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List of contributions

The main contributions of this dissertation are listed here under.

e First of all, a key point of our master thesis is to understand which body parts
provide the most information in sign language recognition using machine learning
models. We indeed have four different sources of data: the face, the pose, the
right hand, and the left hand. The aim is to understand which of these anatomical
parts, or fusion of these, provides the best information to create a whole system
to recognize different signs.

e We introduce a new approach to transform coordinates coming from our dataset
into an image. Our goal is to check whether this transformation performs well in
sign language recognition.

e Another goal of this master thesis is to test if using singular value decomposition
(SVD) to decompose and recompose our inputs helps remove noise from input
data. Additionally, we explore whether alternative dimensionality reduction tech-
niques display better performances. Indeed, the size of our dataset is very large,
we need to sort our inputs because the computation time and complexity of the
various algorithms have increased considerably. This is the reason that explains
our interest in dimensionality reduction methods, which should help to overcome
this problem while keeping as much information as possible.

e We finally explore various machine learning models and investigate which of these
models perform best in a sign language recognition. Moreover, we study whether
algorithms that are able to take into account the time dimension obtain better
accuracy than those that are not.
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Abstract

In today’s world, communication is one of the most important aspects of our society.
With the rise of new technologies, communication between people has become even eas-
ier. However, for a certain portion of the population, it is not the case. Indeed, the
deaf community still encounters great difficulty communicating with other people, as
few people speak sign language. Our master thesis’s objective is to study the effect of
dimensionality reductions on machine learning models for isolated sign language recog-
nition. Three dimensionality reduction techniques were investigated: principal compo-
nent analysis, auto-encoder, and singular value decomposition. Then, for each of these
techniques, we explore the performance of several models, such as support vector ma-
chine, artificial neural network, recurrent neural network, gated recurrent unit, and long
short-term memory, to see which model works best with which dimensionality reduction
technique. Lastly, we investigate the transformation of our data into images in order to
apply convolutional neural network.
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Introduction

7 Communication is the key to any successful relationship. (John C. Mazwell) ”

Our master thesis is dedicated to the study of modern techniques used to automati-
cally interpret sign language communication between humans. This thought of John C.
Maxwell, a famous American author and speaker, summarize nicely why we decided to
work on this subject. Communication is the central element of human interaction and
an essential aspect of our everyday lives. It is much more than a simple exchange of
words or gestures; it serves as the conduit through which emotions and ideas are shared
between people. From the first moments of our lives, we need to communicate. This
shapes our experiences, decisions, and connections with others.

However, even if communication is one of the most important elements in our lives, few
people realize how lucky we are to be able to communicate as we wish, using multiple
channels (vision, hearing, speaking). But many many people suffers from earing disabil-
ities. According to the 2020 World Health Organization (WHO) report, there are over
466 million individuals worldwide who are deaf and use various sign languages, such
as American Sign Language (ASL), Argentine Sign Language, Polish Sign Language,
German Sign Language, Greek Sign Language, Spanish Sign Language, Chinese Sign
Language, Korean Sign Language, and Persian Sign Language [1] [2]. These numbers
underline the importance of developing a system that will enable hard-of-hearing peo-
ple to communicate like any other person. How do these people communicate? Sign
language is their dominant form of communication people (see [1]). But despite sign
language is widely used in the deaf community, very few people in the hearing commu-
nity know that language, making communication between the two communities almost
impossible. For example, imagine a deaf person asking you for help in a store, but you
don’t speak sign language. Only written communication is possible, except if you have
at disposal a device or an application that translates signs into text.

Sign language is definitively a vital channel of communication for the deaf community.
Despite its critical role, the integration of sign language into mainframe communication
systems remains limited. This gap highlights the need for technological solutions that
can reduce the communication barriers that face numerous people in the world.

In recent years, the fields of machine learning and artificial intelligence have seen many
major advances, which has spurred the interest of researchers in the field of sign language
recognition. The creation of systems that can translate sign language into text or spoken
language represents, however, a huge challenge. It is an incredibly difficult task with
many different problems to overcome, such as movement epenthesis, co-articulation, etc.

In this Master’s thesis, we explore and implement machine learning models that can effi-
ciently help interpret sign language for isolated signs. Various machine learning models
will be investigated such as support vector machines and deep learning techniques like
convolutional neural networks, recurrent neural networks, and artificial neural networks.
We will also explore other techniques that use distances between coordinates as informa-
tion to classify signs. To increase the accuracy of models, we will show that dimension
reduction techniques, such as principal component analysis (PCA), will play a crucial
role.
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With this master thesis, we hope to contribute to the growing interest in machine
learning-based techniques to interpret sign language. This is a fundamental endeavor
to promote deaf community integration within our society. As business engineering
students, we are aware of the importance of effective communication in any organi-
zational context. However, many hard-of-hearing people face significant problems in
workplace environments, and managers struggle to communicate with them. Advances
in automated sign language interpretation have the potential to significantly improve
the quality of life in the deaf community. Such systems fit in various domains, such as
education, healthcare, and any public or private institution. For example, in education,
sign language recognition systems can provide assistance to deaf students to provide
them with a better learning experience.

This master thesis is divided into five chapters. We will start with the state of the art
to provide a broad overview of the literature on sign language recognition. We focus
on identifying the current knowledge landscape, emphasizing the trends, and pointing
out the main challenges. Then, the second chapter provides a theoretical and synthetic
presentation of modern machine learning models and dimension reduction techniques we
use in our work. The third chapter introduces the data sources that we use to train our
models and the data transformations that are done. The fourth chapter describes our
implementation of the used models; each step needed to perform them will be explained.
Finally, we will report our results.




Chapter 1

State Of The Art

This first chapter will provide a general overview of the current state of the art in sign
language recognition (SLR). By reviewing the recent literature addressing this topic,
this chapter will provide important information about current knowledge, with the goal
of identifying what appear to be the most significant current issues.

In recent years, with the emergence of big data, new opportunities have arisen in the
SLR field. SLR has made many advancements recently due to the possibility of using
techniques in deep learning to overcome up-to-now unresolved difficulties. As a conse-
quence, the SLR landscape has undergone many changes recently, not only due to the
evolution of the technology but also because of the growing interest of researchers in
this field.

This state of the art section will be structured into four sub-sections. The first one
will be a general presentation of sign language, which includes three different items: an
historical perspective on SLR, SLR applications, the definition of isolate, and continuous
SLR. The second sub-section will describe features that are used in SLR. The third sub-
section will explain the different approaches that the researcher can use to recognize
signs, and lastly, we will present the main challenges of this field.

The principal limitation of this state of the art section is that it cannot pretend to
exhaustion, as the SLR field is nowadays particularly vast and actively growing.

1.1 Sign Language Recognition

In this section, we will address three different points to give a first insight on when
researchers began studying the field of sign recognition, in what applications we can use
SLR, and the difference between isolated and continuous SLR.

1.1.1 History Of Sign Language Recognition

Research into sign language recognition (SLR) commenced in the late 20th century, since
human-computer interaction has become more commonly available. Research in this field
was highly motivated by the need for technologies that could facilitate communication
between the deaf and hearing communities [3]. The foundation of SLR is to translate sign
language, which means that gesture recognition plays a central role in SLR. It is a domain
that poses significant technological challenges due to the nature of sign languages, which
are complex gestural languages with a unique grammar and syntax. Gesture and sign
language recognition include: “the whole process of tracking and identifying the signs
performed and converting into a semantically meaningful words and expressions” (Cheok
et al,2020).
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Early efforts in SLR can be dated back to 1993, when Darrel and Pentland adapted tech-
niques from speech and handwriting recognition for gesture recognition. To recognize
the dynamic gestures of a sign language, they used the dynamic time-warping method
[4]. Another example of early work is the first vision-based SLR systems, which depend
on handcrafted features, like the work of Huang and Huang in 1998 [5].

Then, a new model that was very successful in automatic speech recognition was tested
in SLR: Hidden Markow Models (HMM). The special properties of this model make
it particularly effective in gesture recognition. In a study with 262 signs, the HMM
obtained an average accuracy of 94% [6]. The use of HMM resulted in the development
of a system capable of recognizing a broader sign vocabulary [7].

In recent years, the true breakthrough in SLR arrived when the domain moved towards
deep learning techniques with the advent of large, publicly available databases. Its
performance in other domains, such as computer vision and speech recognition, has
motivated its use in SLR. Their ability to learn important features from raw data, to
improve as more data becomes available, and to integrate the temporal part of sign
language into their architecture has led to excellent results for these techniques. For
example, the use of convolutional neural networks (CNN) with large datasets has led
to the creation of far more robust algorithms. It means that these algorithms can be
used in very different conditions [7]. Recurrent neural networks such as LSTM are also
widely used because they are one of the best models to recognize a sequence of signs
and not just one sign at a time.

Despite significant improvements over the past few years, SLR still encounters various
challenges, such as movement epenthesis, co-articulation, and the and the need for an
even bigger dataset. The transition from the first techniques to the use of deep learning
methods represents a considerable step, but the researchers continue to push even further
to improve communication between the deaf and hearing communities.

1.1.2 Applications Of Sign Language Recognition

The prime impact of SLR is clearly to translate signs into text or speech to provide the
deaf community with the opportunity to communicate with hearing people without an
interpreter. But the importance of SLR goes beyond that, and many applications can
benefit from SLR engineering.

In [8], the authors present different useful SLR applications:

e Sign-to-text speech translation systems

The first application is obviously the creation of a system that can translate com-
plex sign sentences into text or spoken language. Many public representatives
can use this translation system to help them interact with the deaf community in
places such as post offices, hospitals, airports, police stations, and so on.

e Bandwidth conserving systems

A bandwidth-conserving system plays the opposite role to the sign-to-speech trans-
lation one. In this case, we use SLR to translate live video into recognized signs
that are animated by avatars at the receiving end. This application allows the
deaf community to understand and participate in any live video.

e Video annotation

In linguistic research, it is important to have sign videos that are annotated. SLR
allows you to save significant effort by annotating videos automatically rather than
manually.

e Tele presence

Telepresence is a technology that allows individuals to participate in remote en-
vironments as if they were physically present. It is highly useful when manual
operations are necessary but physical proximity is impossible or costly, especially
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in the case of an emergency or system failure. SLR plays a crucial role in this
case because it recognizes and interprets the hand’s gestures and transforms them
into actionable commands for the machinery. In other words, SLR allows for the
efficient use of machines to fix dangerous situations such as undersea missions or
the maintenance of nuclear power reactors.

There are other applications that benefit from SLR [9]. Among them, we can cite trans-
lation systems, video remote human interpretations, human-computer interactions, on-
line hand tracking of human communications in desktop environments, real-time multi-
person recognition systems, games, virtual reality environments, robot controls, and
natural language communication.

Many large companies like Google, Microsoft, and Facebook work on projects involving
augmented reality, virtual reality, and mixed reality, which has the effect of extending
the applicability of SLR. Increasing the performance of SLR can typically be very useful
in these fields.

It is clear, then, that beyond the objective of helping the deaf community by making
their communication easier, any advances in this field will have an impact in many other
areas.

1.1.3 Isolate And Continuous Sign Language Recognition

The literature on SLR can be grouped into two categories: isolated SLR and continuous
SLR [8]. The section delves into the inner- workings of both approaches, clarifying their
applications and challenges, and emphasizing their importance in improving SLR.

e [solated Sign Language Recognition

Isolated sign language recognition concerns the recognition of signs that are per-
formed alone, which means that there is no sign before or after the performed
sign. In [8], the authors explain that Dreuw says that the main characteristic of
this form of SLR is that the performed sign is not affected by the preceding or
succeeding sign. According to the authors of the book, ”Visual analysis of hu-
mans” [10], The vast majority of SLR research has been concentrated on isolated
SLR because it is simpler than continuous SLR. Even though it’s important to
develop high-performance isolated models because they enable better techniques
that make the best use of the features representing the performed signs, Isolated
models are, however, not applicable to a real-world SLR system because, since
the goal of this category is to translate one sign after another, this system cannot
translate all sentences.

In the article of Rastgoo et al [1],the authors explain that there are still challenges
in isolated SLR that need to be managed, such as : “high occlusions of hands,
fast hands movement, background complexity, inexistence of the large and diverse
datasets, varying illumination conditions, different hand gestures, and complex
interactions between hands and objects.”.

e Continuous Sign Language Recognition

Continuous SLR concerns the recognition of a sequence of signs. The user performs
one sign after the other, generating a sequence. It is way more challenging since
a performed sign is now affected by the previous and the next ones. This effect is
called “co-articulation” and can also be found in speech recognition.

The main challenge is explained by the authors of the book “Visual analysis of
humans” [10], and bears on the transition between signs. In a sequence of signs,
it is difficult to identify the boundaries between signs in the sequence; in other
words, the issue is detecting when the sign starts and ends. This challenge is
called “movement epenthesis” or “segmentation” in speech recognition.

Both challenges will be explained later in the section “Challenges of SLR.”.

Another challenge in continuous SLR is the fact that the time to make a sign can
vary due to the context of the sentence. These variations make it harder for the
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system to recognize a given sign since the time varies, so the data for the same
sign varies, which complicates the training of the algorithm.

Continuous SLR is now widely studied by researchers thanks to the increasing
number of large databases available containing many different examples. In order
to develop a system for translating sign language into text or spoken language, it
is necessary to work on continuous SLR because this is the way sign language is
used in real life.

1.2 Features Extraction For Sign Language Recognition

In this section, we describe which types of features are used in SLR and their origin.

Joksimoski in his article [11] explains that SLR features can come from three types of
sources.

The first type is an image, a sequence of images, or videos that are created using a
camera. The second type is the transformed data that comes from specialized equip-
ment such as data gloves that use motion-tracking techniques. The gloves allow for the
retrieval of information about movements of the hands and arms, like rotation or the
location of joints. The last type of data source is depth data, which uses depth sensors
to extract the required information. This technique uses the depth in the scene; in other
words, it captures the distance from the sensor to the object. The most common devices
are the Microsoft R KenectTM and Intel R RealSenseTM series of sensors.

We now turn our attention to the different features extracted from the data that are used
to recognize signs. A sign is composed of two types of features: manual features such

as hand shape and position and non-manual features such as facial expression, facial
movement, and so on. Elements that make up the manual and non-manual features are

shown in Figure 1.1.
TYPE OF FEATURE
h 4
( MANUAL FEATURES ) QION-MANUALFEATURES)

» LIP SHAPES

FACIAL
——» HAND SHAPE EXPRESSION

HAND
MOTION
» HEAD POSES

FACIAL
MOVEMENTS
HAND
POSITION

—

FINGER BODY
SPELLING POSTURE

F1GURE 1.1: Type of features in SLR

A feature can come from different points of view [12]. The first simply concerns the
part of the body used to sign: hands, head, facial features, and body/shoulder motion.
The second aspect is whether a sign provides the main message or a paralinguistic
message. In sign language, the main message is composed of a manual (hand-based)
and a non-manual feature, where the non-manual one is used to complement the manual
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meaning. The last aspect is whether or not a feature has a meaning by itself or not.
For example, the non-manual components can alter the meaning of a sentence, but the
manual components have, most of the time, a meaning by themselves.

1. Manuel features

Manual features are the fundamental elements of sign languages that are used to
convey linguistic information. They are really the primary means of communi-
cation in sign language; it is therefore extremely important to analyze them in
order to be able to identify and recognize signs. Of course, the analysis of manual
features is highly related to the recognition of gestures but has its own challenges
[12].

e Hand shape

In gesture languages such as sign language, hand shape is one of the primary
features. This feature is widely used in gesture-controlled computing to per-
form specific commands within an operational system or application. As it
is explained in [10], it is challenging to analyze hand shapes due to an image
resolution issue. When the whole signer occupies the field of the camera,
most often the resolution of the video is not high enough to contain all the
specific details about the hand shape. Sensors such as data gloves allow us
to collect information more efficiently.

