioner in the children bedroom in 5 minutes

• MacroKitchen (Turn on the microwave and the light in the kitchen in 2
minutes and turn off the television and the light in the living room)

• Turn on

• Television

• Light

• Play children bedroom and parent bedroom

• Air conditioner and fan program 3 in 5 minutes

8. Composition of gestures

• Turn on + Television + Air conditioner and fan program 3 in 5 minutes=
Turn on the television, air conditioner, and fan to program 3 in 5 minutes

• Increase + Light children bedroom brightness to 8 + Light parent bedroom =
Increase light in children bedroom and parent bedroom brightness to 8

• Increase + Light children bedroom brightness to 8 + Turn off the light in the
kitchen =
Increase the light in children bedroom brightness to 8 and Turn off the light
in the kitchen

As explained above, the purpose of the composition of gestures is to execute
several gestures one after the other to perform a more complex instruction. This
step can only be performed from the drawing area and in no case is there any
question of creating a shortcut. However, if you want to create a shortcut to this
set of gestures, it is better to create a macro instruction instead.

3.1.8 Parser Generator

Once we have created our grammar, we have to prove that it is correct. To do this, we
looked at different parser generators. We made our rules on Xtext and ANTLR. At first,
we noticed that the Xtext framework did not allow permutations. Indeed, it does not
accept the case where 2 permutations start with the same element but the end changes.
For example, when we define "Action Device Environment Parameter " and "Action
Device Parameter Environment ", then Xtext returns an error. Therefore, we could not
use Xtext to perform the proof of our grammar.

After that, we realized our grammar on ANTLR [62]. ANother Tool for Lan-
guage Recognition is a powerful parser generator for reading, processing, executing,
or translating structured text or binary files. It is widely used to build languages,
tools, and frameworks. From grammar, ANTLR generates a parser that can build and
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traverse parse trees. This allows us to know if our grammar is syntactically correct or not.

To implement our code, we created a rule to define an instruction. As explained
earlier, an instruction can be a basic, common, macro, or composed instruction. The
composed instruction itself can contain basic instruction, common instruction, and
macro instruction.
So we defined the basic instruction as the set of possible permutations including one
action, one device, 0 or more parameters, and 0 or more environments. You can see
below the result of 2 basic instructions.

Figure 3.10: Syntax tree of a logical basic instruction

Figure 3.11: Syntax tree of a permuted basic instruction

The first (3.10) is the syntax tree of basic instruction in a logical sequence: "Mute the
television in the kitchen ". The other (3.16) is a permutation of the first instruction "the
television Mute in the kitchen ". In both cases, we can see that the syntax tree is formed
correctly.

Then, the common instruction is similar to the basic instruction except that you can
have 2 or more Devices.
We can also see with the syntax trees below(3.15 that the common instructions are also
correctly managed. The first tree is for the sentence "Turn off the lights and the air
conditioner in the kitchen in 5 minutes " and the second (3.13) for " in the kitchen the air
conditioner the lights Turn off in 5 minutes ".
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Figure 3.12: Syntax tree of a logical common instruction

Figure 3.13: Syntax tree of a permuted basic instruction

Next, a macro instruction is represented by a macro, and a correct tree (3.14) is found
when a macro instruction arrives.

Figure 3.14: Syntax tree of a macro instruction

Finally, the greatest challenge was composed instruction. Indeed, it was necessary
to be sure that all the different types of instructions were well identified. To make sure,
we made two sentences. One in a logical sense and the other being a permutation.
" Mute the television in the kitchen || Turn off the lights and the air conditioner in the
kitchen in 5 minutes || Macro "
and " Mute in the kitchen the television|| Macro || Turn off in the kitchen the air conditioner
the lights in 5".
You can see that the syntax tree is correctly realized and so we correctly decomposed
the composed instructions.
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Figure 3.15: Syntax tree of a logical composed instruction

Figure 3.16: Syntax tree of a permuted composed instruction

In conclusion, we proved that the syntax is correct for basic, common, macro, and
composed instructions. This is why we can say that our grammar is syntactically correct.

3.1.9 Process of the creation of the grammar

In this section, we will explain the whole process of arriving at our final version of the
EBNF grammar.

Initially, we created our grammar from only 3 elements namely Action Device
Parameter. Action and Device were correctly formed from the start but we had some
problems with Parameter. Indeed, we confused Environment and Parameter. Therefore
the separation between the different environments (kitchen, room, etc.) and the real
parameters (volume, etc.) became very complicated. This is why we decided to create a
4Th element in our grammar which is Environment.

After that, another problem came up, which is macro instructions. Initially, a macro
instruction was represented by an Action. However, when we made our grammar on
ANTLR, we realized that the grammar was not syntactically correct. Indeed, when
creating a composed instruction, we detected a problem. The parsing worked very well
when the instruction was formed logically but when permutations occurred, the macro
could become another type of instruction. You can see this for yourself in Figure 3.17.
This is why we decided to create a 5Th element in our grammar, namely Macro.

Then, in the case of composed instructions, we realized that when an instruction did
not begin with an action, it did not work. For example, if a user wants to perform the
composed instruction "Turn on the television Turn off the radio" in a permuted sense
such as "Turn on the television the radio Turn off ", the grammar would include "Turn on
the television the radio", " Turn off" when this is not what the user wanted. That’s why
we added the rule of having to start with an action when a basic or common statement
is used inside a composed instruction.
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Figure 3.17: Visualization of the error in composed instruction

In the end, the whole process takes us 3 weeks to realize the final version of the
grammar. It took a lot of thought to create valid grammar and also to find viable
examples. As explained above the process was iterative and each time we had to add
and/or modify the work already done.

Then, in addition to creating our grammar, we had to find ways to visualize it. We
made a Nassi-Schneiderman diagram so that the EBNF could be visualized and we used
an EBNF visualizer.

Finally, the creation of grammar is a good thing, but it must also be possible to prove
that it is syntactically correct. We have done this with ANTLR and XText.
This is why the entire process takes 3 weeks to be achieved.

3.1.10 Advantages Compared to A&C

Thanks to all these examples, we can see that our grammar is better than "Address
and Command" [60] because we allow very long combinations of gestures whereas, for
A&C, we can only make 2 gestures each time to carry out a command.

Then, one of the advantages of A&C was that the application managed several
devices. However, the grammar of our application manages multi-devices but it also
allows to manage different environments. Indeed, we can choose to turn on a light in
the kitchen or to turn on a light in the living room.

Another advantage of our grammar is that it also allows us to be more precise about
the parameters. Indeed, the command in A&C allows making basic actions like "Next",
"Pause", "Up", etc. Our grammar allows us to set the volume to 5 or to turn on the lights
with a certain brightness. This increases the possibilities of instructions that can be
carried out.

Finally, our grammar allows the permutation between its different elements. This
means that you don’t have to worry about the order in which you perform the gestures
except for composed instructions for which the action must come first. Contrary to
A&C which only allows to carry out an "Address" then a "Command" compared to this
Address.
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3.2 Exploratory Analysis

In this section, we will explain to you a work realized before the implementation of
our application. This is an exploratory analysis in which we imagined a scenario. This
scenario presents a family using our ideal vision of EMERITI. This means that our
application replaces the keyboard and the mouse and uses 3D. The family members
live in a smart home with various connected devices in different rooms where they can
interact with.

