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Abstract

Human Activity Recognition HAR has been a hot research topic in the last decade
due to its wide range of applications. Indeed, it has been the basis for implementa-
tion of many computer vision applications, home security, video surveillance, and
human-computer interaction. We intend by HAR, tools, and systems allowing
to detect and recognize actions performed by individuals. With the considerable
progress made in sensing technologies, HAR systems shifted from wearable and
ambient-based to vision-based. This motivated the researchers to propose a large
mass of vision-based solutions. From another perspective, HAR plays an impor-
tant role in the health care sector and gets involved in the construction of fall
detection systems and many smart home-related systems. Fall detection FD con-
sists in identifying the occurrence of falls among other daily life activities. This is
essential because falling is one of the most frequent serious health issues encoun-
tered by seniors. FD systems are especially used in elderly homes and workplaces
to enable elderly isolated populations to live alone for as long as possible, enhance

their security and remote assistance.

In this thesis, gaps in HAR field and current challenges are identified. This was
performed by reviewing the most prominent state-of-the-art techniques, analyzing
and evaluating them. Based on the literature review, new algorithms are intro-
duced and embedded to explore the multi-modal HAR by combining different
modalities that allowed us to highlight the spatial and temporal evolution of the
actions. The proposed approach based on deep learning and video representation

is quite simple and achieves state-of-the-art results.

Afterwards, to address some issues related to FD, we combine human body ge-
ometry available at different frames of the video sequence with pose estimation.
The proposed approach relies on deep learning architectures and transfer learning
to achieve high accuracy while identifying falls from daily life activities and is
intended to be used for elderly assistance. Finally, the thesis identifies manda-
tory extensions regarding our proposed frameworks for HAR and FD and future

research directions.



Résumé

La reconnaissance des actions humaines est devenue un sujet scientifique en pleine
effervescence grace a ses divers domaines d’application. Elle est a la base du
développement de nombreuses applications d’interaction homme-machine, vision
artificielle, sécurité, vidéosurveillance et assistance a domicile. La reconnaissance
des actions humaines est I’ensemble des outils et systémes permettant de détecter
et de reconnaitre l'action réalisée par 'individu. L’évolution remarquable qu’ont
connu les technologies de détection ces derniéres années a influencé de maniére
directe le développement des systemes de reconnaissance des activités humaines.
Ceci a permis de passer des systemes a base de contact aux systémes a base de
vision, ce qui a motivé les chercheurs a proposer une grande masse de solutions.
Par ailleurs, la reconnaissance des actions humaines joue un role primordial dans
le secteur de la santé et I’assistance a domicile. Elle est exploitée dans la construc-
tion des systemes de détection de chutes ainsi que d’autres systemes relatifs aux
maisons intelligentes. La détection des chutes consiste a identifier I'occurrence de
chutes parmi les différentes actions de vie quotidienne. Ceci est essentiel car la
chute est considérée comme 1'un des problemes de santé auxquels les seniors sont
fréquemment exposés. Les systemes de détection de chutes sont particulierement
utilisés dans les maisons et les bureaux des seniors pour leur permettre de vivre
independament de fagon autonome aussi longtemps que possible, optimiser leur

sécurité et améliorer les services d’assistance & distance.

A Tissue de notre synthese de I’état de ’art relatif au domaine de la reconnaissance
des actions humaines, il nous a été possible d’identifier les challenges y afférent,
d’analyser et d’évaluer les techniques existantes et par conséquent, mettre en avant
quelques lacunes de recherche que nous proposons d’étudier dans ce travail. A
cet effet, de nouveaux algorithmes sont proposés et sont introduits pour explorer
la reconnaissance des actions humaines en combinant différentes modalités de
données. Ceci nous a permis également de mettre en évidence la combinaison de
I’évolution spatiale et temporelle de ’action. L’approche que nous proposons est
basée sur I'apprentissage profond et la représentation de vidéo. Elle est simple et

démontre de trés bonnes performances.



Par ailleurs, pour résoudre quelques probléemes liés a la détection de chutes, nous
combinons la géométrie du corps humain, disponible a travers les différentes
séquences vidéo, avec l’estimation de poses. L’approche proposée, fondée sur
I’apprentissage profond et le transfert d’apprentissage, permet d’atteindre un haut
niveau de précision par une meilleure identification des chutes liées a l'exercice
des activités quotidiennes. Elle est ainsi destinée a 1’assistance des seniors dans
leur vie quotidienne. Enfin, cette theése identifie d’autres perspectives futures de
recherche et des extensions triviales aux approches proposées pour la reconnais-

sance des actions humaines et des chutes.
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General Introduction

Vision-based Human Activity Recognition (HAR) has drawn an important role in the progress
of the field of computer vision and machine learning. Human activity recognition refers
often to the task of determining and naming activities using sensory observations ([l). More
specifically, we intend by a human activity (HA), the movement(s) of one or several parts
of the individual’s body. HA can be either atomic or composed of many primitive actions
performed in some sequential order. HAR aims to automatically understand and classify the
action performed in the image or the video and attributes the same label if the same action
was performed by a different person under different conditions. In other words, it attempts
to automatically analyze and recognize HAs using the acquired information from the various
types of sensors (2, B, 4). HAR systems could also be employed to guide subsequent decision-
support systems. To this end, the underlined HAR systems are generally preceded by an
activity detection task. This consists of the temporal identification and localization of such
activity in the scene in a way to boost the understanding of the ongoing event. Therefore,

the activity recognition task can be divided into two classes: classification and detection.