The other aspect that makes hand shape a challenging feature to apprehend is
the fact that in sign language, there are a wide variety of hand shapes. In [12],
there are 150 hand shapes in the American Sign Language and 57 variants in
the British Sign Language. This great variety makes it more difficult to set
up a system capable of recognizing all hand shapes.

e Hand motion

The second manual feature is hand motion, which is, with the hand shape
and position, one of the most important features of signs. It refers to the
specific configuration, especially the rotation and the trajectory, of the hands
that perform the sign.

In sign language, hand trajectories can vary considerably due to the large
number of signs, which means that hand movement analysis is complex and
requires different approaches. There are two types of signs in sign language
[12]: the dynamic ones and the static ones. For the static ones, you don’t need
to study the trajectory because, as their name suggests, they are static. On
the contrary, dynamic signs need a trajectory analysis to be studied. They
can be examined in two ways:

(a) Signs with global hand motion
This refers to signs with movements of the entire hand or arm during
sign execution. In this case, we use the hand center of mass to analyze
the trajectory.

(b) Signs with local hand motion
It refers to the signs with movement or changes in positions of individuals
fingers or hand shapes within a sign. In this case, it is mandatory to
analyze every part of the hand.

The trajectory can be difficult to analyze because it is generally noisy due to
bad illumination or occlusions [12]. It is an extremely costly feature in terms
of computation time. Segmentation of the hand motion can therefore not be
done in every frame, which reduces the system performance.

The last important information in this feature is the relative position of the
hand with respect to the other hand, especially in sign language. For each
sign, the hands can perform different actions. For example, the two hands
can synchronize their movements entirely, or one hand can stay still while the
other is in motion, or else they can approach or move away from each other.

e Hand position

Another important manual feature is the hand position in space; the exact
coordinates of the fingers and of the overall hand are necessary information.
In gesture recognition, the hand’s center of mass is occasionally used due
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to the difficulty of acquiring these coordinates, but in SLR, this information
alone is not sufficient. It is mandatory to make an in-depth analysis of the
hands to retrieve the relative location and the global motion of the hands
[12]. In addition, these analyses must be performed in three dimensions.

e Finger spelling
The manual features also encompass finger spelling, even if it is an ancient
form of communication. As defined in [13], finger spelling is : “the method
of spelling worlds using hands’ movements”.Finger spelling has two purposes
in sign language: the first is to spell names, cities, or other words that have
no sign in their own. The second purpose of finger spelling is to clarify a sign
when a person doesn’t understand the signer.
Each sign language has its own finger alphabet. For example, in Appendix
1, we have the finger alphabet of the American sign language and the finger
alphabet of the British sign language.

2. Non-Manual Features

Manual features are not the only information that is present in a sign. There are
also non-manual features, which are features that do not contain hand’-based signs.
The most well-known are the facial expressions, facial movements, lip shapes, head
poses, and body postures. These features in sign language serve to either reinforce,
weaken, or alter the meaning of signs. For example, facial expressions are used to
show emotional nuances or sentence forms (questions or claims, for example).

In [14], the authors explain that non-manual features provide a significant help
for sign language recognition tasks since they bring grammatical and prosodic
information. Prosodic information refers to the overarching elements of speech,
including intonation, rhythm, stress, and tempo. Even though the importance
of facial features is nowadays acknowledged, it took a long time to realize their
significance for automatic SLR. It was uncovered in Ulrich von Agris et al. (2008).

The non-manual feature that allows the best distinction between signs is the lip
shape [14]. This feature addresses ambiguities between signs and uses redundant
information to strengthen signs’ differentiation. Another extremely helpful feature
is the head pose, because it communicates a large amount of information, such
as whether the signer raises questions, states affirmations, denials, or conditional
clauses. Concerning body posture, limited attention has been devoted to this non-
manual feature up until now, even though it plays probably an important role in
sign language interpretation.

In order to build an efficient SLR system, it is therefore of first-order importance
to take into account the information given by the non-manual features. In [12],
The authors explain that two signs with the same manual components can have
different meanings depending on non-manual features. In Figure 1.2 come from
[14].

Figure : Manual + Non Manual
features

Figure : Only Manual Features

FIGURE 1.2: Manual Features and non Manual Features



Contents 9

In the literature, there are a limited number of works that use both manual and
non-manual features to recognize signs. Despite that, when it comes to continuous
SLR, it is essential to use both sources of information. It is particularly difficult to
combine them because non-manual features are not always synchronized (in time)
with the sign itself. This means that the analysis must be performed according to
different time scales. In Figure 1.2, the left image display an example into which
we only use the manual features, while the right image shows an example where
we use manual and non-manual features are used.

1.3 Type Of Sign Language Recognition Approach

In this section, we describe three approaches to capture the valuable elements of hands’
configurations to translate signs in natural language. These are shown in Figure 1.3.

Hybrid

approach

SIGN
LANGUAGE
RECOGNITION

Vision-based Sensor based

approach approach

F1GURE 1.3: Type of approach for Sign language recognition

1.3.1 Vision Based Sign Language Recognition

The first approach that we will describe is the vision-based approach, which accords with
[15] focus on features’ extraction from an image or video. To obtain these images, the
main tool that we need is a camera. This is precisely the advantage of this method: the
required material is limited, which greatly reduces research costs. Of course, the better
the quality of the camera, the sharper the image and the better the recognition system
will be. However, there are limitations associated with this technique that cannot be
eliminated, even when using a high-precision camera. In [15], the authors list three of
them :

1. Limited field of view of the capturing device
2. High computational cost
3. The need for multiple cameras to obtain robust results due to problems of depth

and occlusions

Figure 1.4 from [15] shows processing steps needed in vision-based system for SLR. In
vision-based methodology, there are four steps to perform :
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Recognized Hand P i Cesture Recognition Hand

Gesture Tracking System
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] 4
Preprocessed Image [
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SL Gesture Input Devicd 3

Input Image

! Captured Image

FIGURE 1.4: Vision-based approach,[15]

e First step: Data acquisition which corresponds to the ”SL gesture”, ” Input Device”
and ”Captured Image”.

The first step, as its name suggests, concerns the acquisition of necessary data. At
this step, we need a large number of images of each specific sign—images that have
been performed under different conditions—to make the algorithm more resilient
to change. As shown in Figure 1.4, there is the sign language gesture recorded by
the input device (camera), and then we have the captured image.

e Second step: Image processing and Segmentation.

The second step is used to prepare the images recorded in the first step. This
can involve a number of different tasks, such as standardizing the images so that
they have the same format or reducing image noise (i.e., removing anything that
prevents the right information from being extracted). The goal here is to improve
the robustness of the method that is implemented.

We also perform the segmentation of the image in this step. In an image, there is
a lot of unnecessary information. It is of first-order importance to identify which
part of the images contains this information. The goal is to extract relevant parts
of the image, especially the once’s that are focusing on the gestures [16].

e Third step: Feature extraction.

The aim is to create a manageable data set from the raw data—the images. Storage
and computing power constraints often limit the quantity of information that can
be used. Too much data will have negative effects, and in particular, the overall
system will be too slow to operate. Dealing with this issue refers to ” dimensionality
reduction” techniques aimed at reducing the number of dimensions into which the
raw information is mapped.

e Fourth step: Classification

This last step, which is the two last points in Figure 1.4, concerns the algorithm
training, which corresponds to the ” Gesture Recognition Hand Tracking System”
in Figure 1.4, and the classification of the gesture into specific classes, which cor-
responds to the ”"Recognized Hand Gesture” in Figure 1.4 There are two types
of classification techniques: supervised and unsupervised. The difference between
the two is that supervised machine learning takes known data as input in order to
train the system to recognize that data, whereas unsupervised machine learning
uses unlabeled data as input. Unsupervised techniques do not therefore expect
any desired output to be predicted as a result, but rather to find patterns and
relationships between the data. It is important to notice that most systems are
based on supervised learning.
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1.3.2 Sensor Based Sign Language Recognition

The second approach to learning is the sensor-based approach, which, according to [15],
uses mechanical gloves that contain sensors to record hand or other body parts gestures.
Different types of sensors are used to capture this information, such as flexion (or bend)
sensors, proximity sensors, accelerometers (ACC), and abduction sensors. There are
multiple parts of the hand that can be measured with these sensors, such as the bend
angles for fingers, the abduction between fingers, and the orientation of the wrist. The
important difference and advantage compared to the first approach is that by using
gloves with sensors, there is no need to process the raw data into usable data. Indeed,
the gloves can directly report the relevant information. In the vision-based approach, we
need to perform a feature extraction from the raw data, which increases the complexity
of the overall system|[15].

Figure 1.5 made by [15] show the processing steps needed in a sensor-based system for
SLR. It is exactly the same as in the vision-based approach, except for the first step,
“data acquisition,” since the input device is no longer a camera but gloves with sensors.

Output
signals

Recognized Hand = Gesture Recognition Hand
Gesture Tracking System

FExtract Data

Feature Extraction

Preprocess signals T

SI Gesture Input Device Gesture Processing

I Tactile sensor I-h

" Micro
Flex sensor
—_—

Input signals T

A

w,

PP [ Capture Gesture
g/ : controller

I IMU sensor l-h

FIGURE 1.5: Sensor-based approach, [15]

In [6], the authors explain that there are three types of technology in the sensor-based
approach: data glove, electromyography (EMG), WiFi, and radar.

e Data Glove The first technology used to recognize sign language was the data
glove. As we just said before, they use different sensors to capture the necessary
information.

e Electromyography (EMG)

EMG involves capturing the electrical signals produced by the muscle tissues
through electrodes either placed on the skin or directly attached to the muscles.

e WiFi and Radar

One of the possible WiFi technologies is the Wisee technology, which uses multi-
ple antennas to detect the user’s gestures through changes in the frequency of a
wave. It is considered much simpler than Kinect technology because WiFi does
not require you to see the sign directly and can go through walls. In comparison,
radar technology uses the difference in magnitude and doppler shite to extract
features. This technology offers way more flexibility in terms of orientation than
the vision-based approach because it is not mandatory to face the camera.

Regardless of the type of technology used, the sensor-based approach has several benefits
[15] :
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e The first and most important one is that it is much simpler to obtain the relevant
data.

e The second one is that gloves are also way more comfortable for the user and have
high mobility, which makes them easy to carry.

e Sensor-based data acquisition is, in addition, an extremely active area of research
because this technology can be useful in various fields such as SLR, substitutional
computer interfaces, socially assistive robotics, immersive gaming, virtual objects,
remote control, medicine-health care, and many more, and this guarantees rapid
advances in the field.

This approach also has its drawbacks, and we can divide them into two categories:
problems linked to devices and those linked to users.

e Drawbacks linked to devices

The main drawback related to devices is simply the price of the gloves. Many of
them are on the market, but prices can vary from $1,000 to $20,000, which is very
expensive. The second problem is the portability of the devices: to translate signs
with gloves, you need a PC, which makes the whole thing difficult to transport.
Even though it is easy to gather hand-based information, it is not possible to have
access to some important parts of the body, such as the arms and elbows. This
can cause an inability to recognize certain signs.

Another problem is related to the quality and quantity of sensors. It is much
better to use more and better-quality sensors because bad sensors will generate
noise. With poor-quality sensors, a lot of relevant information will be lost. This
can negatively affect the overall performance of the system.

The final device-related problem is what is called ”calibration.”. This issue is due
to the fact that every person has a different anatomy: finger extent, size of the

hand, and thickness. Each glove needs therefore to be ”calibrated” ’(adapted) for
users.

e Drawbacks linked to users

There are two limitations in this category. The first one is due to variations in sign
execution by signers. These variations affect the angles of finger joints or simply
the positions of the hand and fingers. These variations impact the performance of
the SLR system again.

The second limitation is, like for devices, the need for calibration. Each person has
different hand sizes, which affects the performance of gloves equipped with sensors.
If gloves aren’t suitable or don’t suit the user, this can have a serious impact on
acquired data and, therefore, on overall system performance.

1.3.3 Hybrid Based Sign Language Recognition

The last approach employs a combination of the first two approaches to collect the
data by combining a camera and glove system, as explained in [15]. This technique
was created to optimize the use of inertial sensor measurements, thereby improving the
utility of the collected visual data. Since this approach is not used frequently due to the
high cost of the necessary equipment, not much can be said about it. This is, however,
perhaps a path for future developments.
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1.4 Challenges In Sign Language Recognition

In this section, we present challenges that vision-based gesture recognition faces and,
therefore, with which SLR systems have to deal. SLR systems face, in addition, their
own challenges, which we will also describe.

In the literature review written by Al-Shamayleh et al [17], the authors propose a ty-
pology of challenges that vision-based gesture recognition faces. Figure 1.6 summarizes
this typology. The different challenges are divided into three categories: system, envi-
ronment, and gesture challenges. and each category has its own characteristics.

SYSTEM ENVIRONMENT GESTURE
CHALLENGES CHALLENGES CHALLENGES
‘ COST FACTOR ‘ BACKGROUND TRANSLATION
‘ RESPONSE TIME ‘ ILLUMINATION SCALING
‘ ETCHNIC GROUP ROTATION
SEGMENTATION
FEATURE
SELECTION

DYNAMIC GESTURE

Dataset

FIGURE 1.6: Vision-based Gesture Recognition Challenges

1.4.1 System Challenges

The first type of challenge is denominated ”system challenges” and concerns all re-
quirements and expectations that the users might have towards the performance of the
developed system. We have two challenges in this category:

1. Cost factor
In order to perform gesture recognition efficiently, special equipment is required.
For example, in the case of the vision-based approach, it is necessary to use an
excellent camera to benefit from high image quality. In the case of the sensor-based
approach, data gloves and sensors are indispensable to having the necessary input.
All of this can lead to high costs, which can limit the diffusion of the technology.

2. Response Time

In order to have an efficient gesture algorithm, it’s important that the response
time be fast (at least fast enough to be usable). The global time to execute the
algorithm and to obtain the meaning of the gesture must suit real-world use.
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1.4.2 Environment Challenges

This type of challenge is particularly present during the creation phase of a dataset.
It concerns, more specifically, anything that can alter the environment during video
recording, such as the illumination, background, and ethnicity of the signer.

1. Illumination

It concerns natural or artificial changes in lighting due to internal or external
factors.

2. Background

The background includes everything that surrounds the person signing during the
video recording.

3. Ethnicity of the signers

Ethnicity is an important challenge to tackle in gesture recognition. The algorithm
must be indifferent to a person’s ethnicity, while morphology undergoes significant
variations between ethnic groups.

Since most of them are present during the creation phase of the dataset, they can sig-
nificantly affect the quality of the dataset, which in turn affects algorithm performance.
A high-quality dataset is one that contains videos with many different signers and that
contains light and background changes [7]. There is really a need for numerous videos
to increase the reliability of the algorithm.

1.4.3 Gesture Challenges

The gesture challenges concern all the things around the gesture itself, its structure, and
its variations.

1. Translation

The translation challenge pertains to the spatial orientation of hands within an
image. These shifts can occur through the adjustment of the camera or just by
changing hands locations.

2. Scaling

In the vision-based approach, an essential requirement is to make sure that the
camera can properly capture the hands. If the hands are too far away from the
camera, it can greatly affect the overall recognition rate.