3.2.1 Scenario

Mr. Marty McFly is married to Mrs. Lorraine McFly and they adopted little Robert
Brown 12 years ago. The whole family loves everything about technology and has
recently acquired a LeapMotion which is a 3D gesture sensing device. It can be connected
to a PC. They have also bought a television, a Prodigio (the first connected Nespresso
machine), and a connected thermostat. In order to experiment with their new purchases,
Mr. McFly downloaded the QuantumLeap application, a software that allows 3D
gestures to be linked to connected devices.

First of all, Mr. Mcfly launches the application. He sees that the family can create
one or more accounts and add several family members to the same account. He can
also access a list of connected devices to which he can add or remove an object.

Mr. McFly wishes to create a profile, he is asked to enter a gestword, i.e. a password
created from one or more gestures, his personal information, the different devices he
wishes to use as well as to choose or create an order of priority concerning the other
members of the family. Mr. McFly can assign himself the role of administrator or parent.
It is also possible to create a "child" profile for little Robert Brown. This will allow him
to limit certain functionalities such as the use of certain devices and/or define a time slot
during which he will not be able to use certain objects.

After the creation of his profile, Mr. McFly can connect to it. Once in his personal
space, several options are available to him.

He has access to a catalog of gestures that correspond to all the gestures most
frequently used by the community to perform certain actions (e.g. turn on, open,
increase, etc.).

To use his connected objects, Mr. McFly must create a new combination of gestures
and assign it to action. Wishing to use the Prodigio device, he decides to choose it
from the list of connected devices. After that, he can choose one of the functionalities
available on the device. Wanting to drink a ristretto, he decides to assign a sequence
of gestures to this action, consisting of a gesture for "drink" and another gesture for
"ristretto". To do so, the application asks him to perform these gestures 5 times to have
a good recognition of them.
After creating his gesture, Mr. McFly goes back to the main menu and tries the gesture
sequence to verify that Prodigio is indeed making a ristretto. As if it was magic, the
Prodigio starts preparing a ristretto. To see the progress of his coffee, QuantumLeap
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displays a loading bar on the screen.

Wishing to turn on the television, he performs the same steps as before. Having no
idea how to choose his gestures, he decides to access the recommendation system based
on the movements of other people to advise him. He chooses a gesture for "switch on",
another gesture for "television" and one for "in the kitchen".
After creating his gestures, he performs them and sees the television turn on.
To view all his previously created gestures, he decides to consult his personal catalog.
Noticing that his gesture for "turn on" does not correspond to him, he has the choice of
modifying it or deleting it. Mr. McFly decides to modify it.
It is also possible to test the different gestures in the list to verify their correct functioning.
He can also improve the recognition by performing the gesture several times to add
new "templates".

Intrigued by the novelty, little Robert decides to create his child account. As men-
tioned above, the account will limit access to certain features. Mr. McFly uses his
administrator account to prevent his son from using the thermostat and to limit access
to the television from 8 am to 8 pm. After setting the limitations, Mr. McFly logs out of
his account.

Like his father, Robert follows all the steps to create an account. To save time, he
also decides to copy some of his actions to use them on his account.
Wishing to test the creation of a new gesture, he decides to find one to make hot chocolate
with Prodigio. Unfortunately, his gesture sequence is identical to the one for creating a
ristretto coffee that he had copied just before. An error appears on the screen telling
him that the gestures have already been assigned to an action. He can either modify
the previously created gesture or modify the gesture he has just created. He decides to
choose another one and returns to the main menu.

Clumsily, Robert tries to make himself a hot chocolate but, in his haste, he makes
the wrong combination, and nothing happens. Therefore, he decides to re-do the
combination correctly and hot chocolate is launched.
Finding himself in the time slot to watch television, he decides to turn it on using the
gesture copied from his father and settles down to watch his favorite series.

Finally, the day ends and Robert logs out of his profile and leaves the application.

3.2.2 Process Modeling

With this scenario, we created 26 different tasks that you can see in A.1. Based on this,
we created a process modeling and we decided to divide the different tasks according
to their nature in the application. It was difficult for us to divide the different tasks
according to the different jobs and users due to the limited number and lack of interest
in our case.

45



Figure 3.18: process modeling of our scenario

Therefore, as you can see, we divided the tasks into 4 sections:

- Start-up and home menu: This section is about starting the software and the
different features that can be used in the main menu.

- Creating a gesture: This section is dedicated to the creation of a gesture and the
different tasks necessary or possible when creating it.

- Access and management of catalogs: This section allows the management of
catalogs to be separated from the other tasks. As there are a good number of tasks
related to this section, it seemed relevant to separate them from the others.

- Profile menu and gesture execution: In this section, we decided to put the tasks
that are related to the profile menu. Consequently, we find the execution of a gesture
and its interaction with the software as well as other tasks such as the possibility of
disconnecting from the profile.



Chapter 4

Creation process and explanation of
EMERITI

In this chapter, we will explain all the work we have done throughout the year. In section
4.1, you’ll be able to understand the whole process, all the problems we encountered,
and how we solved these problems.
Finally, we will explain the final version of EMERITI in section 4.2. We will talk about
how to use EMERITI, how the interactions between Quantumleap and EMERITI are
made as well as the architecture and we will finish by making a manual on the utilization
of EMERITI.

4.1 Process of Work

In this section, we will describe all the steps we undertook to obtain our final project.
We used the Agile method throughout our work. This method is an iterative approach
to project management and software development that helps teams deliver work in
small but consumable increments. Requirements, plans, and results are continuously
evaluated. Indeed, we had weekly meetings with Professor Vanderdonckt to discuss
the progress of the project. These meetings allowed us to move forward in our project
since we did each time a review of the work done in the previous sprint and we define
the objectives for the next sprint. That’s why in this chapter, we are going to present
all the sprints we have done throughout the year with their duration, the problems we
encountered, and the way we solved them.

4.1.1 Discovery of the Tools

First of all, before starting any coding session, it was essential for us to learn about the
different specificity of the tool we were going to use. Therefore, we analyzed in depth
the different modules used in QuantumLeap, the different recognizers that exist, how it
would be possible to perform a 2D drawing, and finally, how we should manipulate the
different modules of QuantumLeap to perform our pipeline.

This step was quite long (almost 2 weeks) because of the analysis of QuantumLeap.
Although it is readable, it took us some time to understand how the modules fit together.
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The help of Arthur Sluÿters was then very useful for us to better understand all the
subtilities.

4.1.2 Creation of a Canvas

After this analysis stage, we were able to start creating a draft of our application. To do
so, we relied on several video sources allowing us to create a drawing app using React
and the canvas API. We were thus able to obtain relatively quickly (3 days) an application
allowing us to draw figures and integrate a means of obtaining the coordinates of the
points traversed by each feature. Although our application works well, it is not yet
connected to QuantumLeap and is still only a prototype.

4.1.3 Connection with QuantumLeap

After having succeeded in creating a convincing prototype, we wanted to test EMERITI
by connecting it to QuantumLeap. This step was without a doubt the part that took us
the longest (more than a month) and where we got stuck many times.

Problem with the importation of QuantumLeap

First of all, we had a problem with the import of QuantumLeap into our application. The
reason is that our EMERITI developed with React did not allow to import QuantumLeap
without making most of the features malfunction. To solve the problem, we had to
change a big part of our code to extend React.Component. In addition to allowing
to import QuantumLeap, React.Component allows defining components as classes
or functions. Components defined by classes provide more functionality for the moment.