1.1 Background and motivations

Human activity recognition has become a hot scientific topic in computer vision community
and has drawn much attention of researchers. It is involved in the development of many
important applications such as human computer interaction (HCI) (p), virtual reality (6),
security ([7]), video surveillance, home monitoring (8, 9, 10, 11, 12, 13, 14, 15, [16, 17, 18) and
robotics. Therefore, the wide range of the activity recognition methods is directly linked to
the application domain to which they are implemented (11(). For instance, video surveillance
systems allow to automatically track the crowd and recognize their activities without requir-
ing any strenuous human monitoring. This may help to increase the security in public places

and prevent dangerous situations by triggering alerts whenever needed. Giving the ability
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to the computer /robot to understand the human activities may facilitate the communication
between the human and the computer/robot and makes the robots much more useful when
involved in an ongoing activity. Application of HAR in home monitoring permits to moni-
tor the patient’s activities, detect any abnormality, offer them efficient health care and thus
improve the quality of their life. However, HAR could be burden due to many unresolved
challenges such as occlusion, moving and cluttered backgrounds, different illumination condi-
tions, and viewpoint variations ([19). Also, the impact of these challenges may vary depending
on different factors including the type of the activity under consideration, the viewpoint and
the type of the acquisition device, the body parts involved in performing the action and the
nature of data whether it is image or video. Generally, activities are categorized into actions,
gestures, behaviors, interactions, group actions and events. The complexity of the activity
and therefore, the intensity of challenges increase from atomic actions to events. Similarly,
challenges’ impacts increase when many parts of the body are involved, which include the
study of the relationship between them as well. The same thing happens when different views
are considered since synchronisation and more data has to be processed. Moreover, analysing
videos is much difficult than scrutinizing images since the temporal aspect of the action is also
taken into consideration. The motivation behind the work in this thesis is especially related
to the wide range of important applications of HAR in the real-world scenarios. This thesis
considers actions, interactions with objects and some behaviors. Therefore, the recognition
of remaining types of activities are not covered under the scope of this thesis.

Human activity recognition has been studied significantly in the literature. In some
previous works (B, 20, 21, 22, 23, 24, 25, 26, 27, 28, 29), HAR systems have been extensively
reviewed and discussed. Nevertheless the rapid development of the technology and emergence
of new methodological approaches call for a constant update in the field and, thereby, new
reviews in a way to benefit the growing HAR community researchers. In this respect, the
current thesis completes and updates the aforementioned existing studies.

From another hand, applications of video surveillance have attracted more researchers
to propose new techniques of detection and analysis of human activities. Understanding
abnormal human activities in monitored environments tend to be very useful and benefi-
cial, especially for public security and elderly monitoring applications. Abnormal activities
recognition should be considered as a separate research axis and proposed methods should
deal particularly with this kind of activities and their specific characteristics. For instance,
detecting falls may help to enhance the elderly life quality, ensure their privacy and boost

their independence. This was a motivating factor behind the contributions of this thesis.
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1.2 Objectives of the thesis

Recognition of human activities is a hot research topic that has mainly attracted a lot of
researchers’ attention nowadays. Especially, with the increase development of sensor tech-
nologies and deep learning models. Various techniques have been presented in the literature
aiming to detect, understand and classify human activities. However, many challenges are
still open issues and have to be resolved efficiently. For instance, recognizing actions by fusing
different modalities, understanding abnormal activities and detecting falls for elderly are still
very challenging and have to be addressed carefully. In this regard, this thesis tries to resolve

the following objectives:

e Aiml. Comprehensive review of the state-of-the-art techniques of vision-based human

activity recognition.

o Aim2. Extracting and understanding of the limitations of the state-of-the-art tech-

niques. This helps us to identify the gaps for new contributions.

e Aim3. Comprehensive overview of the state-of-the-art techniques of vision-based abnor-
mal human activity recognition to identify limitations and challenges of recognition of
such particular activities. Especially, fall detection which is a very important research

topic.

o Aim4. Development of a multi-modal framework for human action recognition by com-
bining RGB, Depth and skeleton data. Fusion of multiple modalities is one of the major

challenges for human action recognition.