3. Rotation

Rotation movements can be very difficult to manage, whether it is hands or any
gesture rotation.

4. Segmentation

In vision-based gesture recognition, it is important to be able to extract precisely
the portion of the image of interest. This is segmentation: if you're interested in
the position of hands or faces, you must be able to perform an accurate segmen-
tation of these elements. Segmentation can directly affect the overall performance
of the SLR system and, especially, the classification rate of signs. Without enough
information, the system will underperform; with too much information, it will
struggle to extract the correct features. The best way to address this challenge is,
as indicated in [17], to be able to recognize the foreground from the background.
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5. Feature Selection
As its name suggests, the feature selection challenge is about the selection of the
desired features. In an image, there’s a large amount of information, but as we said
in the ”Segmentation” challenge, dealing with too much information is detrimental
to the overall performance of the SLR system. It is particularly important to choose
the right features to acquire and, simultaneously, to be able to run the system in
a reasonable time frame.

6. Dynamic Gesture

In [7], dynamic gesture as defined as ”a gesture whose semantics do not only rely
on the hand and arm configurations but also in the movements performed by the
signers.”. Dynamic gestures are much more complicated to manage because you
have to take into account the movement of the gesture. This adds a time dimension
and, therefore, much more information to process. In sign language, most signs
are dynamic gestures by nature. The SLR system must therefore take into account
movement epenthesis and co-articulation, as explained hereafter.

7. Dataset

The last challenge in the gesture category is the dataset. As we explained just
before, the size and variety (example of a sign with different background, illumi-
nation, etc.) of the dataset play a crucial role in the robustness and performance
of the overall system. Obtaining a suitable dataset is the first and most important
step in gesture recognition. Without it, nothing can be achieved.

Bragg et al. [18] explain that there are three problems that need to be addressed
to have a good dataset. The first two, size and variety, are also pinpointed in
Fink’s article [7]. Bragg stresses that the need for size and variety is due to the
fact that modern machine learning techniques work better on large datasets. That
contains a lot of examples. Variety can be based on gender, age, clothing, geogra-
phy, culture, skin tone, body proportions, disability, fuency, background scenery,
lighting conditions, camera quality, and camera angles [18] to depict precisely the
situations met in the real world.

The third issue is the use of novice signers in the dataset and of professional signers
who are not native signers. They often change the execution of signs by simplifying
style and vocabulary, which prevents the system from being used in real life.

1.4.4 Challenges Specific to SRL

We have seen in the previous section what challenges are present in both SLR and gesture
recognition, but SRL has its own challenges. We can cite three of them: movement
epenthesis, co-articulation, and the numerous types of signs. We describe each of them
in detail.

1. Movement Epenthesis

In [19], the authors explain that sign languages are ”a sequence of gestures per-
formed one after another without any pauses, like spoken language.” A sign is thus
a sequence of gestures divided into different phases: three for isolated signs and
four in the case of continuous signing. The three common phases are:

e Preparation phase
The preparation phase is defined as ”"the movement of the hand from rest
position to the signing area in front of the body” [19].

e Stroke phase
The stroke phase is defined as ”the movement describing the word (original
sign)” [19].

e Retraction phases

The retraction phase is defined as ”the movement of the hand back to rest
state” [19].
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In continuous signing, the fourth phase is named ”transition” and lies between the
stroke and retraction phases.

e Transition phases
The transition phase is defined as :”the hand movement after the ending of

one sign to the position from which the subsequent sign will be performed”
[19].

The transition phase represents exactly the challenge of "movement epenthesis.”
To determine the start and end of a sign is a very difficult task and one of the most
difficult challenges in SLR. Those movements are not signs; they have no meaning,
but automated sign language recognition systems mistake them for signs. There
is really a need for new techniques that allow us to identify and ignore movement
epenthesis to increase sign language recognition.

2. Co-articulation

The second big challenge of sign language recognition is co-articulation, which
is due to the starting and ending positions of a sign changing depending on the
context.

In [7] [20], the authors explain that co-articulation comes from the fact that signers
tend to change the ending position of the current sign to anticipate the next sign.
These changes can affect the hand shape, movement, and position of the sign,
thereby making the recognition of signs within sentences more complex.

3. Numerous types of signs

In sign language, as we have seen before, signs are divided into multiple classes:
the fully lexical sign, the partly lexical sign, which contains pointing signs and
depicting signs, and finally the non-lexical sign.

In [21], the authors report a study done on Australian sign language (Auslan cor-
pus), which showed that in this database, there were 70.2% lexical signs, 12.3%
pointing signs, 11% depicting signs, and 6.5% non-lexical signs. French sign lan-
guage conversations are more or less composed of 75% lexical signs and 25% of
depicting signs.

The challenge here is to be able to create a tool capable of recognizing any type
of sign, where each has its own characteristics and likelihood of being used in real
life. Lexical signs are the most common of all, and they are therefore easier to
recognize as datasets are often filled with more examples. On their side, depicting
signs is really tricky to deal with because instead of using lexical signs that are
associated with a unique label, they are used to describe a situation that highly
depends on the context. Even lexical signs can be difficult to handle because a
slight change in the manual feature can totally change the meaning of the sign. In
[7], they give this example: ”signers would rather execute the sign walk quickly
instead of using sequentially the signs walk and fast.”

In the next chapter, we will describe the theory behind each of the models and dimen-
sionality reduction techniques used in this work.




Chapter 2

Theory And Models

Chapter two presents the theory behind the techniques we will be using in this master
thesis. This chapter will contain two sections, The first of which will present the deep
learning technique that enables sign recognition, or more precisely, the classification of
the sign into the correct class, and the second section will present dimension reduction
techniques.

2.1 Deep Learning Methods

In this first section, we will explain all the techniques we use in this master thesis that
belong to the class of machine learning techniques that use artificial neural networks to
automatically learn the data. These techniques had a hard time getting off the ground
in the early days, as they required very large amounts of data to operate, but since the
advent of large, publicly available datasets, they have become extremely popular. Deep
learning methods are built to model relationships within large datasets and extract the
right features through multiple layers of neurons. These methods are used in multiple
domains, such as computer vision, natural language processing, speech recognition, re-
inforcement learning, and so on. In the case of our master thesis, we use these methods
to perform the task of classification.

2.1.1 Artificial Neural Network

The artificial neural network (ANN) is a model based on the biological functioning of
a neuron network. In machine learning, this network is represented in the form of an
oriented, weighted graph. It has many layers of neurons (nodes) linked with each other
thanks to some weighted connections (the edges of the graph). The first layer is an
input layer, usually composed of one node per variable. The last layer is the output
layer. It can either be one single node, mostly for binary output, or multiple nodes in
the case where there are many classes that can be predicted. The layers in between are
called hidden layers. They are responsible for most of the transformations. This model
is generally used for class recognition [22]. Figure 2.1 shows the architecture of an ANN
with multiple inputs and hidden layers.

The first step of ANN is the feed-forward network. This is the forward propagation
of the data. It happens mainly in the hidden layers. There are two phases [24], the
first phase is the pre-activation phase. This is where they compute the weighted sum
of all the inputs of the node, to which we add a bias term. If the pre-activation passes
the threshold, then the activation phase begins. The activation is a non-linear function
that transforms the data. There are many possible functions, but we use two of them:
the sigmoid and Rectified Linear Unit (ReLu) functions. The equation of the sigmoid

17
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Input Hidden Layer Output
Layer

FIGURE 2.1: Architecture of an ANN from [23]

function is [22] :
1
' d(a;)) = ——— 2.1
Sigmoid(a;) = (2.1)

where a; represents the pre-activation function of the layer ¢
The equation of the ReLU function is [25]:

ReLu = maz(0, z) (2.2)
where z is the input value to the neuron.

During this first step, each connection in the network, also called an edge [26], is asso-
ciated with a weight that determines the strength of the connection between the two
neurons. It means that for h;;, the output of the ith neuron of the Ith layer, its value is
then given by [26]:

N;

hijyr1,=0 Z wyjihj + b (2.3)
j=1

Where :

e wy;; is the weight of the edge between node j of layer [ and node i of layer
[+1

e by; is the bias term of the neuron

e o is the activation function

The next step is the improvement of the results. The aim of this is to minimize the error
function in order to achieve the best accuracy of prediction.

This directly leads to the third step of the ANN model: back propagation. The aim of
this mechanism is to update the neural network based on his performance. It is a tuning
of the weight based on the error rate. To compute this, the derivative of the activation
function is used [22].

The first forward propagation is done with random weights that are then updated thanks
to the back propagation based on the results obtained. This is called the gradient descent
method. But the weight is dependent on the output function and the last hidden layer.
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2.1.2 Convolutional Neural Network

The Convolutional Neural Network (CNN) is a neural network particularly efficient
with image, speech, or audio signal inputs. It is based on three main types of layers:
the convolutional layer, the pooling layer, and the fully connected (FC) layer.

The convolutional layer is the core of the CNN. It is composed of three elements: the
input data, a filter, and a feature map. In the case of a color image, the input data
is a 3D matrix of pixels with the depth corresponding to the RGB of the image. The
filter, also called kernel, is a 2-dimensional matrix (usually of size 3x3) [27]. This
filter moves across the input matrix, from left to right and top-down [28]. The filter
is applied to an area of the input matrix, and a dot product is computed between the
input and the weights of the kernel [22]. The result is stored in an output array. This is
called convolution [27]. Then the filter moves by a stride whose length is determined in
advance. Each layer of the depth of the input matrix uses its own kernel. The output
is the sum of the weighted input plus a bias term [28]. When all the input data has
been treated, the final output array of dot products is the feature map. After each
convolution, the CNN applies a ReLU (Rectified Linear Unit) activation function to the
feature map, introducing non-linearity in the model. The first convolutional layer will
capture low-level features. A convolutional layer can be followed by another one. The
more we add convolutional layers, the more we will capture high-level features.

The pooling layer, also working with the ReLU function, has a functioning similar to
the convolutional layer [22]. The principal action of the pooling layer is dimensionality
reduction, which reduces the parameters in the input. The pooling layer also works with
a filter, but it is not weighted this time. An aggregation function is applied to the value
instead. There are two main types of pooling: max pooling and average pooling [27]. We
decided to use the Max pooling function, which selects the highest value of the area. The
advantage of Max pooling is that it reduces noise. Though a lot of information is lost
in the process, it reduces the complexity, improves the efficiency, and avoids overfitting
by keeping only the dominant features [27].

Finally, the FC layer is always the last layer of a CNN, as it is the output layer. It is
fully connected to all the nodes in the previous layer. The FC layer flattens the features
extracted through all the previous layers into a column vector and can feed this into a
classification method [22], [27]. The classification process can be seen as an ANN since
it usually uses a Softmax function and a feed-forward and backpropagation system [27].
Figure 2.2 shows the architecture of a typical CNN.
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FIGURE 2.2: Architecture of a CNN from [29]

The neural networks often suffer from an increased volume of space as the number of
dimensions increases, also named the “curse of dimensionality” problem [30]. However,
thanks to pooling and convolution, the CNN only works with abstract representations
of the features, which decreases the dimensionality [30].
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Next to this, the drop-out layer prevents the model from overfitting. A drop-out layer
is a sort of “mask that randomly nullifies the contribution of some neurons towards the
next layer” [30]. It can be applied to any layer except the output layer. The dropout rate
usually varies between 0.5 (hidden layers) and 0.2 (input layer) [31]. It is particularly
important during the first batch of training, as this batch has a great influence on
determining the weight of the neurons [30]. During the prediction phase, the dropout
layers are not used. This leads to the final weights being larger than expected. To deal
with that, weights are first scaled by the dropout rate [31].

2.1.3 Recurent Neural Network

Recurrent neural networks are a type of neural network used in supervised machine
learning models that are made of artificial neurons with one or more feedback loops [32].
The main difference between a basic artificial neural network is the presence of these
feedback loops, which are defined in [32] as “recurrent cycles over time or sequence.” As
for any neural network, it is necessary to have a training dataset to train a recurrent
neural network that contains a set of input-target pairs. Of course, the goal is to
minimize the disparity between the network output and the target values by adjusting
the weights of the artificial neurons contained in the neural network.

Recurrent neural networks have become increasingly popular over the years for their
ability to effectively model sequences of varying lengths. It means that this type of
neural network is really suited to recognize patterns in sequences of data such as video,
speech, language, and time-series data [33]. Recurrent neural networks are also used in
other tasks such as language modeling and learning word embeddings [34].

The baseline architecture recurrent neural network is composed of three layers, as in
an artificial neural network: an input, hidden, and output layer. Figure 2.3 that comes
from [33], the input layer is represented by the node with the letter ”z”, the hidden
layer by the nodes with the letter ”A”, and the output layer by the node with the letter
“y”. As explained in [33], the difference between a RNN and a classic ANN is that in
this architecture, there are some loops. In other words, the nodes in the hidden layer
are interconnected, which is not the case with a classical neural network. It means that
the previous node in the hidden layer has an influence on the next node in the hidden
layer.
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FIGURE 2.3: Architecture of a basic RNN [33]

This approach guarantees that the output at time n depends on the inputs from time
t =1 to time ¢t = n. In other words, it is a sequence of data that determines the output
and not only an individual data point. For example, the outputl depends on the inputl,
and the output3 depends on the inputsl, input2, and input3. For the hidden layer, it is
a bit different because a hidden layer node depends only on the previous hidden node
and its own input layer node. For example, the hidden2 node depends on the input2
node and the hiddenl node [33].
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In terms of equations, to compute the value of a hidden layer of the output layer node,
we use these formulas [33]:

hi = tan((Ly(z¢) + r1(hy — 1)) (2.4)

Yt = La(he) (2.5)

where L1, Lo, and r1 represent the weights of the nodes in the input, hidden, and output
layers.

We are now going to present the two types of RNN that we will use in this master thesis.

2.1.3.1 Long Short-Term Neural Networks (LSTM)

The first type of recurrent neural network that will be explained is long-short-term
memory. This model was created to address the issues of vanishing, exploding gradients,
and the problems of training over a long sequence and retaining memory.

As we said earlier, a recurrent neural network improves the performance of a neural
network by incorporating the ability to understand sequential dependencies [32]. But
recurrent neural networks have one big problem that appears during backpropagation. It
is the feedback loops that allow a RNN to retain information over time; the training of a
RNN can be very difficult when the model has to face lengthy sequences that require long-
term temporal dependencies. This problem is called the “vanishing gradient problem”
[33]. In other words, it means that the weights calculated during the backpropagation
can, if they are dealing with lengthy sequences, vanish or explode. If they vanish, it
results from the multiplication of small values (less than 1). On the contrary, if the
weights explode, it results from the multiplication of numerous large values (exceeding
1). Since all classical RNN failed to address these problems, in order to lean long-term
sequential data, the long-short-term memory was designed [33].