The solution to extend our project to React.Component was however found only at
the very end after several meetings. Before that, we tried to recreate several prototypes
in the hope that they would accept the QuantumLeap import. Unfortunately, these
prototypes were in turn blocked due to similar errors or limitations in their code.

Creation of JSONs for the datasets

Another difficulty we had to face was the creation of a dataset and consequently, the
creation of a JSON file related to the coordinates of the points of each gesture.

The problem in creating a JSON file is that it was necessary to create a functionality
both to record the gestures in the QuantumLeap dataset and also to recognize the
gestures using the recognizer. For this part, it was relatively easier since the main
difficulty in this problem was the very strict format of the different JSON files. Below
you can see the JSON format sent to both the dataset and the recognizer.

JSON sent to the dataset :
1 {"name":"example","subjet":"1","paths":[{"label":"point","strokes":[{"id

":0,"points":[{"x":174,"y":310,"t":1659470311441},{"x":174,"y":311,"t
":1659470311450},{"x":174,"y":312,"t":1659470311458},{"x":175,"y":313,"t
":1659470311465}]},{"id":1,"points":[{"x":257,"y":305,"t
":1659470312089},{"x":258,"y":310,"t":1659470312097},{"x":258,"y":311,"t
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":1659470312105},{"x":260,"y":312,"t":1659470312114},{"x":261,"y":314,"t
":1659470312122},{"x":261,"y":315,"t":1659470312130},{"x":262,"y":315,"t
":1659470312138}]}]}]}

JSON sent to the recognizer :
1 {"name":"","subjet":"1","paths":{"point_lmc":{"label":"point_lmc","strokes

":[{"id":0,"points":[{"x":156,"y":324,"t":1659470088914},{"x":156,"y
":331,"t":1659470088927},{"x":156,"y":334,"t":1659470088931},{"x":156,"y
":337,"t":1659470088938},{"x":156,"y":342,"t":1659470088946},{"x":156,"y
":343,"t":1659470088954},{"x":157,"y":345,"t":1659470088962},{"x":157,"y
":346,"t":1659470088970}]},{"id":1,"points":[{"x":261,"y":316,"t
":1659470089533},{"x":261,"y":320,"t":1659470089540},{"x":260,"y":327,"t
":1659470089545},{"x":260,"y":331,"t":1659470089554},{"x":260,"y":334,"t
":1659470089562},{"x":260,"y":337,"t":1659470089570},{"x":261,"y":338,"t
":1659470089586}]}]}}}

Creation of a new pipeline to manage 2D gestures

Finally, the last problem we had to solve was the creation of a pipeline connecting
EMERITI to QuantumLeap. Given the difficulty of understanding all the subtleties of
the code, we spent several weeks trying to create it. And it was finally with the help of
Arthur Sluÿters, who was able to clarify the few areas of the code that were still a bit
unclear, such as the config.json file, the FrameProcessor constructor, and the functioning
of some important modules.

After that, all we needed to do was to link EMERITI with QuantumLeap using
quantumleapjs. The GestureHandler object from quantumleapjs allows us to connect
to the QuantumLeap framework and calling functions based on events. Thanks to the
meeting with Arthur, we were able to find a way to create our pipeline in only a few
hours, fix the last errors in our application, and finish creating the JSON files. To verify
that our pipeline was working well, we decided to manually add the different JSON
files to the dataset to see the results. Following this test, we also had to modify some
functionalities so that the dataset could train itself for the recognizer to recognize the
gestures that were sent to it.

In order to better understand how our pipeline works, it is important to understand
its global functioning. First of all, our application behaves in the same way as a "sensor".
Indeed, the principle of a sensor is to send to QuantumLeap the information related to
the gestures performed. Since we want to recognize 2D gestures, a drawing app seemed
relevant to send these data.

After EMERITI has sent the data to the dataset, it is important to train it so that the
recognizer can base itself on the recorded gestures to be able to compare with the drawn
gesture. We decided to use the dynamic recognizer for the sake of ease of use. Indeed,
following our study to choose the most relevant recognizer for our project (CFR Chapter
2.3), we determined that $P+ was the most efficient recognizer. Since it was already
installed among the dynamic recognizers, we decided to use this module. Although
$P+ does not need to have a way to determine the order of the points in time since it
consists of a point cloud (CFR Chapter 2.3), it is nevertheless necessary to calculate the
time needed for the recognizer to find the most similar gesture.
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Finally, after the recognition of the gesture by the recognizer, the result is sent to our
application via quantumleapjs.

Link between EMERITI and QuantumLeap

After solving the big installation problems, setting up our pipeline, and getting a better
grasp of the pipeline features, we could spend our time improving our application.
Therefore, the first important step was to send a gesture from EMERITI to QuantumLeap,
so that it recognizes it correctly and sends the response back to our application. Despite
some minor issues, we managed to get EMERITI working for the first time, which was
the first real small victory in our project.

4.1.4 Realization of our Virtual Simulator

Once we got our application to receive messages from QuantumLeap correctly, we
moved on to the simulator part. It took us a while to get the first prototype. Indeed,
it took us 3 weeks to have an interaction between the drawing area and the virtual
simulator.

Research about connected objects

Indeed, we wondered how to use the data received from QuantumLeap. First, we
wanted to make our application interact with connected objects. This would have
allowed us to see the effectiveness of EMERITI in a real situation. However, we realized
that the work to be done was laborious. Indeed, after a week of research on connected
objects, we realized that they often had a predefined application and that there was no
API in Open Source that would have allowed us to interact with the objects. In addition,
one of the goals of our project is that our application is multi-device. This means that it
must be able to use several devices. Unfortunately, there is more than one protocol that
allows using connected devices (Wi-Fi [63], Bluetooth [64], Zigbee [65], etc.). Having
no knowledge in this field, we would have spent a lot of time understanding all the
protocols and implementing all the interactions between EMERITI and all the different
devices.

Moreover, the main goal of our thesis is mainly to realize an application allowing to
manage hierarchical and congruent gestures, we decided to focus on the management
of these gestures instead of spending a lot of time on the use of real connected objects.

Advantages of the virtual simulator

Even so, we needed to find a way to demonstrate that our job works. That’s why we
decided to make a virtual simulator after reading the article on "Address and Command"
[60]. Indeed, having our virtual simulator allows us to reproduce a smart home virtually
while saving time. It also allows using a large number of connected objects while
keeping a certain simplicity of implementation.

Moreover, if we had had to buy all the connected devices we needed, it would have
been a waste of money and the budget is limited, we would not have as many devices
as in the final version of our application.
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Another advantage is that we created our grammar so that we can interact with con-
nected objects in various environments. For example, in the context of a smart home,
it is necessary to be able to interact between the different devices located in different
rooms. The simulator allowed us to respect this criterion.

This being the case, we started the realization of our simulator. Not being used
to animations made in javascript, we started by creating a button allowing to swap 2
images. We had to try different alternatives to get the correct result. Our final solution
was to play with the opacity. This allows us to play between the foreground and the
background with overlapping images. Once we succeeded in creating this animation,
we used the recognition feedback values to make a change in our simulator. This takes
us 3 days. From this point on, we started to have a working simulator.