The architecture of an LSTM is thus different from that of a classical RNN. The LSTM
contains “memory cells,” whose role, as explained in (3), is to “maintain the information
in memory for long periods of time.” The inputs and outputs of these memory cells
are controlled by what we called ”gates.” Their objective is to “control the flow of
information to hidden neurons and preserve extracted features from previous timesteps.”
[32]. As shown in Figure 2.4 that come from [32], a typical LSTM is made of an input,
output, and forget gate in each memory cell. It is impossible for the network to remember
all the information and thus need to decide which becomes irrelevant at some point, but
the network cannot detect by itself the unnecessary information. This is the role of the
“forget gate.”, this gate as it is there to “control the rate at which the value stored in
the memory cell decays” [32]. When the input and output gates are not working and

the forget gates do not cause decay, the memory cells keep their value in memory over
time.
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FIGURE 2.4: Architecture of a memory cell in a LSTM
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A LSTM can have four different architectures: one to one, one to many, many to one,
and many to many models. In the case of our master thesis, we use the many-to-one
model, and this is the one we are going to explain in a little more detail [33]. The
authors of the book “Deep learning with applications using Python” [33] explain that
this model uses many inputs to create only one output. In Figure 2.5 that comes from
[33], we can see that there are many inputs represented by the letter x and only one
output represented by the letter y.

y
Output O
hil vy
u
Hidden  —
W
Input Xq X, Xy X

FI1GURE 2.5: Architecture of many to one LSTM model

Even if the LSTM helps solve RNN problems, it has his disadvantages. Sankar in
his article [32] explains that the architecture of the hidden layer of a LSTM is highly
complex, there are four times more parameters in a LSTM than a classical RNN. The
Eac_t that there are so many more parameters makes it much more time-consuming to
rain.

2.1.3.2 Gated Recurrent Unit (GRU)

The second type of RNN that we use in this master thesis is the Gated Recurrent Unit.
In comparison to the LSTM, which has a complex architecture with numerous memory
cells, the GRU contains much fewer parameters. Like the LSTM, a GRU captures the
information of a sequence unit with gating units that modulate the flow of information
but without the presence of distinct memory cells [32]. Figure 2.6 that comes from [32],
we can see that in a GRU, the gate z decides whether the hidden state should incorporate
a new hidden state h, and the gate r decides if we ignore or not the prior hidden state.

.r/ Input
—> <~——

Output

FIGURE 2.6: Architecture of GRU
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2.2 Support Vector Machine

The third model that we will present in this part is the support vector machine (SVM).
We will first describe the baseline model, the linear SVM, then the SVM we use. The
SVM is a well-known model used in supervised binary classification. This model was
built to “construct an optimal separating hyperplane between two perfectly separated
classes.” [35]. His approach is to use the concept of margin, which is “the smallest
distance between the decision boundary and any of the samples.” [22]. The goal is to
maximize the margin, and to compute it, we use the Euclidean distance between the
closest observations (called the support vector) and their orthogonal projection on the
hyperplane, as shown in Figure 2.7.

Let suppose we have a set of data of N pairs :
(z1,91), (22, 92), - - (TN, YN)
where z; € RP and y; € {—1,1}.
The equation of a hyperplane is, as shown in Figure 2.7:
fl@)=a"B+ =0 (2.6)

where  is a unit vector.

M = L
M = 1Al
. »
margin
L . -
M= L
. 21|
FIGURE 2.7: Architecture of a SVM from [35]
The problem can be formulated as this [35]:
max M (2.7)
8,80, 181=1
subject to  y;(z? B+ o) > M, i=1,...,N (2.8)

In our master thesis, we have two problems . that make it impossible to use linear SVM.
The first is that our data are not linearly separable, and the second is that we have
much more than two classes.

To solve the non-linearity problem, the dataset is projected into a higher-dimensional
space in which it is linearly separable. This is done by using the kernel trick. That trick
allows you to work in a higher-dimensional space without ever computing the coordinates
of the datapoint in the higher-dimensional space. Then, with the feature space and the
kernel trick, we can work in higher-dimensional space ¢ but this mapping ¢ is unknown



Contents 24

and we don’t need to know it. In this work, the kernel function used is the Gaussian
RBF function because this kernel function works with pairwise distance [22] :

k(z,2') = exp (W) (2.9)

where o represents the standard deviation of the RBF kernel.

To solve the problem of multi-class classification, there are two techniques :

1. One versus One (OVO) : In this technique, one class is compared to each of the
other classes. The goal is to find the hyperplane that best separates the two classes,
but this is done with all the possible combinations. It means that if we have 10
classes, we will have 45 hyperplanes.

2. One versus Rest (OVR) : In this technique, one class is compared to all the others.
The goal is to find the hyperplane that best separates one class from all the others.
It means that if we have 10 classes, we will have 9 hyperplanes.

In Appendix 3, we can find an example of the OVO and OVR technique.

2.3 K Nearest Neighbors (KNN)

KNN is a supervised learning model that predicts the class of a new observation based
on its k£ nearest neighbors. To choose which class to give to a new observation, KNN
uses a majority voting system to allow the classes of the k observations closest to the
new observation to be selected. To find out which are the closest observations, there are
several ways of calculating distances, such as the Euclidean distance, which is the one
that we use in our work because it is one of the most used, the Manhattan distance, the
Minkowski distance, the Hamming distance,. ..

Figure 2.8 shows how a KNN works.
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O Class 1 O Class 1 O Class 1
O Class 2 O Class 2 O Class 2

FIGURE 2.8: Classification with a KNN [36]

The equation of the Euclidean distance is :

d(z,y) = (2.10)
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2.4 Dimensionality Reduction Techniques

Dimensionality reduction plays an essential role in examining data with numerous di-
mensions.The goal of these technique is [37] “to reduce the distance in a latent space
between distributions of different data sets to allow efficient transfer learning”. In other
words, this means that it consists of reducing the number of features related to a certain
class without losing the capability to recognize this class. In the literature, many stud-
ies support the fact that classifiers (models used to classify) are less preferable when no
reduction dimension has been made because the reduced-dimensional representation of
the original data helps mitigate the challenges posed by the curse of dimensionality.

There are many different dimension reduction techniques, such as principal component
analysis, non-negative matrix factorization, isomaps, t-distributed stochastic neighbor
embedding, uniform manifold approximation and projection for dimension reduction,
autoencoders, multidimensional scaling, and so on. Each of these techniques is based on
one or more criteria to reduce the dimensions [38].

There are many advantages to using dimension reduction techniques, we list seven of

them [37]:

e “Decrease the number of dimensions and data storage”

e “It requires less time to compute”

e “Irrelevant, noisy, and redundant data can be deleted”

e “Data quality may well be optimized”

e “Allow to visualize data”

e “It simplifies the classifications and increases performance as well”

e “Help an algorithm to work efficiently and improves accuracy”

All size reduction techniques fall into two categories : feature selection and feature ex-
traction. The purpose of the first type is to address dimensionality issues by minimizing
redundancy in the data, deleting unnecessary data, and improving the interpretability of
the outcomes. On the other hand, feature extraction techniques are not used to remove
dates but to find the most relevant features, the ones that contain the most information,
to improve the efficiency of the algorithm [37].

2.4.1 Principal Components Analysis

The first technique of dimension reduction that we will present is principal component
analysis (PCA), which is one of the most widely used techniques in dimension reduction.
It can be define as “the orthogonal projection of the data onto a lower dimensional linear
space, known as the principal subspace, such that the variance of the projected data is
maximized” [22]. In other words, the goal is to reduce the dimensionality of a dataset
while retaining the most important information. By converting the data into a new set
of variables called the principal components, which are uncorrelated, PCA preserves the
variability (variance) of the original data for as long as possible.

Consider a set of observations {z,} where n = 1,..., N with dimensionality D, the
goal is to project our data into a sub space dimensionality M < D while maximize the
variance of the projected data.

Firstly, consider projecting onto a one-dimensional space. To define the direction of this
space using a D-dimensional vector u; which is a vector unit ulTul = 1. Then, each data
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of the dataset x,, is projected onto the scalar value u]—xn. As we said before, the goal is
to maximize the variance of projected data which is :

N
1 2
N E <u1Tmn = uIa’:) = ui Suy (2.11)
n=1
where :

e X is the mean of the projected data given by this formula [22]:

1 N
X=—=> X, (2.12)
N n=1

e S is the data covariance matrix given by [22]:

sli< — %) (%~ %)" (2.13)
_Nn:1 X, — X) (x, — X .

To maximize the variance of the projected data, we use a Lagrange multiplier A1 to
obtain a unconstrained maximization of :

uy Suy + A (1 — uf up) (2.14)

By solving this maximization, we find this stationary point [22]:
Sul = )\1’&1 (215)

where wu; is the eigenvector of S.

By pre-multiplying the previous equation by uir, we can rewrite this equation like this,
which give the value of the variance [22]:

ui Sup = A\ (2.16)

Finally, the variance reaches its maximum when u; is equal to the eigenvector corre-
sponding to the largest eigenvalue. The eigenvectors are the principal components. In
the general case of an M-dimensional projection space, the ideal linear projection is de-
termined by the M eigenvector uy, . .., uys of the data covariance matrix .S corresponding
to the M largest eigenvalues A1, ..., Ay [22].

2.4.2 Auto-Encoder

Auto-encoder, also known as auto-association, is a dimension reduction technique that

uses the implementation of an artificial neural network to reduce the number of dimen-
sions.

Figure 2.9 that come from [39] shows the architecture of a auto-encoder. It is composed
of two parts: an encoder and a decoder. The purpose of the encoder is to transform the
high-dimensional data into low-dimensional data, whereas the decoder does the exact
opposite, transforming the low-dimensional data into its original high-dimensional data.
In the figure, the compressed layer d contains the most important information that comes
from the original data. The overall goal of the auto-encoder is to adjust the weights for
each unit to ensure that the outputs are as close as possible to the inputs [39].
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FIGURE 2.9: Architecture of an auto-encoder [39]

In terms of equations, we obtain the value of the encoder and decoder parts with these
equations [39] :
E(z) : W(z)+b (2.17)

D(z) : WT(z) + ¥ (2.18)

W and b represent the weight and bias matrix of the encoder in equation 2.17, while in
equation 2.18, W7 and ¥ represent the weight and bias matrix of the decoder.

To identify the difference between the x and the x,,¢, an auto-encoder employs a loss
function such as the mean absolute error (MAE) or the mean square error (MSE). While
the MAE represents the mid-value data, the MSE reflects the mean value of the data.

In order to find the best low-dimensional space, the method that the auto-encoder uses
to find its weights is extremely important. The weights can be performed randomly,
but often, the results deviate considerably from the desirable outcomes. There are other
methods that an auto-encoder can use to optimize its weights, such as the restricted
Boltzmann machine (RBM). This method uses the underlying data structure to perform
backpropagation to find the best possible weights [39].

2.4.3 Singular Value Decomposition

Singular value decomposition (SVD) is a dimension reduction technique that involves
the decomposition of a matrix into three other matrices. SVD provides reduced-rank
approximations for both dimensions of the original matrix (m, n, for the m rows and n
columns). Here is the SVD equation :

A=UxvT (2.19)

In equation 2.20, A is the original matrix of dimension (m,n).

U is an orthogonal matrix of dimensions m * m. The columns of this matrix define
the left singular vectors of the original matrix A. The matrix U is obtained from the

eigenvector matrix of AT A

The matrix X is of dimensions m % n, where the diagonal contains the singular values
of the original matrix A, and the rest of the matrix is filled with zeros. The singular
values are placed in decreasing order on the diagonal of the matrix > such that o1 >
o > e 2 Omin(m,n)
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VT is an orthogonal matrix of dimensions n * n. The columns of this matrix define the
right singular vectors of the original matrix A. The matrix V7 is obtained with the
eigenvector matrix AT A.

m>nmn.
C R T * K* Kk Kk x| |e
* ok ok * * Kk Kk K . * ok ok
£ ¥k k] = |k * * * *x e | | * * *
* ok ok * Kk Kk Kk Kk * x K
[ —
I T * Kk * Kk * VT
\—,—l
A v z
m<n:
| * k Kk Kk K
|
* % % % * k x| [e * k Kk Kk K
I = |*x *x * [ ] * kK Kk K
* % ok % * kK L] * ok ok ok Kk
A U 5 * ok Kk Kk Kk
————
VT

FIGURE 2.10: Architecture of SVD

Figure 2.10 that come from [40], we can see how the matrix ¥ is filled. When m > n,
rows beyond the value of n will be filled with zeros. In the opposite case, when n > m,
the columns beyond the value of m will be filled with zeros [40].

To approximate the original matrix with the SVD, we simply keep the first k singular
values of the ¥ matrix and set the other singular values of the diagonal equal to zero,
then use the original formula with the new ¥ matrix called ¥'. We have thus this
equation [40]:

A =UxvT (2.20)

In the next chapter, we will present the dataset used in this word and the pre-processing
steps.




Chapter 3

Data Presentation &
Transformation

Chapter three is divided into two sections. The first section presents the existing datasets
and the University of Namur (UN) dataset we will be using. The second section presents

the pre-processing we have carried out on our dataset so that we can apply our models
to it.

3.1 Used Dataset

In this second chapter, we present existing datasets that are used for SLR system build-
ing. As we have seen before, the availability and quality of datasets are major challenges
in this field, given the time and difficulty involved in creating quality datasets.

3.1.1 Existing Datasets

As it is explained in [7], the need for large datasets of quality for SLR has increased
greatly in recent years. Existing datasets can be either isolated or continuous and
typically consist of videos of people signing. These datasets are not necessarily video-
based but can also be built using the sensor gloves. In the case of datasets containing
videos, the format of the video can vary depending on the type of device used to record
the videos.

A dataset that has been built using sensors is called a “motion-capture dataset” (Bragg
2019). To build such a dataset, sensors are attached to a signer to obtain the information.
In addition, depth cameras can be used to capture 3D positioning. For example, the
device ”Kinect,” developed by Microsoft, contains a depth sensor and is used to create
a sign language dataset.

Many parameters can change from one dataset to another. Typically, some datasets are
created with the help of professional interpreters who translate spoken language into
signs. Some people have had the idea of building datasets based on videos available
on YouTube in order to obtain data that is closer to "real life.”. The goal is really to
obtain more self-generated signs, because there is always a difference between a sign
that is made automatically and a sign generated on request. The geographic region
in which the dataset is built has considerable importance too, since sign language is
country-specific. For example, most datasets are constructed using the American sign
language since it is one of the most used sign languages [18].

Different existing datasets that have been built using RGB videos are explained in the
article [7]. As explained above, datasets are divided into two categories: isolated and
continuous. A detailed description of these datasets can be found in Appendix 2.

29
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1. Continuous Signs Datasets

e The Phoenix Weather Dataset
e The Greek Sign Language (GSL) Dataset

2. Isolated Signs Datasets

e The American Sign Language Lexicon Video Dataset (ASLLVD)

e The DEVISIGN-L Dataset
e Microsoft American Sign Language (MS-ASL) dataset

3.1.2 French Belgian Sign Language laboratory Corpus (LSFB lab)

The French-Belgian Sign Language Laboratory is the department of the University of
Namur (UN), which built the dataset we use for this master thesis. The corpus was
created to study Belgian sign language in greater detail [41] [7].

The researchers at the University of Namur have gathered and annotated many conversa-
tions since 2012 to build the dataset. It contains more than ninety hours of videos, with
twenty-five of them annotated, making it one of the largest publicly available datasets.
Given the complexity and variety of the Belgian sign language grammar, one hundred
signers were used to build this dataset to reflect diverse age groups or geographical re-
gions of the country. To expand the variety included in the dataset even more, UN
researchers have decided to use native and non-native speakers. Figure 3.1 provides
information on the gender, dominant hand, and age distributions of signers within the
dataset.

Figure : Age Figure : Gender

<

m2645 =45-46 =16-25 = <66 = Women = Men

Figure : Linguistic level Figure : Dominant hand

o~

= Native speaker = Almost native speaker = Late speaker = Right-handed = Left-handed = Unknow = Ambidextrous

FIGURE 3.1: Information on LSFB datasets
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Videos in this dataset consist of nineteen tasks that the person was asked to perform
to analyze a large number of discussion types, such as argumentation, narration, and
explanation. The main weakness of the LSFB corpus database is that all the videos
were recorded in the same controlled space without any change between videos. The
result is a lack of variety in the background and lightning. This negatively affects the
robustness of systems using this dataset for training. It is important to notice that the
vast majority of the existing databases are built in the same way as the LSFB dataset,

which means that the models that work well on the LSFB dataset can also work on
other datasets.