4.1.5 Creation of the Table of Gestures

At the same time, we created the "Table of gestures". This is a table that contains some
data about all the gestures created before. Indeed, after having successfully linked
EMERITI and QuantumLeap, we were able to save the gestures created in QuantumLeap
but also their names and elements in EMERITI. The table contained at first a column
with the name of the gesture asked by the user and the instruction. Indeed, at that time,
we did not have all the elements of the final grammar. We had only the 2 macros "Turn
all off" and "Turn all on". These allowed us to turn on or off all the devices in the house.

Later on, we added all the devices. However, we had not yet managed the
environments. Therefore, the device was tied to the environment which means that we
had for example "Turn on the lights in the kitchen" and not "Turn on", "The lights", and
"In the kitchen".

4.1.6 Add a Timer for Combination of Gestures

Furthermore, it is important to know that at that time, gesture recognition was only
performed on one gesture at a time. You could not choose to realize a sequence of
gestures to an instruction. We had to create a single gesture for the command "Turn on
the bathroom light". So we were managing non-hierarchical gestures. This is why we
decided to create a timer.

This timer allows us to separate 2 gestures in a sequence of gestures. Indeed, if the
user does not create a gesture during a certain time, the next stroke will be considered
as a new gesture. This allows managing the problem with multistrokes gestures. Since
in a multi-stroke gesture we can have several strokes, we could not simply consider
that a gesture is created as soon as the user lifts his stylus, and stops his gesture. If we
assume this hypothesis to be true, it means that we can only realize unistroke gesture
sequences. Except that in the context of EMERITI, we also had to manage multistrokes
gestures. This modification take us a week because we had to change the format of the
JSON so that it correctly records the different gestures.
Moreover, as said before, the timer allows making a combination of gestures to perform
an instruction. So we went from non-hierarchical gestures to hierarchical gestures to
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perform basic instructions.

After that, the table of gestures will evolve by adding a column for each element
of instruction. So we finally have 5 columns in this table (Name of Gesture -Actions -
Devices - Environments - Parameters) as you can see in figure 4.1.

Figure 4.1: Table of gestures

Addition of other drop-down lists

Then, as said before, we made sure that our gesture table could accommodate the 4
elements of our grammar as you can see in figure 4.3. However, in the beginning,
we could just choose with the help of a drop-down list of the action related to the
environment or a macro.

That’s why we decided to make a drop-down list for each element of the grammar.
We took the opportunity to add all the possibilities. We had to be able to interact with
any device in any room regardless of the setting. Once all these examples were created,
we made sure that animation was done for each device. We could then actually per-
form basic instructions with hierarchical gestures that could modify our virtual simulator.

Creation of dynamic lists

Then, we made sure that these lists are dynamic. Dynamic lists are lists that adapt
themselves according to the choices of the users. Let’s take an example. If the user
chooses the action "Pause", he should not be able to choose the washing machine. If he
chooses the television, let’s imagine that there is only one in the living room, he should
not be able to choose other rooms. Nor should he be able to choose any other setting.
This is why we made a dynamic list. After the first realization of the dynamic list, we
added other conditions or elements so we modified the dynamic of all lists two times.
This is why we realize this step in 2 days in total.

4.1.7 Steps to Realize All Buttons

At the same time, we also created several buttons to allow us to perform certain actions.
These buttons take us some time (more than 3 weeks) because we had to manipulate the
code of QuantumLeap, quantumleapjs, and EMERITI.

We had a button for "Download". This one allowed us to download the result of the
gestures under the JSON format. It is important to know that to make the recognition
work properly, we had to introduce it ourselves in the code in the datasets folder. Indeed,
QuantumLeap did not offer an automatic way to create datasets. However, we wanted
to allow users to use EMERITI without having to touch the code. We wanted to create a
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"Black Box".
That’s why we decided to automate the creation of Datasets. So we changed the name
of the button to "Record". We created a new folder "Basic2D" in the dynamic Datasets
module. In this folder, we create a folder for each gesture created in the application
thanks to the "Drawing Area".
The name of the folder is determined according to the name of the assigned instruction
i.e. "Turn on, A, name of the gesture, etc.". This folder will contain all the JSON collected.
These JSON will allow training the recognizer to improve the chances of detecting the
right gesture. From that moment, we could use EMERITI without having to make
changes in QuantumLeap.

Another button was "Recognize". This one allows to recognize the gesture made in
the "Drawing Area" and to show the result for the first time after modifying the devices
in the smart home. The gesture cannot be recognized if it has not been recorded before.

The "Clear" button deletes the data collected for the existing gestures in the Drawing
Area and resets it in case the user makes a mistake when making a gesture.

Then we had the "Clear Dataset" and "Clear Everythink" buttons. These allow you to
delete all the existing gestures. The only difference is that "Clear Dataset" only deletes
the data in the QuantumLeap dataset. Local storage is not affected by this button. The
local storage allows keeping in memory in the application all the names of the created
gestures. This allows checking if the gesture that is recognized corresponds to a created
gesture. The problem with this one is that the deleted gestures still existed in the table
of gestures in the application but could not be recognized since they no longer existed
in the dataset. That’s why in the end, we deleted the button and we created the "Clear
Every Think" button to delete the data in the Dataset and the local storage. We then
renamed it "ClearDataset" for more logic.

4.1.8 Improvement of the Visual

Overlay of Images

Once we managed to create all these buttons, we continued the development of our
smart home. We found a smart home image. We created additional images using editing
software to allow us to create one image per device and have multiple overlays. You
can find an example in figure 4.2. This allowed us freedom in the interaction of the
connected objects.

53



Figure 4.2: An example of an image of one device

The creation of all the images did not take so much time but the implementation
in the code to animate the simulator with the result of the recognizer take us 4 days
because we had to create a correct flow in the code. Thus, we had all the cards in hand
to succeed in achieving our goal.

Reorganization of the Visual

Afterward, following a meeting with Prof. Vanderdonckt, we had to make several visual
modifications to the application. So we increased the image of the smart home to allow to
see the image changes more clearly. We also had to define the different zones of EMERITI.

Indeed, the different components were scattered and were not put optimally. That’s
why we added a title to the drawing area and the smart home.

We also rearranged the edit field and the different lists so that the user respects a
certain order. So we put first the area in which the user writes the name of his gesture,
then the list of actions followed by those of devices, environments, and finally the list of
parameters. We also put the record button. Then, we gathered all the components that
concern the Gesture Table. We have made a "Table of gestures" area with a title and a
table of gestures. This area can be very large as we create gestures, so we decided to
also create a button to hide or show this area if needed.

Finally, we moved the Drawing area. We had to play with the coordinates sent
by this one since when we move the Drawing area, the line can shift according to the
direction the gesture takes and it may not be at the place where we click with our mouse.
You can see all these modifications in figure 4.3.

On the other hand, we could not yet handle numbers in the parameters. That’s why
we also made a hidden field that appears only when you choose a parameter that needs
a number.
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4.1.9 Start the Implementation of Common Instructions

Thanks to all these changes, our application has become more pleasant. However,
we could not manage all the instructions. Indeed, we could only manage the basic
instructions. That’s why we changed the drop-down lists to allow multiple choices in
them as you can see in figure 4.3. Until now, it was only possible to choose one item per
drop-down list. For example, we could only have "Turn on the television in the kitchen
in 5 minutes". In addition, we were forced to choose one item for each drop-down list.
Therefore, we made it so that we could choose 0 or more items in each list. This is why
in 2days, we were able to realize common instructions.

4.1.10 Implementation of Macro Instructions

Afterward, we understood that the command macros should not be actions anymore.
Indeed, as mentioned in section 3.1.8, there could be errors when the user made permuta-
tions in the instructions. Therefore, we added a drop-down list named macro-commands
which includes all the previous creations. With this list, you can choose any instruction,
and thanks to the creation of the add instruction button, you can combine 2 or more
instructions. The "add instruction" button acts like an "and".

In the beginning, it was only possible to create composed macro instructions via pre-
viously created basic macro instructions. To do this, you had to choose the instructions
and then press the "create macro instruction" button. Unfortunately, this limited the
macro instruction system. That’s why we made it possible to use the instructions from
the drop-down lists to create a composed/macro instruction.

However, it was either one or the other, you couldn’t make a macro instruction of
a composed instruction including a macro of instruction and another one that was an
instruction created with the drop-down list.

That’s why, in the end, we decided to make sure that we could create a composed
instruction from the drop-down lists and the macro instructions already existing. We
also decided to delete the button "Create macro instructions" to use only the record
button to make it possible. This step was very difficult since we had to manage all the
possibilities when pressing the record button.
Indeed, we had to know if it was an element, a composed element, a basic/common
instruction, or a composed instruction. In addition, in the case of composed instructions,
we had to know if the instructions present in the composed instruction were macros
or instructions in the instructions composing the list. Knowing that the composed
instructions cannot contain an element or a composed element. That’s why we took 5
more days to create the final version of the record button.
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Figure 4.3: Screenshot of the application

4.2 Final Version

4.2.1 Sequence Diagram

In this section, we will explain the graphical representation of the interactions between
EMERITI and QuantumLeap via quantumleapjs in chronological order.

The Sequence Diagram of Record

As you can see in figure 4.4, there are several steps to achieve the record of a gesture.

Figure 4.4: The sequence diagram of the process of recording

First, the user presses the record button in our EMERITI environment. Several
scenarios are possible at this time. The user could realize a basic instruction, a composed

56



instruction with drop-down lists and the "add instruction" button, a composed list
with existing macro instructions, or a composed instruction with macro instructions
and drop-down lists. You have to know that all the instructions inside a composed
instruction must have an action and a device at least even if it’s a macro instruction.

Then, in all cases, EMERITI will send a request to QuantumLeapJS containing the
name of the gesture that the user has chosen and the data collected in the drawing area.
It will also update the lists of the localStorage. There are 2 lists for instructions with
drop-down lists. The first one is checkList which contains all the names recorded and
checklistAssign which contains an Object. This is the list that we show in the table of
gestures. This one will know which actions, devices, environment, and/or parameters
correspond to the gesture name.
For example, the user has decided to create a gesture that he names "Turn on" when the
user asks to recognize this gesture, EMERITI must know that it must be turned on. We
can find all the gestures and their correspondence in the table of gestures.

If the instruction to record is a composed instruction, then we update 2 other lists.
CheckMacroList and checkMacroListAssign realize the same thing as checkList and
checkList assign but for composed instructions with the table of macro/composed
instructions.

After sending a request to quantumleapjs, it will send a message to the QuantumLeap
framework. This message contains

• ’addNewGesture2d’: which lets QuantumLeap know that a new gesture should
be created.

• the data of the gesture allows creating a JSON that is use to train the recognizer.

• the name of the gesture that will allow creating a new folder in the dataset that
can store the created JSON.

With all these data, QuantumLeap will be able to create a new dataset and recognize
the gesture.

The Sequence Diagram of Recognize

Once our gesture has been correctly registered. The user can use it to recognize it to
execute the command linked to the gesture.
This recognition starts when we click on the recognize button. At this moment, EMERITI
sends a message registerGestures with a type and a name. quantumleapjs will transmit
this call with the message "’operation’, data". Once arrived at QuantumLeap, this one
will update the set of gestures that can be recognized by the recognizer. After some
thought, we found a possible improvement in this call. Indeed, if we called this method
at the time of record and not at the time of the recognize function, we would avoid
unnecessary calls.
Then, EMERITI sends the recorded data via the sendGesture function to quantumleapjs.
The latter will then send to QuantumLeap the message ’recognized2d’ with the data.
Thanks to this, the framework will be able to recognize the gesture and return the name
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of the recognized gesture to its API which will send it to EMERITI. This will allow it to
look in the list of gestures or composed instructions.
If one of these lists contains the recognized name, then EMERITI will execute the
command to modify the Smart Home. You can see the process in figure 4.5.

Figure 4.5: The sequence diagram of the process of recognizing

The Sequence Diagram of Delete

If the user is no longer happy with a gesture and wishes to delete it, he will have to
press the "Delete" buttons in the list of gestures in the good row. Depending on whether
the name is in the table of gestures or the table of composed instructions, the lists
EMERITI has modified will be checkList and checkListAssign or checkMacroList and
checkMacroListAssign.
Then, once the deleteGesture message with the gesture data is received by QuantumLeap,
it will delete the correct folder in the dataset so that it can no longer be recognized 4.6.

Figure 4.6: The sequence diagram of the process of delete

The Sequence Diagram of ClearDataset

The purpose of the clearDataset button is to delete all the saved gestures. To do this
we will do as shown in figure 4.7. EMERITI will send the clearDataset request to
quantumleapjs which will transmit it to QuantumLeap. This one will delete all the
existing datasets.

In addition to sending a request to quantumleapjs, EMERITI will also reinitialize its
localStorage.
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Figure 4.7: The sequence diagram of the process of clearing all the datasets

4.2.2 Architecture

In this section, we will discuss the architecture of our work. Indeed, we had to modify
the QuantumLeap pipeline as well as its API to realize the implementation of our work.

To allow users to be more autonomous, we have made sure that EMERITI can create
datasets themselves to train the recognizer. This makes it possible to not have to modify
the code. Moreover, it also makes it possible to use gesture recognition even for those
who do not have the necessary implementation knowledge.
Then, if we allow users to create their dataset and thus their gesture, we must also allow
them to delete it in case they don’t want to use it anymore or if they made a mistake.
These 2 interactions between EMERITI and QuantumLeap are represented by the arrow
number 1 and 2 in figure 4.8. EMERITI will communicate with the QuantumLeap API.
Then the information will be sent to the server (arrow 1). After that, according to the
message received from EMERITI, the server will transmit the request to add a gesture,
delete a gesture, or delete all the gestures to the "dynamic dataset writer" (arrow 2). This
one will thus modify the datasets according to the received message.

Then, let’s imagine that the user does not remember the gesture he made for instruc-
tion. He can display it via the display button. This functionality does not exist in the old
version of QuantumLeap, so we also had to create a path in QuantumLeap to realize it.
In the beginning, it follows the same path as creating or deleting a gesture. However,
once arrived at the server this one will send the message to the new module "dynamic
dataset reader" (arrow 3). This one will extract the data of the required gesture and send
it to the server (arrow 4) which will transmit it to EMERITI via quantumleapjs (arrow 9).