To record the ninety hours of videos, two cameras positioned in front of the signer were
used, capturing 50 frames per second. The process of annotation and translation of the
video is a very time-consuming one, and so far, twenty-five hours have been annotated
and five hours translated into French. To annotate videos, a separation for each hand
is made, and each lexical sign (LS) has its own gloss (meaning). For example, the signs
that denote proper nouns, such as the city of Bastogne, are prefixed with the suffix “NS”
(name sign).

The LSFB corpus dataset is a great source of information but is hard to use with
computer-automated systems. To solve this problem, researchers in Namur have decided
to build two more user-friendly sub-datasets. One for continuous SLR and the other for

isolated SLRI7].

3.1.2.1 LSFB-CONT

The LSFB continuous dataset contains the following information :

e All the LSFB corpus videos
e The original XML annotation files for the videos

e A preprocessed version of these annotations is stored in a CSV format.

This dataset is the largest available dataset for continuous SLR and contains 6,883
different signs.

3.1.2.2 LSFB-ISOL

The LSFB-CONT dataset contains a large number of different signs, but it is heavily
unbalanced. The majority of signs are indeed only performed a few times, while the
most frequently used signs are repeated hundreds of times. As UN researchers wanted
to be able to study signs one by one and not together in a sentence, they created the
LSFB-ISOL dataset, which is the second sub-dataset. It contains all signs that have
been repeated at least forty times in the LSFB-CONT dataset.

An important piece of information about this dataset is that since the recorded signs
come from a continuous dataset, they are performed faster than when signs come from
an isolated dataset. Since the speakers are talking freely and are not following a script
or don’t have to perform signs one by one, they tend to sign faster than in other isolated
datasets.

The LSFB-ISOL is the dataset that we use in our master thesis, so it’s important to
describe it in more detail to understand it fully. It contains 4,657 signs with a total
of 120,739 observations. For each observation, we have the coordinates (x, y, z) of a
certain number of points that are located in four different parts of the body. We have
21 points in the left hand, 21 points in the right hand, 478 points in the face, and 33
points in the body. It means that one observation gives us 553 (21+214478+33) sets
of coordinates. One last important piece of information about this dataset is that an
observation is composed of a set of frames (images). In other words, each observation
has a certain number of frames, which varies for each observation.
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3.2 Pre-processing of the data

Before explaining the implementation and results of our models, it is imperative to
understand the pre-processing of our data, which is a mandatory step for the proper
functioning of the models. The goal is to refine and prepare our raw data, transforming
it into a format that is suitable for us. In this chapter, we will explain each step that

we go through to clean our data and set the stage for robust analysis and meaningful
interpretations.

3.2.1 Reduction of the dataset

The first step is to make the dataset smaller. Indeed, our data consists of 120,739
observations with 4657 classes; one class is equal to one sign. We decide to use only a
part of the dataset at our disposal for multiple reasons. The first one is that, given the
large size of the dataset and therefore the computation time, it would be considerable if
used in its entirety. The second reason is the fact that some classes are represented less
than 20 times, or even just once, which is not enough for most models to recognize this
sign. In consequence, we arbitrarily decided to take only part of it. The best decision
given the time and material at our disposal was to use the 20 most represented classes,
with a total of 26,492 observations.

3.2.2 Removing the third dimension

The data are three-dimensional arrays, with time frames on the first axis, mask points on
the second, and spatial coordinates (x,y, z) on the final axes. We decided to delete the
z-coordinates because of their low precision, and as the gestures were recorded facing
the camera, depth information is not very useful. Figure 3.2 represents the different
dimensions that we have in our data. Figure 3.3 represents the mask points that we
have on the hand.

Dimensions (x,y,Z) |

¥ ==

+——>

Time frame (t=0,1,2,..., 40) | |

FIGURE 3.2: Representation of dimension
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FIGURE 3.3: Coordinate of the hand
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3.2.3 Uniformization of the number of frames

The different observations have been recorded with a different number of frames. To
facilitate the use of the data set in the different algorithms, the sequences should have the

same number of frames. To find an optimal common frame number for all observations,
we calculated the average number of frames per observation, which is 23. Furthermore,
in various articles, we have seen that they set the number of common frames at 40. We
arbitrarily decided to follow his lead and set the number of frames at 40. It’s easier to
create intermediate frames than to delete frames because, when we delete frames, we
lose information. Here are the formulas to normalize the number of frames.

e Formula for calculating the step between points in the new sequence :

step= (T —1)/(Fr—1) (3.1)

e (Calculation of the new sequence for each point :
Frac = step *i (3.
Inf =int(frac) (3.
Supp =inf +1 (3.
Reste = frac-inf (3.
Nseq(i) = seq(inf) = (1 — Reste) + seq(sup) * reste (3.

)
)
)
)
)

W W w w w
o S B Y SR Y

where F'r is the desired number of frames, Seq is the sequence to be transformed, 7' is
the number of frames of the sequence to be transformed, and Nseq is the new sequence.
An example is shown below, where we go from a 5-frame sequence to a 7-frame sequence
and look for the value of the third frame (i = 2 because we start with 0) in the new
sequence.

0 1 2 3 4
271301323329

TABLE 3.1: Example of frames

T=5 (3.7)

Fr=17 (3.8)
step=(5—1)/(7T—1) =0.67 (3.9)

i=2 (3.10)

Frac=0.67%2 = 1.33 (3.11)

Inf =1 (3.12)

Sup =2 (3.13)

Reste = 0.33 (3.14)

Nseq(2) = seq(1) = (1 —0.33) + seq(2) = 0.33 (3.15)
Nseq(2) = 3 %0.67 + 3.2 % 0.33 = 3.06 (3.16)

3.2.4 Structure of The Data

The datasets are separated into four parts: the points of the right hand (R), the left
hand (L), the body (P), and the face (F). We have therefore created several datasets:
separate datasets, R, L, P, F; datasets merged by two, FP, FL, FR, PL, PR, LR; datasets
merged by three, FPL, FPR, FLR, PLR; and datasets merged all together, FPLR.



Contents 34

In the next chapter, we will provide a detailed explanation of the implementation process
for each of the models. We will describe each step to be able to use the algorithms and

also which library has been used to code it.




Chapter 4

Implementation

Chapter four presents the implementation of the different models we have used in this
work. We describe in detail the many choices that we have made.

4.1 Implementation Of The Dimensionality Reduction Tech-
niques

We first focus on dimension reduction techniques.

Datasets can be reduced in four different ways. In the first case, one can reduce the
dimensions of the datasets taken together (right hand, left hand, pose, and face) with z
and y coordinates taken collectively. In the second case, one can reduce the dimensions
of the datasets together, but x and y coordinates taken separately. This means that there
is a reduction for x and a reduction for y. In the third case, the dimension reduction can
be applied to separate datasets but keep x and y coordinates taken together. In the last
case, the dimension reduction is applied to the separate datasets and on the separate x
and y coordinates. This means that there will be a reduction for each data point, each
z, and each y.

4.1.1 Principal Component Analysis

To carry out our PCA, we first standardized the data and then performed the PCA.
Here is how it is implemented practically speaking:

The data is stored on a CSV file, where the rows are the observations and the columns are
the flattened coordinate matrix. As a reminder, the coordinate matrix is a 3-dimensional
matrix with the temporal aspect (frames) on its first axis, the mask points on its second
axis, and the spatial coordinates (x,y) on its last axis.

In order to carry out standardization and later PCA correctly, we need to change the
layout of the data matrix. We need to move from a matrix with observations in rows
and temporality, mask points, and coordinates in columns, to a matrix with observations
and temporality in rows and mask points and coordinates in columns.

35
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1 2
P1 P1

FIGURE 4.1: Orignal layout of the data

Figure 4.1 represents the original layout of our data and Figure 4.2 represents the trans-
formed layout of the data used to perform the PCA. Figure 4.1, the T corresponds the
time, and thus T1 is the first frame, T2 is the second frame (we have 40 frames by
observations). The letter P is associated with the point of the mask, which means that
P1 is the first point (we have in total 21 for the left and right hands, 33 for poses, and
478 for faces).

obs1 T1

obs 2 T1

obs 3 T1

obs4 T1

obs5 T1

obs 6 T1

obs7 T1

obs 8 T1

obs9 T1

obs10 |T1

obs1l [T1

FIGURE 4.2: Transformation layout of the data

If we take, for example, the data from the right hand, which includes 26.492 observations,
40 frames, 21 points, (z,y), The data matrix would go from a dimension of (26.492,
40 x 21 x 2) or (26.492, 1680) to a matrix of dimension (26492 x 40, 21 x 2) or (1.059.680,
42).

4.1.2 Auto-encoder

Before applying the auto-encoder, the data must be standardized. To do this, we perform
the same data transformation as for the PCA. In other words, we go from a matrix with
observations in rows and frames, mask points, and x and y coordinates in columns, to a
matrix with observations and frames in rows and mask points and (z,y) coordinates in
columns.

Once the data has been standardized, the auto-encoder is used for dimension reduc-
tion. The auto-encoder can adopt several different structures, depending on the type of
reduction required.

Finally, we recompose the data in their original form, i.e., on the first axis, the observa-
tions, and on the second axis, the frames, mask points, and (x,y) coordinates.
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4.1.3 Singular Value Decomposition

The SVD dimension reduction method must be applied to each observation. To do this,
we resize each observation into a matrix that takes the frames in rows and the mask
points and (z,y) coordinates in columns. We then apply the SVD, which consists of

decomposing this matrix into three sub-matrices :
A=UxvT (4.1)

Next, we recompose our matrix, choosing the number of singular values needed to use
in the reconstruction. The number of singular values can range from 1 to 40. We then
flatten the matrix into a vector.

Finally, we apply a standardization and a PCA. For these operations, we follow the same
procedure as in the PCA section.

4.2 Images processing

We now turn to images processing required to run specific models. Four types of images
have been created: single-layer, double-layer, four-layer, and multiple-layer.

1. Single-layer image.

For this first method of transforming data into an image, the aim is to represent the
graph of all points at all times on the same image. To do this, we first normalize
each dataset independently. Next, we create our image, which is an 80 by 80 matrix
(where a matrix cell is equivalent to a pixel). Then we multiply each coordinate
(which is between 0 and 1 because of normalization) by 80 to place it on the image.
For each coordinate of the image, pixels that are at the right, left, top, and bottom
are filled with a specific color, and pixels that are on the diagonals are filled with
an other color. We do this because models like CNN that use images work best
with color variations. One drawback of this approach is that, we lose the time
dimension information. Figure 4.3 provides an example of the results obtained
when we apply this transformation to a given sign.
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FIGURE 4.3: Single-layer image
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2. Double-layer image.

For this second method, the goal is to keep the time information. To this end, we
construct two images. For the first image, its abscissa will be the x coordinate,
and its ordinate will be the time dimension. For the second image, its abscissa
is the y coordinates, and the ordinate is the time dimension. To implement this
processing, we must first normalize all the data taken togheter. Next, we create
the image, with each column representing a time frame made up of all the points
in the mask. Apply this image transformation to the LR data set. Figure 4.4

provides an example of the results obtained when we apply this transformation to
a given sign.
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FIGURE 4.4: Double-layer image

3. Four-layer image

This method is the same as the previous one, except that we divide the images
into two, which gives us four layers. We separate the images into two because on
the original one, we have both hands ( in the vertical cut we see on both images
in Figure 4.4 in the middle is when we switch to the other hand). This leads to
the generation of an image for each hand. The outcome is four different images:

(a) Right-hand with the time in ordinate and the = coordinate in abscissa.
(b) Right-hand with the time in ordinate and the y coordinate in abscissa.
(c) Left-hand with the time in ordinate and the y coordinate in abscissa.

(d) Left-hand with the time in ordinate and the x coordinate in abscissa.

4. Image with multiple layers

The aim of this procedure is to create a layer for each time frame. To this end,
we first normalize all the data taken together in the same way as for dimension
reduction . Next, we create an 80 by 80 matrix (our image) filled with zeros each
time frame. We fill these matrices by changing the zeros to one at the coordinates
obtained by multiplying the normalized values by 80. In the end, each observation
is transformed into an image of 10 layers with dimensions 80 by 80. We are limited
to 10 layers while having 40 frames due to a data storage constraints. With these
80 by 80 by 10 dimensions, images weigh 15 GB. If we used 40 frames, the file size
be 193 GB, which start to be hard to store and adds enormous computing time to
the various algorithms.

X\%hen applying this image transformation to the LR data set, we obtain Figure
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FIGURE 4.5: Multiple layers image at frame 17

4.3 Computation of the Distance Matrix

To create our distance matrix for the KNN, we calculate the Euclidean distance between
each dataset. The distance can be calculated using standardized or non-standardized
data. We also create two other matrices, one where we removed the first 5 and last
5 frames and one another where we removed the first 10 and last 10 frames. We do
this frame removal because when a sign begins or ends, the position of the hands varies
according to the preceding or following sign. Removing these frames avoids biasing our
distance computations.

4.4 Implementation of the models

In this section, we present the inputs used for the models that we test as well as, the
hyper-parameters to be selected to control the learning process.

4.4.1 Artificial Neural Networks

The ANN takes as input the results of the PCA, autoencoder, or SVD. Each observation
is a vector (1-dimensional). The 2-dimensional matrix (time, reduced points) is indeed
flattened initially.

In this model, there are six hyper-parameters to choose:

e The number of layers.
e The number of nodes in each layer.

e The dropout is the percentage of neurons switched off during the learning iteration.
We use it to spread the learning over all nodes, avoiding having one node take all
the weight.

e The number of iterations

e The batch size is the number of times the model is trained before the gradient
descent is started, i.e., before the model is updated.



Contents 40

4.4.2 Convolutional Neural Network

The input for a CNN is the one-layer images that we have built. There are seven
hyper-parameters to choose:

e The number of layers.

e The number of nodes in each layer.

e The dropout.

e Number of convolution layers and kernel size.

The batch size.

The number of iteration.

The number of pooling layers and reduction size.

4.4.3 Convolutional Neural Network 3D

The CNN 3D is similar to classical CNN but uses a 3D kernel instead of a 2D kernel.
The input for this model is the images with multiple layers (our double, four, or multiple

layers image).

The hyperparameters are the same as for the CNN.

4.4.4 Support Vector Machine
The support vector machine uses as input the data output by the PCA, auto-encoder,
or SVD. An observation is a vector (1-dimensional)

In this model, we have four hyper-parameters:

e Decision function shape, which is composed of OVO and OVR (see Section 2.2).
e The type of kernel (see Section 2.2).

e The gamma represents a value inversely proportional to the distance. A higher
value means that the closest points are considered for the boundary decision. While
a lower value means that we take into account way more points to construct the
boundary decision.

e C that controls the penalty for training errors.

4.4.5 Recurrent Neural Network

As for the other neural network model, a RNN takes as input the data produced by
the PCA, SVD, or auto-encoder. An observation is a two-dimensional matrix composed
of time and a reduced number of points. The difference with the other neural network
model is that, we do not have to flatten our matrix. We need to keep the time dimension
as information since RNN are specialized in time sequence analysis.

In this model, there are four hyper-parameters to choose:

e The number of RNNs we make in a row.

e The numbers of nodes.
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e The number of iterations.

e The batch size.

The LSTM and GRU use the same input as the classic RNN and have the same hyper-
parameters.

4.4.6 K-Nearest Neighbor

This model uses the distance matrix that we have constructed as input. This is the only
data the model needs to function. Only one hyper-parameter needs to be optimized
here: the number of neighbors.

4.5 Manually Coded Solutions And Used Packages

In this section, we indicate models that have been implemented by ourselves and models
for which have used an existing package.

The data set filtering to take only the first 20 most representative classes was hand-
coded in Python. Removing the third dimension was hand-coded using the library
”Numpy.” Setting the number of frames to the same number was hand-coded in Python.

The building of all different datasets (the merging of the L, R, P and F datasets) was
hand-coded using the library ” Numpy.”

For the dimension reduction techniques, we use the library ”Scikit-learn” to perform the
PCA, ”Tensorflow” for the auto-encoder, and we hand-code the SVD using the ” Numpy”
library.

The image processing has been hand-coded, using again the library ”Numpy” and dis-
tance matrix computation is also hand-coded, using this time the ” Numba” package.

We use the library ”Scikit-learn” for the decision tree, random forest, and support vector
machine models, and the package ” Tensorflow” for the ANN, CNN, CNN3D, RNN, GRU,
and LSTM models. The KNN was hand-coded.

In the next chapter, we will present and analyze the results obtained from the different
models detailed in chapter 2. We will compare the performance the performance of each
of them, and try to explain why some work better than others.




Chapter 5

Results And Discussions

In this chapter of our master thesis, we present the results that we have obtained using
all the models introduced in Chapter 2.

This chapter is divided into seven sections. The first section will try to respond to the
question, "Which body part brings most of the information?”. To do this, we have
tested all possible combinations of the four datasets available to us. The second section
will investigate which approach is the best to reduce the dimensions of our data. Then,
we will test the performance of the several dimensionality reduction techniques used in
this work. In the fourth, fifth, and sixth sections, we will present our results for the
static, dynamic, and distance models. Finally, the conclusion of the chapter will be a
summary of all our results.

It is important to know that each of the results that will be presented has been obtained
with 5-fold cross-validation. We do this to strengthen our results and avoid overfitting.

5.1 Best Combination Of Data Sources

In this first section, we will investigate which data combinations are best. The goal is
to see which part of the body brings the most information among the hands, face, and
body. By knowing which information is the best, we can also reduce the amount of data
we work with, which is essential in our case.

To this end, we have had first to run a PCA on our different datasets to reduce the
quantity of data. Table 5.1 shows the PCA that we decide to implement for the different
datasets. F stands for face, P for pose, L for left hand, and R for right hand. We decided
to do a PCA10 for P, L, and R, meaning that we reduce L and R from 42 dimensions
to 10 dimensions and P from 66 to 10. Concerning F, we performed a PCA20 (we keep
20 dimensions) because it contains much more information than the others, but with
20 variables, we kept a significant amount of information. These two decisions were
based on the choice to keep 97% of the explained variance while reducing the data. For
the dataset combinations, the PCA performed corresponds to the sum of the number of
variables kept when there is no combination.

F|P|L|R|FP|FL|FR|PL|PR|LR | FPL
PCA | 20|10 10| 10| 30 | 30 | 30 | 20 | 20 | 20 | 40

TABLE 5.1: PCA for the Different Dataset

We then decided to use three different models to judge which combination was the best:
a decision tree, a random forest, and an artificial neural network.

Concerning the architecture of the decision tree, we decided to max out at 400 trees. For
the random forest, the number of trees is 270 with a maximum depth of 350. This model

42
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takes a significant amount of processing time to be estimated on large datasets. In the
ANN, we have four layers, each with 512 nodes; we perform a total of 100 iterations,
and we have a batch size (the number of information that enter the neural network at

the same time) of 32.

Table 5.2 shows all the results, each percentage represent an accuracy (percentage of
time the model has the right answer). Several conclusions can be drawn :

e Most of the information is in R, which means that the majority of signs are ex-
ecuted with the right hand and that the left hand just adds a few details. Pose
contains a little information, which is normal, as it contains points on both hands,
on the face, and on the body, but there aren’t enough dots on these masks. Signals
are therefore,not precise enough. Finally, the face doesn’t provide much informa-
tion, given the number of points it contains. This can be explained by the fact
that faces are used to add intonation and expression to sentences in sign language.
But here, we’re analyzing independent signs, not sentences, so intonation is not
significantly important.

e Decision trees deliver deceptive results. Given the complexity of the input data,
one explanation could be that the depth of our decision tree was not enough. But
increasing the depth also increases the risk of overfitting.

e Random forest performs quite well, but we should add more trees and depth. The
main issue is that calculation time will then be far too long.

e The ANN works well and is fast.

Decision tree | Random forest | ANN
F 10.14% 23.01% 17.81%
P 21.15% 38.31% 36.11%
L 22.89% 37.80% 34.15%
R 48.55% 69.25% 69.39%
FP 18.34% 37.31% 40.05%
FL 21.62% 38.79% 37.97%
FR 44.29% 68.20% 71.21%
PL 22.39% 42.50% 43.88%
PR 36.40% 59.80% 66.18%
LR 51.28% 72.21% 76.76%
FPL 22.80% 42.58% 50.02%
FPR 36.22% 63.14% 72.54%
FLR 45.04% 69.43% 77.52%
PLR 41.09% 65.19% 73.95%
FLPR 38.02% 65.03% 76.85% ‘

TABLE 5.2: Accuracy of the different combination

We decided to keep the dataset LR, which is composed of the left and right hands, for
two reasons:

e LR has equally good results as FPLR but with much less information. It is there-
fore easier to manipulate the data and run algorithms. Another advantage of LR
is that, with some algorithms such as random forest or decision tree, having more
input makes the algorithm more complex, with more parameters to optimize and
more possible combinations, which makes it much harder to maximize accuracy.
LR, with its limited number of inputs, simplifies the task.
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e We can see that F alone does not work well, which means that it doesn’t provide
much information. By including it in our data, we’re much more likely to add
noise than anything else.

There are several things to bear in mind with these results :

e The first one bears on the choice of the PCA preprocessing that we implement
The choice is based on keeping a certain quantity of information, in our case 97%
of the variance but this choice is arbitrary.

e [t is impossible to optimize fully the different models because, using the hardware
that we have at disposal, computing time is too long.

e ANN faces convergence issues. In other words, during the optimization process,
the model will try to find the minimum of the loss-function but the gradient descent
starts to oscillate as we see in Figure 5.1. This can lead to one ANN performing
better than one another just because learning has been stopped during at a better
point in time of this oscillatory process.

0.9 o
—— validation
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FIGURE 5.1: Gradient descent problem

5.2 The Best Approach To Reduce Dimensions

In Chapter four, we explained that dimension reduction can be performed in four dif-
ferent ways. In this section, we present the results obtained in each case. In order to
identify the best approach, we use an ANN to test accuracy. We have had to reduce
the amount of data due to computation time constraints and have therefore decided to
implement several PCAs for each case as well. Table 5.3 shows the architecture of the
ANN used for each PCA. The four first numbers in each row represent the numbers of
nodes in the four layers of the neural network. Then, we have the dropout rate, which is
a regularization technique used to prevent overfitting (a dropout rate of 0.2 means that
we have a 20% chance that each neuron in a layer is ignored).
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Architecture
PCA 4 160/200,/100/20—Dropout = 0.2
PCA 10 400,/400/200/20—Dropout = 0.2
PCA 20 800/512/256/128 /20—Dropout= 0.2
PCA 30 1200,/800/256/128 /20—Dropout = 0.2

PCA 40 | 1600/1024/512/128/20—Dropout = 0.2
PCA 50 2000/1024/256/128/20—Dropout = 0.2
PCA 60 |  2400/1024/512/256/20— Dropout = 0.2
PCA 70 2800/800/512/256 /20—Dropout = 0.2
PCA 80 |  3200/1024/512/128/20— Dropout = 0.2
NO PCA | 3360/1024/512/512/256 /20—Dropout = 0.2

TABLE 5.3: Architecture of the ANN used to test each PCA

Table 5.4 shows the results for the four cases (see section 4.1 for explanation about the
fours cases).

Case 1l | Case 2 | Case 3 | Case 4
PCA 4 | 42.85% | 43.33% 43% 42.36%
PCA 10 | 68.33% | 65.84% | 67.80% | 42.36%
PCA 20 | 79.23% | 79.28% | 78.61% | 78.29%
PCA 30 | 80.09% | 80.71% | 80.09% | 80.56%
PCA 40 | 80.68% | 80.94% | 80.84% | 80.67%
PCA 50 | 81.32% | 81.05% | 81.33% | 81.32%
PCA 60 | 81.74% | 81.25% | 81.10% | 80.78%
PCA 70 | 81.05% | 80.94% | 81.28% | 80.84%
PCA 80 | 81.31% | 80.88% | 81.07% | 81.14%

NO PCA | 74.12% | 74.12% | 74.12% | 74.12%

TABLE 5.4: Results for the four cases

Several conclusions can be drawn from the results:

e There is no difference between the different cases. Case 1 was therefore arbitrarily
chosen for the sequel of the analysis.

e We can see that the accuracy varies greatly with the different PCAs and is close
to 80% from PCA with 20 dimensions. Additional dimensions bring a limited
improvement of the results.

Note that the results reported here rely on ANN architectures not fully optimized. Also,
since architectures of the ANN vary between the PCAs, results comparison can be driven
by the change in ANN architecture and not the number of dimensions kept from the
PCA.

5.3 Comparisons between PCA, SVD & Auto-encoder

In this third section, we study which of the three dimensions reduction techniques obtains
the best results. In order to compare their results, we use an ANN to obtain accuracy.

It is important to remember that, from now on, we are working now only with case 1
and the dataset LR.
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5.3.1 Principal Component Analysis

The first technique that we analyze is the PCA. The architecture of the ANN is the
%aine as in the previous section, and the results in Table 5.5 are the same as in Table

PCA 4 | PCA10 | PCA20 | PCA 30 | PCA 40 | PCA 50 | PCA 60 | PCA 70 | PCA 80
Case 1 | 42.85% | 68.33% | 79.23% | 80.09% | 80.68% | 81.32% | 81.74% | 81.05% | 81.31%

TABLE 5.5: Results for the PCA

5.3.2 Singular Value Decomposition

The second technique used is the singular value decomposition (SVD). In this case, we
use SDV to decompose the data and then partially recompose them with the selected
value k.

Note that in this case, we first use the SVD, then we apply a PCA to the reconstructed
data given by the SVD. Table 5.6 reports the architecture of ANN used to obtain our
accuracy.

Architecture

PCA 20 800,/512/256,/128/20— Dropout = 0.2
PCA 40 | 1600/1024/512/128 /20— Dropout = 0.2
PCA 60 2400/1024/512/256 /20—Dropout= 0.2
NO PCA | 3360/1024/512/512/256 /20— Dropout = 0.2

TABLE 5.6: Architecture of the ANN used to test each PCA

Table 5.7 shows the results for each k that we have tested.We can draw several conclu-
sions from these results:

e Using the SDV does not improve accuracy. In our opinion, this is because SVD
cannot filter efficiently noise. A second possible cause is that SVD drops too much
information, which negates accuracy gains due to noise filtering. Finally, one can
not exclude that some specific value of k between intervals we have tested increases
accuracy.

e A surprising result with SVD is that with only four singular values (k = 4), we reach
already almost constant levels of accuracy This can be seen clearly in Figure 5.2,
which displays the results. We see two possible explanations for this.First, only
four singular values are needed to obtain the vast majority of the information.
The second, the PCA that performed after the SVD compensates and increases
the accuracy. Figure 5.2 supports the second explanation since, without PCA, the
accuracy plateau is reached at k = 15.

e The results for the three PCAs are more or less at the same level, with a slight
dominance of PCA 20, followed by PCA 40 and PCA 60.

e Another interesting result is that performance obtained after PCA is far superior
to that obtained without PCA dimension reduction, as we can see in Figure 5.2.
We think this is because with the PCA, the information is concentrated in certain
features, making it easier for the ANN to place the weights in the neuron.
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PCA 20 | PCA 40 | PCA 60 | No PCA
K1 | 72.04% | 72.15% | 71.61% | 65.712%
K2 | 75.65% | 75.57% | 75.35% | 70.76%
K3 | 77.43% | 77.51% | 77.05% | 73.11%
K4 | 78.08% | 77.70% | 77.38% | 73.51%
K5 | 77.96% | 77.90% | 77.28% | 72.48%
K6 | 77.84% | 77.43% | 77.67% | 72.86%
K7 | 78.04% | 77.61% | 77.19% | 73.03%
K8 | 77.99% | 78.11% | 76.96% | 72.71%
K9 | 77.88% | 77.73% | 77.03% | 73.41%
K10 | 78.06% | 77.69% | 77.25% | 73.24%
K15 | 77.71% | 77.55% | 77.17% | 74.38%
K20 | 78.04% | 77.89% | 77.21% | 74.50%
K25 | 78.07% | 77.93% | 76.97% | 74.50%
K30 | 78.13% | 77.66% | 77.13% | 74.59%
K35 | 77.61% | 78.18% | 77.72% | 74.61%
K40 | 77.86% | 77.97% | 77.19% | 74.15%

TABLE 5.7: Results for the different k
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FIGURE 5.2: SDV results

Interpretation of these results are however subject to limitations:

e We use different architectures for the ANN and this potentially affect the compa-
rability of the results

e The ANNs are not fully optimized.

e There may be variation in the results due to the gradient descent convergence
issue.

e o A limited number of combinations of parameters have been explored due to time
constraints.
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5.3.3 Auto-encoder

The last dimension reduction technique that we use is the auto-encoder. Table 5.8 shows
the architecture of the ANN used to test the performance of the auto-encoder.

Architecture

PCA 4 160/200/100/20— Dropout = 0.2
PCA 10 400,/400/200/20—Dropout = 0.2
PCA 20 | 800/512/ 256/128/20—Dropout= 0.2
PCA 30 | 1200/800/256/128/20—Dropout = 0.2
PCA 40 | 1600/1024/512/128/20—Dropout = 0.2
PCA 50 | 2000,/1024/256/128 /20— Dropout = 0.2
PCA 60 | 2400,/1024/512/256 /20— Dropout = 0.2
PCA 70 | 2800/800/512/256/20—Dropout = 0.2
PCA 80 | 3200/1024/512/128/20—Dropout = 0.2

TABLE 5.8: Architecture of the ANN to test the auto-encoder

Table 5.9 shows the results for different versions of the auto-encoders. Each column
corresponds to a given architecture of the auto-encoder, where FL. means the first layer,
SL is the second layer, and TL is the third layer of the auto-encoder. Next to these
abbreviations, we have the number of nodes in each of these layers. Each row corresponds
to the number of dimensions that we keep; for example, Auto 4 means that we perform
an auto-encoder and we keep four dimensions.

FL :64/ SL :32 | FL :64/ SL 64 | FL :128/ SL :64 | FL :64/ SL : 64/ TL :64
Auto 4 33.27% 33.711% 33.97% 34.18%
Auto 10 52.74% 52.80% 50.02% 49.33%
Auto 20 61.28% 64.75% 66.58% 62.35%
Auto 30 70.55% 69.66% 71.26% 66.24%
Auto 40 70.05% 71.23% 71.21% 67.24%
Auto 50 72.97% 72.70% 72.60% 68.73%
Auto 60 71.03% 71.82% 71.73% 67.63%
Auto 70 71.38% 72.75% 70.77% 67.85%
Auto 80 71.08% 71.89% 71.13% 68.05%
No Auto 74.12% 74.12% 74.12% 74.12%

TABLE 5.9: Results of the Auto-encoder

Looking at these results, we see no significant difference between the first three archi-
tectures, and the last one displays clearly the worse performance. To our opinion, the
first architecture dominates but we acknowledge that this choice is rather arbitrary at
this stage.