Once a gesture has been created, EMERITI can also ask QuantumLeap to recognize
it. Thanks to the API, EMERITI will send a request to quantumleapjs. The API will send
a message to the server. The server will first send a message to the "Dynamic dataset
loader" allowing it to update the set of gestures used for the recognizer and the new
templates added in the gestures already known (arrow 5). If this step is not done, the
recognizer list is not updated, and therefore it cannot recognize the new gestures. As
explained in section 4.2.1, there is a better way to realize this step. Instead of realizing
this in the recognition process, we could have done it in the record part.
Then the dynamic dataset loader will also extract the required dataset and send it
to the dynamic recognizer (arrow 6). Once the recognizer has received the dataset
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to train it, the server will ask it to recognize the gesture (arrow 7). Once the recog-
nizer has recognized the gesture, it sends the result to the server (arrow 8) which will
transmit it to the API (arrow 9) and thus to EMERITI. EMERITI will make changes to
images on the virtual simulator. All this process can be seen with the help of the figure 4.8.

Figure 4.8: QuantumLeap configuration for EMERITI
Source: Adapted on [66]

4.2.3 How to run EMERITI

To launch the EMERITI application, it is necessary to install 2 repositories (QuantumLeap
and EMERITI).

After the installation of QuantumLeap, you will have to install Node.js.
Once this is done, you will have to install the dependencies in the backend folder.

1 $ cd backend
2 $ npm install

Then start the dependencies also in the backend folder to launch the framework.
1 $ npm start

Following the installation of QuantumLeap, you will also have to install EMERITI.
Like QuantumLeap, you must have installed Node.js beforehand to be able to launch
the dependencies. Unlike QuantumLeap, you can install and start the dependencies
directly from the main EMERITI folder.

To make the application work properly, it is necessary to launch both QuantumLeap
and EMERITI via two different terminals. Once the installation is finished, it will not be
necessary to reinstall the dependencies each time you use them. You will only need to
start the frameworks via the "npm start" command.

Once these steps are completed, the application should automatically launch on
localhost.
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4.2.4 Code Structure

To better understand how our application works and how it is articulated, we think
that an explanation of its structure is relevant. To do this, we will explain the different
important files in both the EMERITI and QuantumLeap repositories.

EMERITI’s code structure

In the EMERITI project, we find two very important folders which are "quantumleapjs"
and "src" (Figure 4.9).

Indeed, in the first one (quantumleapjs), we can find a file named "index.js" which
allows connecting to the QuantumLeap framework and call functions based on events
from QuantumLeap.

In the second folder (src), we will also find important files. We will find "App.js"
which is the main file of our application and where there are all the features of the
application. Then we have "index.css" which will tell the browser how to display the
existing HTML from "App.js". Next to that, we also have an images folder that contains
all the images that we overlay in the application to display and hide the different
connected devices.

Figure 4.9: EMERITI’s code structure

QuantumLeap’s code structure

Concerning QuantumLeap, we will focus on the parts that are important to us for our
application.

First of all, we can a file named "config.json" (QuantumLeap/backend/src/config/
quantumleap/config.json, Figure 4.10). This is a config file allowing QuantumLeap
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to know the parameters selected by the user, such as the recognizer used, the dataset to
be trained, etc.

Next, we have probably the most important file in our case, namely "quantumleap.js"
(QuantumLeap/backend/framework/quantumleap.js, Figure 4.10). This file contains
our pipeline allowing to interact with EMERITI. Indeed, it is in this file that are called
all the modules that we use as well as the dataset with which we interact.

We can also find the different recognizers installed in QuantumLeap and more partic-
ularly the folder "pdollarplus" which is the recognizer we use by default (QuantumLeap/
backend/src/implementation/recognizers/dynamic/pdollarplus/pdollarplus, Fig-
ure 4.10). The different files that make it up allow the recognizer to work. This file does
not require any modification to work.

Finally, the last folder we are interested in is "basic2D" (QuantumLeap/backend/src/
datasets/dynamic/basic2D, Figure 4.11) which is our dataset. This folder contains
all the gestures created by the user and at each creation of a new gesture, a folder is
created as well as a JSON file with the name given by the user. If the gesture already ex-
isted, a new JSON file would be added to the folder relative to the name given by the user.
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Figure 4.10: QuantumLeap’s code structure

Figure 4.11: QuantumLeap’s code structure (dataset)
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4.2.5 User Manual

As you can see in figure 4.12 when you enter for the first time in the EMERITI interface,
no gestures have been recorded yet, all the devices are turned off, the two tables are
empty and therefore the recognition and the display function are not yet feasible. This
is why the user must, at first, record some gestures.

Figure 4.12: The environment EMERITI.

The only possibility at the beginning is to record a gesture thanks to the drop-down
lists. As previously explained, they are dynamic and each of them offers all possible
functionalities. All you have to do is to choose which one or ones you are interested in,
indicate a name for the desired instruction, draw the gestures you have chosen for this
instruction and finally click on the "record" button to record the gesture. For example, in
figure 4.13, we can see that the user realized a triangle as a gesture with the name "first".
Then, as you can see in the drop-down lists or at the level of "Instruction" the user has
chosen to create this gesture for "Turn On". He will just have to press the record button
to create his gesture.
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Figure 4.13: A basic record with the drop-down list.

Once the user has created gestures to, at least, be able to execute an instruction, he
just has to draw the desired gestures in the "Drawing area". After that, he has to wait
that the timer ends between each gesture. When he finished the realization of all the
gestures, he can press the "Recognize" button and operate a change on the smart home.
For example, if a user has decided to draw a gesture for "Turn on" and another one for
"computer", and if the gesture recognition is correct, then the computer will be turned on.

Now that the user knows how to create gestures, he also can create macro instructions
or composed instructions.

Several choices are available to the user at this time. He can choose to create a
composed instruction thanks to the list of already existing gestures. In this case, he
just has to choose all the ones he wants to select from the list of macro commands and
press the "record" button. Note that all the selected macros must contain an action and a
device. Moreover, it is necessary to take into account the order in which they are taken
so that the execution order is correct. You can see in figure 4.14 the process described
above.
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Figure 4.14: A macro record with the drop-down list.

He can also use the "add instruction" button. To do this, you still need to have a
name and a drawing for the gesture. Then the user chooses from the drop-down lists
the first execution he wants to perform, presses the "add instruction" button, and can
choose his second instruction, etc. You can see this process in figure 4.15. It is important
to know that for visual reasons, we have decided that we should not have a composed
instruction with more than 4 other instructions.
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Figure 4.15: A composed record with the drop-down list and the button "add
instruction".

At this point, the user can create a simple instruction, to create a macro or composed
instruction via the drop-down lists as well as the drop-down list of macros. However,
the user can also decide to combine the instructions in the drop-down lists with already
existing instructions as you can see in figure 4.16. This offers greater fluidity and freedom.
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Figure 4.16: A composed record with the drop-down list, the macro-commands list, and
the button "add instruction".

Once the gestures are created, we can use the 2 tables "Table of gestures" and "Table
of macro/composed instructions" to know all the existing gestures. In addition to that,
as you can see in figure 4.17, there is the possibility to delete a gesture or display it. If we
choose the display option, EMERITI will give the user the possibility to see the gesture
he had chosen for this instruction. You just have to go to the "Display of the gesture"
part to see the gesture drawing. You can see an example of a display in figure 4.18.

Figure 4.17: The table of gestures and the table of macro/composed instruction.
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Figure 4.18: A display of a gesture.