We can draw other conclusions from these results:

e We can see that if we reduce to thirty dimensions, the accuracy reaches a plateau,
as we can see in Figure 5.3.

e A two-layer auto-encoder outperforms a three-layer auto-encoder for this type of
data.

e We can observe a link between the number of neurons on the last layer and the
number of dimensions reduced: The first architecture is better when reduced below
thirty, while the second and third architectures are better when reduced to higher

than 30 dimensions.

We have again to call for caution for the following reasons :
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e The architecture of ANNs that we use to test the different auto-encoders varies
again, making comparison of accuracy between auto encoder potentially mislead-
ing.

e ANN are not fully optimized, which can affect our results.

e Some results might be driven by gradient descent convergence issue.
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FIGURE 5.3: Results of Auto-encoder

5.3.4 Comparison of the Three Dimensionality Reduction Techniques

In this section, we compare the performance of the PCA, SVD, and auto-encoder. Table
5.10 shows the results of the best PCA, SVD, and auto-encoder that we have reported
in previous sections. Each row corresponds to the number of dimensions that we keep,
and each column to a method.

We can draw two conclusions from these results:
e The performance of PCA is far better than that of the auto-encoder. Table 5.10
highlights clearly this difference in performance.

e We also notice that the performance of the PCA is slightly better than the SVD,
which means doing only a PCA is better.

PCA (60) | SVD (k=40) | Autoencoder (64_64)
5 | 42.85% 76.76% 33.71%
10 68.33% 77.81% 52.80%
20 79.23% 77.86% 64.75%
30 80.09% 77.91% 69.66%
40 80.68% 77.97% 71.23%
50 81.32% T7.71% 72.70%
60 | 81.74% 77.19% 71.82%
70 81.05% 77.12% 72.75%
80 81.31% 71.89% 71.89%

TABLE 5.10: Comparison of best result of PCA, SVD and auto-encoder
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5.4 Static Models

In this fourth section, we present results for the static models that we have introduced
in Chapter 2: Models Theory. A static model does not evolve over time as a new data
is used.

It is important to remember that these results were made on the dataset LR under case

5.4.1 Artificial Neural Networks

Table 5.11 reports results of the ANN. Each row corresponds to a specific architecture
based on the number of neurons in each layer. We test each structure on our reduced
data using two dimension reduction techniques: auto-encoder, PCA, and on the original
data.

We can draw conclusion from these results :

e The use the data preprocessed with PCA improves ANN performance. It is also
better to reduce the number of dimensions since the results of the auto-encoder
are better than those without reduction.

e Architectures with 2048 neurons on one layer have difficulty achieving better re-
sults than architectures with fewer neurons. Yet, theoretically, they should have
equivalent or even better results because they have more neurons. This probably
signals numerical convergence issues

e Interestingly, the third-layer architecture delivers the best results. Adding a fourth
layer does not necessarily improve performance significantly.

Architecture AUTO | PCA | NO reduction
1024—512 71.51% | 79.17% 70.18%
2048—512 72.13% | 77.98% 67.01%

1024—512—256 71.63% | 81.14% 72.77%
1024—512—512 71.47% | 80.49% 71.48%
1024—1024—512 70.32% | 79.95% 72.22%
2048—512—256 72.65% | 80.59% 70.86%
1024—256—256—128 71.76% | 81.22% 70.22%
1024—512—256—128 72.35% | 81.94% 73.36%
1024—512—512—256 72.23% | 81.63% 73.00%
1024—512—512—512—256 | 71.54% | 81.59% 73.65%

TABLE 5.11: Results of ANN

While we have tested several architectures, this still represents a limited choice. Al-
ternative architectures might deliver better performance and the use of model selection
techniques could help from this regard.

5.4.2 Convolutional Neural Network

In this section, we present the results of CNN. This model was applied on the one-layer
images. Table 5.12 shows the architecture of the eight CNNs that we have tested.

Each column describes the structure of the CNN from start to end. The C2D is the
2D convolution, where the first number indicates the number of layers created and the

number pair is the kernel size. M2D refers to the 2D pooling, where the number pair is
the size of the pooling filter. Flatten means that we have flattened our data matrix into
a vector. Finally, the isolated numbers are the number of neurons in the layer.
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1 2 3 4 5 6 7 8
02D (32,(3,3)) | C2D (32,(3,3)) | 02D (32,(3,3)) | C2D (32,(3,3)) | C2D (32,(3,3)) | C2D (32,(3,3)) | C2D (64,(3,3)) | C2D (64,(3,3))
M2D(2,2) M2D(2,2) M2D(2,2) M2D(2,2) M2D(2,2) M2D(2,2) M2D(2,2) M2D(2,2)
02D (32,(3,3)) | C2D (32,(3,3)) | 2D (32,(3,3)) | C2D (32,(3,3)) | C2D (32,(3,3)) | C2D (32,(3,3)) | C2D (64,(3,3)) | C2D (64,(3,3))
M2D(2,2) M2D(2.2) M2D(2,2) M2D(2,2) M2D(2,2) M2D(2,2) M2D(2,2) M2D(2,2)
Flatten Flatten | C2D (32,(3,3)) | C2D (32,(3,3)) | C2D (32,(3,3)) | C2D (32,(3,3)) | C2D (64,(3,3)) | C2D (64,(3,3))
512 1024 M2D(2,2) M2D(2,2) M2D(2,2) M2D(2,2) M2D(2,2) M2D(2,2)
512 Flatten Flatten | C2D (32,(3,3)) | C2D (32,(3,3)) | 02D (64,(3,3)) | C2D (64,(3,3))
512 1024 Flatten Flatten Flatten Flatten
512 512 1024 512 1024
512 512
TABLE 5.12: Architecture of the CNN
Table 5.13 shows the results of the eight CNN structure.
CNN1| CNN2| CNN3|CNN4|CNN5|CNN6|CNNT|CNNS8
accuracy | 19.97% | 23.14% | 20.79% | 21.76% | 23.14% | 23.10% | 23.21% | 23.43%

TABLE 5.13: Accuracy of different architectures.

We can draw several conclusions looking to these results:

e First, we see that CNN does not perform very well. Indeed, we obtain an low
accuracy levels, between 20% and 25%.

e Having one or two layers of neurons at the output of our model sometimes improves
our accuracy (for example, between architectures 3 and 4). But it is not the case
all the time, for example, between architecture 1 and 2, 5, 6, or 7, and 8.

e We can also see that increasing the number of convolution and pooling layers
increases accuracy. However, we are limited in the number of layers because images
are too small.

e Having convolutions with more layers increases accuracy.

Figure 5.4 gives us a much clearer view of our results.

24,00%
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21,00%

20,00%

19,00%

18,00%

17,00%

ARCHI1 ARCHI2 ARCHI3 ARCHI4 ARCHIS ARCHI6 ARCHI7 ARCHI8

FIGURE 5.4: CNN Results

It is important to keep this in mind when looking at these results that we are limited
by computing time constraint in the number of tested architecture and that our results
are potentially affected by gradient descent convergence issues.
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5.4.3 Convolutional Neural Network : 3D

In this section, we present the results of the CNN 3D that we use on the images that
have at least two layers.

The hyper-parameters of the CNN3D are the same as those of the CNN in the previous
section, except that we now have a convolution 3D and a pooling 3D.

1. Double-layers images
Table 5.14 shows the architecture for the eights CNN3D that we have tested.

1 2 3 4 5 6 7 8
C3D (32,(2,3,3)) | C3D (32,(1,3,3)) | C3D (64,(2,3,3)) | C3D (32,(1,3.3)) | C3D (64,(2,3,3)) | C3D (32,(1,3,3)) | C3D (64,(2,3,3)) | C3D (32,(1,3,3))
M3D(1,2,2) M3D(1,2,2) M3D(1,2,2) M3D(1,2,2) M3D(1,2,2) M3D(1,2,2) M3D(1,2,2) M3D(1,2,2)
R(-1,19,20,32) | C3D (32,(1,3,3)) | R(-1, 19,20,32) | C3D (32,(1,3.3)) | C3D (64,(1,3,3)) | C3D (32,(1,3,3)) | C3D (64,(1,3,3)) | C3D (32,(1,3,3))
C2D(32(3.3)) M3D(2.2,2) C2D(64,(3,3)) M3D(2,2,2) M3D(1,2,2) M3D(2,2,2) M3D(1,2,2) M3D(2,2,2)
M3D(1,2,2) Flatten M3D(1,2,2) R(-1,8,9,32) Flatten R(-1,89,32) | C3D (64,(1,3.3)) | R(-1,89,32)
Flatten 512 R(-1,8,9,32) C2D(32,(3,3)) 1024 C2D(32,(3,3)) | C3D(64,(1,3,3)) | C2D(32,(3,3))
512 512 C2D(32,(3,3)) Flatten 512 Flatten Flatten C2D(32,(3,3))
512 Flatten 512 1024 1024 Flatten
512 512 512 512 1024
512 512
TABLE 5.14: Architecture of the CNN3D for 2-layers images
Table 5.15 shows the results for the 8 CNN3D.
CNN3D 1 | CNN3D 2 | CNN3D 3 | CNN3D 4 | CNN3D 5 | CNN3D 6 | CNN3D 7 | CNN3D 8
accuracy 78.99% 78.39% 77.88% 77.92% 78.60% 77.98% 76.35% 75.29%

TABLE 5.15: Accuracy of different architectures.

A number of conclusions can be drawn from these results:

e A very positive observation is that the image transformation technique per-
forms well. All the architectures have an accuracy higher than 75%, which is
well above the previous CNN result.

e An interesting observation is that architectures with 2 or 3 convolution layers
give better results than those with 4 convolution layers. It could be explained
by the fact that the fourth layer is not able to provide additional information.

2. Four-layers images
Table 5.16 shows the architecture of the eights CNN3D that we have tested.

1 2 3 4 5 6 7 8
C3D (32,(2,3,3)) | C3D (32,(1,3,3)) | C3D (32,(2,3,3)) | C3D (32,(1,3,3)) | C3D (64,(2,3,3)) | C3D (64,(1,3,3)) | C3D (64,(2,3,3)) | C3D (64,(1,3,3))
M3D(1.2,2) M3D(2,2.2) M3D(1.2,2) M3D(2,2.2) M3D(1.2,2) M3D(2.2,2) M3D(1.2,2) M3D(2.2,2)
C3D (32,(2,3,3)) | C3D (32,(1,3,3)) | C3D (32.,(2,3,3)) | C3D (32,(1,3,3)) | C3D (64,(2,3,3)) | C3D (64,(1,3,3)) | C3D (64,(2,3,3)) | C3D (64,(1,3,3))
Flatten M3D(1,2,2) | C3D(32,(2.33)) | M3D(1,2,2) | C3D(64,(2,33) | M3D(1,2,2) | C3D(64,(2,33) | M3D(1,2.2)
512 C3D(32,(1,3,3)) Flatten Flatten Flatten Flatten C3D (64,(1,3,1)) | C3D (64,(1,3,1))
512 Flatten 1024 1024 1024 1024 Flatten Flatten
512 1024 1024
512 512 512
TABLE 5.16: Architecture of the CNN3D for 4-layers images
Table 5.17 shows the results of the eights CNN3D.
CNN3D 1| CNN3D 2 | CNN3D 3 | CNN3D 4 | CNN3D 5 | CNN3D 6 | CNN3D 7 | CNN3D 8
accuracy 78.97% 74.87% 77.72% 76.79% 77.81% 77.44% 76.09% 74.97%

TABLE 5.17: Accuracy of different architectures.

It is clear that these image transformation techniques perform just as well as
double-layer images. All the results are above or really close to 75% accuracy. But
this time, we did not find a trend in these results, it is not clear is a particular
architecture is better than another.
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3. Multiple layers images
Table 5.18 shows the architecture of the 6 CNN3D that we have tested.

1 2 3 4 5 6
C3D (32,(3,3,3)) | C3D (32,(3,3,3)) | C3D (64,(3,3,3)) | C3D (64,(3,3,3)) | C3D (64,(3,3,3)) | C3D (64,(3,3,3))
M3D(2,2,2) M3D(2,2,2) M3D(2,2,2) M3D(2,2,2) M3D(2,2,2) M3D(2,2,2)
C3D (32,(3,3,3)) | C3D (32,(3,3,3)) | C3D (64,(3,3,3)) | C3D (64,(3,3,3)) | C3D (32,(3,3,3)) | C3D (64,(3,3,3))
M3D(2,2,2) M3D(2,2,2) M3D(2,2,2) M3D(2,2,2) M3D(2,2,2) M3D(2,2,2)
C3D (32,(1,3,3)) | C3D (32,(1,3,3)) | C3D (64,(1,3,3)) | C3D (64,(1,3,3)) | C3D (32,(1,3,3)) | C3D (64,(1,3,3))
C3D (32,(1,3,3)) M3D(1,2,2) M3D(1,2,2) C3D (64,(1,3,3)) M3D(1,2,2) M3D(1,2,2)
Flatten Flatten Flatten Flatten Flatten Flatten
1024 1024 512 1024 512 1024
512 512 512 512 512 512

TABLE 5.18: Architecture of the CNN3D for multiple layers images

Table 5.19 shows the results for the six CNN3D.

CNN3D 1 | CNN3D 2 | CNN3D 3 | CNN3D 4 | CNN3D 5 | CNN3D 6
accuracy 56.02% 57.83% 59.66% 57.31% 58.12% 58.88%

TABLE 5.19: Accuracy of different architectures.

It is obvious by looking at these results that this technique performs much worse than
the previous two. Indeed, the maximum accuracy is 58.88%.

Summary of performance CNN2D & CNN3D  The first evident conclusion is
that CNN2D is performing very badly. It can be explained by the fact that the time
dimensions have been completely removed. Even more, the fact that gestures start and
end at different points creates a great deal of difference between images in the same
class.

Concerning CNN3D, the first two methods work much better than CNN2D. The inter-
esting thing about the fact that there is no difference between the performance of these
two methods is that it had been hypothesized that separating the image into right and
left hands in the four-layer image method would have resulted in better accuracy than
the double-layer image method, but this is not the case. Finally, for the last method,
the accuracy is more or less 55%, which is much worse than the first two methods in
CNN3D. This could be explained by the fact that only 10 frames were kept. What’s
more, using images of 80 by 80 pixels still means a loss of precision. With more pixels,
we could have maintained better image quality.

5.4.4 Support vector machine

The third static model used is SVM. There are numerous hyper-parameters in this
model: ¢, gamma, decision function shape (OVO/OVR), and the type of kernel. We
decide to use an RBF kernel, and we also test multiple gamma and c. Table 5.20 reports
results according to specific hyper-parameter values. These results indicates that the
hyper-parameter range and the decision shape function (OVO/OVR) have no material
impact on accuracy. Only ¢ matters, with a limited impact. It is obvious to say that
the model does not work at all. The reason is unknown, but we have seen that the
model is incapable of correctly separating the different classes. Given the limited time
at our disposal and such deceptive results, we have decided not to explore this avenue
any further.
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G=05]G=07|G=08| G=1|G=12
Ovr,c=0.8| 12.43% | 12.43% | 12.43% | 12.43% | 12.43%
Ovr,c=1 12.47% | 12.47% | 12.47% | 12.47% | 12.47%
Ovr,c =12 | 1247% 12.47% 12.47% | 12.47% | 12.47%
Ovo, ¢ = 0.8 | 12.43% | 12.43% | 12.43% | 12.43% | 12.43%
Ovo,c =1 12.47% | 12.47% | 1247% | 12.47% | 12.47%
Ovo,c=1.2| 1247% | 1247% | 12.47% | 12.47% | 12.47%

5.5 Dynamic mo

In this section, we present results for dynamic models, which are models that can take

TABLE 5.20: SVM results

dels

account of changes over time.