Now that you have read this part, you know how to create gestures with the help
of the drop-down lists, the macro-commands drop-down list, the use of the "add
instruction", "record", and the "recognize" button. You have all the expertise you need
to exploit EMERITI’s environment to the maximum.



Chapter 5

Final Conclusion

5.1 Summary of the Contributions

After completing this work, we can provide an overview of the various contributions
brought throughout this manuscript.

In Chapter 1, we analyzed the context of the problem: how to improve the various
shortcomings of keyboard shortcuts by exploring the concept of combining 2D gestures.
Following that, we described the main objective of our thesis which is to create an
application allowing to realize shortcuts employing macro-commands or a combination
of gestures that are congruent and hierarchic in order to interact with connected devices.

In Chapter 2, we performed a targeted literature review allowing us to obtain
multiple pieces of information for the rest of our thesis.

Concerning the article based on the use of strokes as command shortcuts, we could
highlight that stroke shortcuts can be as effective or more advantageous than keyboard
shortcuts. However, with the same amount of practice, participants tended to remember
more gestures (about 3 times more), to remember gestures more easily and quickly, and
finally, to make fewer errors with stroke shortcuts than with keyboard shortcuts.
Concerning the article based on 3D gesture combinations, we could notice that users’
preferences go toward gesture combinations when the single gesture counterparts are
abstract. And that abstract single gestures have a negative impact on memorability.

In the article on congruent and hierarchical gestures, we have seen that participants
found agreement more easily and frequently when the gestures were congruent and
hierarchical than with non-congruent and non-hierarchical gestures.

In the section devoted to different recognizers, we could highlight several powerful
2D recognizers such as $P+, $Q+, and µV. Following the different articles based on this
topic, we have chosen $P+ as the main recognizer of our application given the very
efficient recognition rates in the context of our application.

We were also able to explain in detail how QuantumLeap works and how to use it,
which is the framework on which we based our application.
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Finally, regarding the article based on "Address and Command", this study proved
that using separate gestures allows us to remember more commands with a small number
of gestures. This means that our application allows remembering more commands since
it has more categories of gestures namely Action, Device, Parameters, and Environment.

In Chapter 3, we have explained all the work we have done in order to answer the
problematic of this thesis.

First of all, we talked about the grammar we created to allow us to have syntactically
correct language. We also gave some examples to be able to understand better, the
steps we realized to arrive at our final result as well as the advantages of our grammar
compared to the one of ’Address and Command’.

After that, we made an exploratory analysis to imagine what our application could
be in the future.

In Chapter 4, we explained the whole process, all the problems we encountered, and
how we solved these problems.
Then, we explained in detail our application. Indeed, in order to realize our research
work, we had to create an application involving a smart environment called EMERITI
(EnvironMent gEstuRe InTo Instruction). In order to make our application as permissive
as possible, we decided to allow users to create their shortcuts by selecting the command
they want to execute and drawing the associated gesture. Among the particularities of
our application, it is also interesting to note that it is possible to merge several previously
created gestures into one macro instruction. This feature increases the permissiveness
of the application, as each user will have the possibility to create their own set of
personalized shortcuts and combine them.

Finally, at the end of this chapter, we will explain the final version of EMERITI and
we will explain how to use it, how the interactions between Quantumleap and EMERITI
are made as well as the architecture.

5.2 Benefits and Limitations

Our application allows putting forward many advantages. Indeed, following our work,
we could notice that the use of 2D gesture combination was a very effective technique
allowing users to create a limited number of gestures. The fact that they can decide the
gesture also allows users to have a mnemonic link, thus improving the memorization of
the gestures. EMERITI being very permissive, it offers the user a great deal of freedom
regarding the use and customization of shortcuts.

Regarding the connection with QuantumLeap, we managed to create a personal
pipeline allowing us to easily integrate our project with the framework. Due to the way
we created our pipeline in QuantumLeap and our project, we can easily modulate it to
integrate new sensors such as LeapMotion

Our application is also very simple to use and can be easily transposed to different
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devices such as a smartphone or a tablet.

However, concerning the modularity (degree to which a system or computer pro-
gram is composed of discrete components such that a change to one component has
minimal impact on other components) of our application, we encounter a limit. Indeed,
in our application, we have created a controlled environment. This one allows us to
visualize how the use of our application influences the environment. Unfortunately, this
environment is not very modular. The slightest change of elements in the environment
requires a relatively important modification in the code.

5.3 Future Work

Our application has many qualities that can be used in future research. Indeed, it would
be quite possible to extend EMERITI to other environments and take advantage of it to
make the application more modular.

EMERITI is an application implementing a smart environment. A relevant objective
that could be considered would be to integrate real connected objects into the application.
This could show concretely the usefulness of our memory.

Among the possible improvements, an improvement of the application to make it
more user-friendly could be interesting. Indeed, a tutorial to show the user the different
functionalities of the application could be useful.

We could also modify the code to have a similar structure to QuantumLeap. Indeed,
the creation of modules to separate the different parts of our code would make it more
understandable for developers wishing to modify EMERITI.

We could also imagine extending the application to other devices such as smart-
phones or tablets. Given that it is enough to make signs on a screen, it would be even
more relevant.

Among other future works, it would also be possible to change the type of sensor
to another one (i.e. a 3D sensor) or to merge 2D and 3D. This modification would not
require much change since the most complex task in this idea would be to retrieve the
gesture data and send it to QuantumLeap. Overall, our code would require almost no
change to integrate or change a new sensor.

Finally, the future work that we consider to be the most interesting to develop,
would be an adaptation of our project in order to help disabled and/or visually impaired
people. Indeed, EMERITI has the advantage of allowing users to interact with objects at
a distance by performing one or more gestures on a graphical interface. This would
improve their comfort in life in many aspects. It would be quite possible to modify the
type of environment to assist people with disabilities in their lives. Our application has
a recognizer ($P+) create at the beginning to help the recognition of gestures made by
visually impaired people (with a recognition rate higher than 98%).
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Appendix A

Analysis Work

Figure A.1: Identification of tasks









Figure A.2: The process of our scenario

A.1 Task Modeling

A.1.1 Task with Low Complexity: Task 1 – Launch Application

• Description: In order to try the QuantumLeap application, the user must first
turn on their computer and their 3D recognition device (LeapMotion).

• Precondition: Have a computer and the LeapMotion device

Figure A.3: Task with low complexity



A.1.2 Task with Medium Complexity: Task 17 - Create Gesture

• Description: A user creates and assign a sequence of gestures to an action. In
order to do this, he has to come up with an idea for a gesture, perform it and
repeat it 5 times. In case the new gesture is already in the saved gestures, the user
will have to modify or delete a gesture.

• Precondition: In order to be able to create a gesture, the user must have gone to
their profile (task 12)

Figure A.4: Task with medium complexity

A.1.3 Task with High Complexity: Task 11 - Connect Profile

• Description: In order to use the QuantumLeap application, the user must log in
to an ac-count. If the user does not have an account, he must create a new one. To
do so, he will have to give his/her information, choose the devices he wants to use
and finally, the potential parents who will limit his/her actions.

• Precondition: In order to log in (or create a new profile), the user must first have
arrived at the main menu of the application (task 2).



Figure A.5: Task with high complexity

A.2 Organization Modeling

Figure A.6: Organization modeling

• Administrator: Person with full rights in QuantumLeap. He can choose the
restrictions of the child accounts. In the case of this scenario, Mr. McFly has the
role of administrator.

• Parent: The parent account has access to all features while in their profile. However,
they cannot delete profiles.

• Child: This is a child account represented by Robert Brown. This account can
perform many tasks, but it does not have access to certain actions decided by the
administrator. For example, if a child decides to turn on the lights in a time slot
where they do not have permission, then the action will not be carried out.



Figure A.7: Job and user model



A.3 Workflow Modeling

Figure A.8: Workflow model









A.4 Workflow Analysis

In the case of our analysis, it is difficult for us to imagine possible improvements in our
work since our study is based on an application that is already "To be". Therefore, our
program is supposed to be already optimized.

However, it is possible to imagine an even more advanced technology than the one
presented here, which would allow us to avoid and skip certain tasks in the software.
Among these possible improvements, one can imagine a technology with facial recog-
nition that would allow each user to use their account simultaneously. Taking this
idea, a step further, one could also imagine technology that recognizes users’ gestures
when they are in a room (such as a camera or a Kinect). This would avoid the need
for users to stand in front of the computer each time to use the various connected
devices. It would require more effort to set up the software, but afterwards it would
be much easier to use. A final feature that might be relevant would be the creation
of a display device that would indicate to the user, if a gesture is made but not recog-
nized, to indicate the gestures closest to it. This would save the user from having to
go to their gesture catalogue every time they forgot the exact gesture to perform an action.

As you can see, it is obviously possible to imagine many advanced features and
technologies that would im-prove the use of our tool. Among the examples we have
given above, these are ideas that may be possible soon but there are many technical
difficulties to overcome in order to achieve them.



Appendix B

ANTLR Code

B.1 ANTLR Code

1 grammar g;
2

3

4 ACTION:’Turn on ’|’Turn off ’|’Increase ’|’Decrease ’|’Pause ’|’Play ’|’
Preheat ’|’Mute ’;

5 MACRO:’Macro ’;
6 DEVICE:’the television ’|’the audio player ’|’the car ’|’the radio ’|’the

air conditioner ’|’the lights ’;
7 PARAMETER: ( ’the volume on ’ | ’until ’ | ’in ’ | ’on ’ ) Number | ’

Favorite ’ | Number ;
8 ENVIRONMENT: ’in the kitchen ’| ’in the living room’ |’ in the playroom ’|’

in the bedroom ’|’in the garage ’;
9 Number : ’0’..’9’+’ ’; // plusieurs chiffres avec digit

10

11 instruction :macroInstruction | basicInstruction | commonInstruction| (
composedInstruction )+;

12 composedInstruction : (macroInstruction | basicInstruction |
commonInstruction)+ ;

13

14

15 macroInstruction:MACRO ;
16 basicInstruction : (BI1|BI2|BI3|BI4|BI5|BI6|BI7|BI8|BI9|BI10|BI11|BI12|BI13

|BI14|BI15|BI16|BI17|BI18|BI19|BI20|BI21|BI22|BI23|BI24)+;
17 BI1 :ACTION DEVICE PARAMETER* ENVIRONMENT*;
18 BI2 :DEVICE ACTION PARAMETER* ENVIRONMENT*;
19 BI3 :DEVICE ACTION ENVIRONMENT* PARAMETER*;
20 BI4 :ACTION DEVICE ENVIRONMENT* PARAMETER*;
21 BI5 :ACTION PARAMETER* DEVICE ENVIRONMENT*;
22 BI6 :ACTION PARAMETER* ENVIRONMENT* DEVICE;
23 BI7 :ACTION ENVIRONMENT* PARAMETER* DEVICE;
24 BI8 :ACTION ENVIRONMENT* DEVICE PARAMETER*;
25 BI9 :DEVICE PARAMETER* ACTION ENVIRONMENT*;
26 BI10:DEVICE PARAMETER* ENVIRONMENT* ACTION;
27 BI11:DEVICE ENVIRONMENT* ACTION PARAMETER*;
28 BI12:DEVICE ENVIRONMENT* PARAMETER* ACTION;
29 BI13:ENVIRONMENT* ACTION PARAMETER* DEVICE;
30 BI14:ENVIRONMENT* ACTION DEVICE PARAMETER*;
31 BI15:ENVIRONMENT* DEVICE ACTION PARAMETER*;
32 BI16:ENVIRONMENT* DEVICE PARAMETER* ACTION;
33 BI17:ENVIRONMENT* PARAMETER* DEVICE ACTION;
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34 BI18:ENVIRONMENT* PARAMETER* ACTION DEVICE;
35 BI19:PARAMETER* ACTION ENVIRONMENT* DEVICE;
36 BI20:PARAMETER* ACTION DEVICE ENVIRONMENT*;
37 BI21:PARAMETER* DEVICE ACTION ENVIRONMENT*;
38 BI22:PARAMETER* DEVICE ENVIRONMENT* ACTION;
39 BI23:PARAMETER* ENVIRONMENT* DEVICE ACTION;
40 BI24:PARAMETER* ENVIRONMENT* ACTION DEVICE;
41

42 commonInstruction:(CI1 |CI2|CI3|CI4|CI5|CI6|CI7|CI8|CI9|CI10|CI11|CI12|CI13
|CI14|CI15|CI16|CI17|CI18|CI19|CI20|CI21|CI22|CI23|CI24)+;

43 CI1 :ACTION DEVICE* PARAMETER* ENVIRONMENT*;
44 CI2 :DEVICE* ACTION PARAMETER* ENVIRONMENT*;
45 CI3 :DEVICE* ACTION ENVIRONMENT* PARAMETER*;
46 CI4 :ACTION DEVICE* ENVIRONMENT* PARAMETER*;
47 CI5 :ACTION PARAMETER* DEVICE* ENVIRONMENT*;
48 CI6 :ACTION PARAMETER* ENVIRONMENT* DEVICE*;
49 CI7 :ACTION ENVIRONMENT* PARAMETER* DEVICE*;
50 CI8 :ACTION ENVIRONMENT* DEVICE* PARAMETER*;
51 CI9 :DEVICE* PARAMETER* ACTION ENVIRONMENT*;
52 CI10:DEVICE* PARAMETER* ENVIRONMENT* ACTION;
53 CI11:DEVICE* ENVIRONMENT* ACTION PARAMETER*;
54 CI12:DEVICE* ENVIRONMENT* PARAMETER* ACTION;
55 CI13:ENVIRONMENT* ACTION PARAMETER* DEVICE*;
56 CI14:ENVIRONMENT* ACTION DEVICE* PARAMETER*;
57 CI15:ENVIRONMENT* DEVICE* ACTION PARAMETER*;
58 CI16:ENVIRONMENT* DEVICE* PARAMETER* ACTION;
59 CI17:ENVIRONMENT* PARAMETER* DEVICE* ACTION;
60 CI18:ENVIRONMENT* PARAMETER* ACTION DEVICE*;
61 CI19:PARAMETER* ACTION ENVIRONMENT* DEVICE*;
62 CI20:PARAMETER* ACTION DEVICE* ENVIRONMENT*;
63 CI21:PARAMETER* DEVICE* ACTION ENVIRONMENT*;
64 CI22:PARAMETER* DEVICE* ENVIRONMENT* ACTION;
65 CI23:PARAMETER* ENVIRONMENT* DEVICE* ACTION;
66 CI24:PARAMETER* ENVIRONMENT* ACTION DEVICE*;
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