5.5.1 Recurrent Neural Network

Table 5.21 shows the results for a classic recurrent neural network (RNN). Each row
corresponds to a specific architecture based on the number of neurons in each layer. We
decided to test RNN for each of reduction techniques except the SVD. We exclude SVD
because since we did a PCA after the SVD and the results were not as good, there’s no
point in doing it. We also test it on data without dimension reduction.

There are several conclusions that emerge from these results:

e With RNN, the best results are obtained after PCA dimension reduction. Auto-

encoder doesn’t a performance improvement compared to the use of raw data.

e The architecture that contains the highest number of neurons in its layer performs

best.

e Architectures that contain at least two layers work better if they contain enough
neurons in each of their layers

Architecture | Autoencoder 60 | PCA 60 | No reduction
64 36.32% 46.27% 36.15%
128 35.76% 52.07% 37.04%
256 35.08% 56.72% 36.26%
512 29.05% 56.50% 29.74%
64-—4 51.51% 59.08% 52.22%
128—64 45.73% 65.59% 48.31%
256—64 39.95% 66.11% 55.41%
128—128 44.22% 65.20% 47.02%
256—256 42.43% 64.55% 53.56%
64—64—64 54.15% 64.20% 38.58%

TABLE 5.21: Results of the RNN
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5.5.2 Gated Recurrent Unit

Table 5.22 shows the results for the different gated recurrent unit (GRU) architectures.
The table has the same structure as the RNN results table (see Table 5.21). Results in

Architecture | Autoencoder 60 | PCA 60 | No reduction
64 72.90% 79.17% 76.68%
128 73.13% 80.17% 77.60%
256 72.96% 80.83% 77.21%
512 73.53% 81.16% 75.83%
64—64 73.55% 79.83% 78.44%
128—64 73.60% 80.09% 77.53%
256—64 73.65% 80.74% 77.02%
128—128 73.62% 80.84% 77.46%
256—256 73.71% 80.59% 77.21%
64—64—064 73.14% 80.23% 77.53%

TABLE 5.22: Results of GRU

Table 5.22 deliver two conclusions :
e With a GRU, PCA dimension reduction delivers the best results and the use of
the auto-encoder, the worse ones.

e We also observe that the architectures with the highest number of neurons in their
layers perform best.

5.5.3 Long Short Term Memory

Table 5.23 shows the results for the different LSTM architectures. The table has the
same structure as the GRU and RNN results tables (see Table 5.22 and Table 5.21). We

can draw several conclusions from these results:
e With an LSTM, PCA dimension reduction delivers again the best results and the
auto-encoder based one the worse.

e Architectures with the highest number of neurons in their layers perform best.

e Architectures containing more layers perform better, except for the architecture
with 3 layers. This probably due to a too limited number of neurons in each layer

Architecture | Autoencoder 60 | PCA 60 | No reduction
64 72.43% 78.71% 74.14%
128 72.711% 79.52% 74.26%
256 74.06% 79.86% 73.77%
512 74.16% 80.34% 71.94%
64—64 73.51% 79.57% 77.24%
128—64 73.61% 79.72% 77.22%
256—64 73.95% 80.34% 75.85%
128—128 72.79% 80.61% 77.28%
256—256 75.66% 81.03% 75.64%
64—64—64 74.26% 80.31% 77.47%

TABLE 5.23: Results of LSTM
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5.6 K-Nearest Neighbor

In this section, we present result of a simple K-Nearest Neighbor algoritm (KNN), that
uses the Euclidean distance matrix as input. The results will be reported witout and
with data standardization.

5.6.1 KNN without Standardization

The only hyper-parameter that we had to optimize with KNN is the number of neighbors,
which is provided in each row of Table 5.24. For example, K15 means that to classify
new data, we take into account the 15 closest neighbors.

As hands do not start at the same place for each observation for a specific sign due to
the preceding and following signs, to implement KNN, we remove a given number of
frames at the beginning and end of the sequence. We have chosen to remove the first
and last 5/10/15 frames to test if these frames bring noise or information.

The results are shown in Table 5.24 Each column corresponds to the number of frames
we use. We remove 10/20/30 frames in the first, second, and third columns.

TABLE 5.24: Results for non standardized KNNNs

‘ ‘ Number of Frames

‘ number of neighbors ‘ 40 frames ‘ 30 frames ‘ 20 frames ‘ 10 frames ‘

K1 41.95% 44.31% 45.48% 45.13%
K5 45.53% 47.14% 48.08% 47.74%
K10 45.711% 46.51% 48.69% 48.09%
K15 45.69% 47.44% 48.20% 47.711%
K20 44.96% 46.65% 47.45% 46.86%
K30 44.00% 45.58% 45.96% 45.42%
K40 43.11% 44.44% 44.90% 44.37%
K50 42.09% 43.74% 43.85% 43.49%
K60 41.23% 42.84% 42.99% 42.55%

By looking at these results, we can draw several conclusions:

e Deleting frames increases accuracy, as we can clearly see in Figure 5.24. This is
due to the fact that, in the first and last frames, the signs do not start at the
same place, or are even located at completely opposite positions. As a result, the
Euclidean distance between these first points is very high, significantly increasing
the total cost of the distance between two observations.

e The best number of neighbors seems to be 10.

e [t is preferable to remove 10 frames at the beginning and end of each sequence to
increase accuracy. Removing 5 frames at the beginning and end of each sequence
doesn’t remove enough noise, and removing 15 frames at the beginning and end
of each sequence removes too much information.

It is important to notice that we did not explore all possible neighbors because it would
take too much time. We also didn’t explore all possible frame removals.
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FIGURE 5.5: Results of non standardized KNN

5.6.2 KNN Standardized

For the standardized KNN, the results are presented in the same form as for the non-
standardized KNN. Table 5.25 shows the results for the different numbers of neighbors
and frames we use.

TABLE 5.25: Results for standardized KNN

‘ ‘ Number of Frames

‘ number of neighbors ‘ 40 frames ‘ 30 frames ‘ 20 frames ‘ 10 frames ‘

K1 42.68% 44.65% 45.37% 44.91%
K5 45.37% 47.33% 47.89% 47.21%
K10 46.17% 47.72% 48.27% 47.40%
K15 45.49% 47.01% 47.68% 47.01%
K20 44.91% 46.68% 47.02% 46.11%
K30 44.05% 45.21% 45.71% 45.11%
K40 42.94% 44.27% 44.64% 44.11%
K50 42.18% 43.65% 43.85% 43.18%
K60 41.48% 42.84% 42.98% 42.52%

The analysis of these results is the same as in non-standardized KNN (see Section 7.6.1).
The only difference is that there is a slight bias with the standardization because we
perform it before we divide the train and test sets.



Contents 58

5.7 Summary And Discussion Of The Results

In this section, we will present a brief summary of all our results. Table 5.26 shows the
best accuracy for each of the models that we have tested.

Model Accuracy
SVM with PCA 12.47%
KNN 48.69%
ANN 81.94%
RNN with PCA 66.11%
GRU with PCA 81.16%
LSTM with PCA 81.03%
CNN2D 23.43%
CNN3D double-layers images 78.99%
CNN3D four-layers images 78.97%
CNN3D multiple layers images 59.66%

TABLE 5.26: Accuracy of different models.

All the results present in Table 5.26 have been carried out on the datasets LR (combina-
tion of right and left hand) under Case 1, which is when we perform dimension reduction

on x,y together, left and right hand together. This combination of dataset and case is
the best one.

We notice that among the static models, which are ANN and SVM, Only one performs
well, which is the ANN. The SVM is incapable of separating correctly the classes. For
the KNN, standardize or not the data does not change significantly the results. However,
an encouraging result is the fact that under our hypothesis to delete the 10 first and last
frames, KNN accuracy increases by an average of 2.5%.

Concerning the dynamic models, both LSTM and GRU perform well and are quite
similar, but we cannot say the same for the RNN, which has more difficulty recognizing
the signs.

Finally, as we know, the only transformations in the image that work are the CNN3D
with double and four-layer images.

What is surprising is that we thought that dynamic models would have better accuracy
than static models because they have the particularity of being able to handle the
temporal aspect. But we can clearly see that this is not the case either and that they
perform equally well. This could be explained by the fact that the sequences of our
observations are not long enough.

Another interesting analysis is that the only dimensionality reduction technique that
is present in 5.26 is the PCA. This technique is clearly the best one compared to the
SVD and auto-encoder. It means that our hypothesis about the SVD could improve the
performance of the model by reducing the noise in our data turns out to be wrong.




Conclusion and Future Work

This master thesis investigates the performance of machine learning (ML) models for sign
language (SL) recognition with a particular focus on dimensionality reduction techniques
(DRT).

A first objective was to improve the performance of these ML models by addressing the
high-dimensional nature of SL data thanks to DRT. The large number of dimensions
poses indeed numerous challenges, such as the curse of dimensionality, computational
complexity and model overfitting. To this end, we have carried out numerous tests and
analyses with several prominent dimensionality reduction techniques, including principal
component analysis, singular value decomposition, and auto-encoder. For each of these
techniques, various architectures and set of parameters have been tested to conduct
in-depth investigation performance improvement potential.

A second objectif was to compare the performance of ML models, such as Support Vector
Machines (SVM), K-Nearest Neighbors (KNN), Artificial Neural Networks (ANN), and
several deep learning frameworks, including Convolutional Neural Networks (CNN) and
Recurrent Neural Networks (RNN), after DRT preprocessing

Our results indicates that performing any DRT on any ML model always improves sign
language recognition precision on the investigate dataset. By reducing noise and redun-
dancy in the data, ML models can learn more efficiently the features that are necessary
to identify signs. In addition, our results indicate that PCA is the best performing DRT,
followed by auto-encoder, and finally SVD.

Among ML models, deep learning models dominates clearly other alternatives. One of
the most surprising findings is the poor performance of RNN. Despite the capacity of
RNNs to take into account the time dimension when analyzing sequential data, RNN
(at least as we did implement them) did not outperform simple ANN. One probable
explanation is that the length of our sequences that we analyze was too short for RNN
to benefit from taking into account the time dimension. Further investigation is needed
to fully understand this issue.

We also investigate the potential contribution of image transformation methods and
show that some display very encouraging results. In particular, CNN3D used with the
double- and four-layers images contributes significantly to performance improvements.
These results highlight the capacity of the convolutional structure to capture the right
feature to recognize sign language. Noteworthy, the ability of CNN3D to incorporate
the temporal dimension explains differences of performance with respect to CNN2D.

Several avenues are opened at this stage for further investigations. First, we faced limits
of storage capacity for image transformations, especially for the double, four and multiple
layers images. These are indeed extremely heavy, and we had to limit ourselves to 10
frames. This limit means that we lose a significant fraction of information contained
in image sequences. With more time and more powerful hardware, we believe that we
would have been in position to report better results.

Secondly, we assumed that the first and last frames bring noise since the start and the
end for a same sign is always varying in our dataset. We have tested this assumption only
the KNN model due to time limitation. It would be interesting to test it for every model
to see if the performance can be improved. In particular, it would be very interesting
to see whether neural networks underweight the first and last frames.
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Thirdly, due to limited computing power, we have had to restrain ourselves to quite sim-
ple neural network architecture. With more computing power, we would be in position
to test more complex architectures (adding more layers and neurons).

Finally, this work focuses on three specific dimensionality reduction technique : PCA,
SVD and auto-encoder. It would been interesting to explore more techniques in depth
to see whether they are more adapted to our SL recognition tasks.

In conclusion, this master thesis contributes to the field of sign language recognition by
(i) investigating how dimensionality reduction techniques have an impact on machine
learning models and (ii) comparing the performance of several machine learning ap-
proaches. We hope that this will be helpful to the development of efficient and accurate
sign language recognition systems.
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Appendix

Appendix 1: Fingerspelling

American Sign Language
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FIGURE 6: American sign language [13]
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British Sign Language
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FIGURE T7: British sign language [13]

Appendix 2: Description Of The Existing Datasets

e The Phoenix Weather Dataset

The phoenix weather dataset is one of the first dataset for continuous SLR. It was
built with videos of 9 different signers that translate German weather forecasts.
It contains 1080 classes (one class equals one sign) which makes of it one of the
largest dataset available for continuous SLR. The main drawback of this dataset
is that the signers tend to sign differently when they translate something or when
they speak naturally as in everyday life. The consequence is that this dataset is
not the best one to recognize natural sign language.

e The Greek Sign Language (GSL) Dataset

The Greek Sign Language is a dataset that contains five different scripted scenarios
that are signed by seven signers. The scenarios are constructed based on interaction
with public service employees such as police officers, train station agents, etc. The
dataset revealed to be extremely useful when we have to implement a system that
helps impaired people to communicate with public services but it suffers from two
drawbacks. The first one is that since only five situations are used, there is a lack
of diversity in terms of co-articulation. The second one is that since it is based on
the use of scripts, signers tend to slow down their movements, which distorts the
data a little. Videos are recorded in 30 frames per second, and there is also an
isolated dataset version.

e The American Sign Language Lexicon Video Dataset (ASLLVD)

The American Sign Language Lexicon Video Dataset was created in 2008 and is
one of the first large dataset for isolated sign language. Six signers were used to
build it and each of them performed each sign one time from a neutral position.
The main quality of this dataset is that four cameras are used to capture signs
which brings much more information about the sign’s spatial position. The main
weakness is that there are very few repetitions of each sign, which is problematic
in deep learning since it requires numerous examples to be trained.

e The DEVISIGN-L Dataset

The DEVISIGN-L dataset is a dataset of the Chinese sign language that contains
two thousand classes with twelve examples for each class signed by eight different
signers. It was created in 2016 and uses a Kinect device to provide depth informa-
tion for each video. The weaknesses are the same as the American Sign Language
Lexicon Video Dataset.
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e Microsoft American Sign Language (MS-ASL) dataset

The Microsoft American Sign Language is the dataset with the greatest variety
in terms of backgrounds, signers, and lighting which makes it one of the best

dataset to implement a SLR system performing well in any situation.

It was

created in 2019 with more than two hundred different signers, who have signed one
thousand signs. This dataset was created by combining videos of the American
sign language available on YouTube. Another quality of this dataset is that the
authors have created four sub- e, each with a different number of classes: two
hundred, four hundred, five hundred and one thousand. However, only URL and
times of the videos are provided, and as time length goes by, the videos disappear
from YouTube, diminishing the quality of the dataset.

These two figures resume the information about all these datasets.

Continuous Signs Datasets | Class | Signers | FPS | Videos | Position of the Camera
Phoenix weather 1080 9 30 6841 1 controlled camera
GSL 310 7 30 40826 little variation

FI1GURE 8: Continuous sign dataset specification

Isolated Signs Datasets | Class | Signers | FPS | Videos | Position of the Camera
ASLLVD 3300 6 30 9800 4 controlled cameras
DEVISIGN-L Dataset 2000 8 30 2400 1 controlled camera
MS-ASL dataset 1000 222 vary | 25513 great variation

FIGURE 9: Isolated sign dataset specification
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Appendix 3 : One Versus One and One Versus Rest
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