e Aimb. Development of an efficient method for human activity recognition based on a

supervised deep learning and a transfer learning model,;

e Aim6. Development of an efficient method for human activity recognition based on a

new representation of human action in video sequences;

e Aim7. Development of an efficient method for elderly fall detection based on a super-

vised approach and a transfer learning model;

e Aim8. Comparison between our proposals and existing works in both HAR and FD,

using standard benchmark datasets, to produce better results.
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1.3 Contributions of the thesis

The main contributions of our thesis could be organized as follows:

o First, we proposed a survey that discusses the most significant advances reported re-
cently in the literature of HAR covering, both the general aspects of human activities
recognition and the specific vision-based HAR systems. The Human activity recogni-
tion contribution is presented in Chapter E and E, and has been published (30). Our

survey differs from the previous works in different aspects:

1. One can see from Figure EI H that only 9% of the existing surveys from 2010 to
present are devoted to discuss the general framework of HAR while 91% are rather
presenting specific taxonomies or specific domains. In addition, Figure EI B shows
most commonly discussed HAR subjects and the percentage of surveys covering

each subject for the ten past years.

2. This survey paper presented a deeper analysis of human activities recognition by
discussing various applications of HAR in different fields, analyzing the proposed
approaches, defining abstraction levels of activities and categorizing human action

representation methods.

3. In an attempt to quantify the in-depth characterization of the HAR survey papers
reported in our paper, we manually scrutinize the reported survey papers for the
last ten years to distinguish in-depth and comprehensive surveys from domain-
specific or light surveys. The results are presented in Figure @ It can be seen
from this figure that there are only few surveys similar to our work and, thereby,
there is a need for updated new comprehensive review for HAR systems. Strictly
speaking, the previous quantification (of in depth-survey versus standard-survey)
is rather based on the number of technologies and methodologies, structure of
taxonomy, in-depth comparative analysis undertaken by the underlined review
paper.

4. In addition to reviewing existing human activities recognition approaches and
common related datasets, we classified them according to the modalities used when

acquiring data and to the commonly employed three-stage activity recognition

process: detection, tracking and classification.

5. Finally, we identified challenging issues and discussed useful recommendations to

provide useful insights to the HAR system development community.
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= Surveys for general aspects of HAR

Surveys for specific aspects of HAR
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Figure 1.1: HAR related surveys from 2010 until 2019: (a) The percentage of surveys represent-

ing general aspects of HAR compared to surveys presenting specific taxonomies and application
domains of HAR, (b) Distribution of major subjects of HAR covered by recent surveys
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to present
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e To give a general idea of what exists in the field of abnormal human activity recognition,
we provided an overview that includes an analysis of some existing works in this research

area. This contribution is presented in Chapters E,E and @, and has been published (4).

e An extension of the above mentioned overview was also proposed by giving update
of new research in the field of abnormal human activity recognition focusing on fall
detection task. This contribution is presented in Chapter B, and has been published
(81).

o We explored the combination of three modalities (RGB, depth and skeleton data) to
design a robust multi-modal framework for vision-based human activity recognition.
Illustrative representations of activities using rank pooling were suggested to highlight
spatial information, body shape/posture and temporal evolution of actions. Our frame-
work takes advantage of transfer learning from pre-trained models to extract significant
features from newly created images. Finally, a Canonical Correlation Analysis inline
with a Long Short-Term Memory network are used to fuse extracted features and clas-
sify actions from visual descriptive images. This contribution is presented in Chapter B,
and has also been accepted for the 25th International Conference on Pattern Recogni-

tion ICPR 2020 (32). Our main contributions can be summarized into the following:

1. Summarizing RGB and depth videos into dynamic images using an approximate

rank pooling method introduced in (33, B4).

2. Encoding locations of skeleton joints along the video frames into new representa-

tions.

3. Extracting new features from RGB and depth dynamic images and skeleton rep-

resentations using transfer learning from pre-trained models.

4. Developing a new feature fusion based strategy using Canonical Correlation Anal-

ysis of RGB, depth and skeleton data modalities.

5. Developing one bi-directional Long Short Term model for action classification that

has for input the resulting features fusion vectors.

6. Evaluating our proposed method on two datasets: UTD-MHAD and NTU RGB+D

where we performed cross-view evaluation.

o We presented a fall detection approach based on human body geometry inferred from
video sequence frames. The angular information and the distance between the vector
formed by the head centroid of the identified facial image and the center hip of the

body and the vector aligned with the horizontal axis of the center hip were calculated
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and used to construct distinctive image features. Two scenarios were compared. In
the first one a two-class SVM was trained on the extracted features from the newly
constructed images while in the second scenario a Long Short-Term Memory network
(LSTM) was used with the calculated angle and distance sequences to classify falls
and no-falls activities. This contribution is presented in Chapter B, and has also been
published within the International Conference on Image Processing Theory, Tools and
Applications IPTA 2020 (B5). An extension of this work was also published within the
International Workshop on Deep Learning for Human-Centric Activity Understanding
DL-HAU 2020 (B6). It gives a deeper experimentation and comparison aspects. Another
extension of this contribution was published by the journal of visual communication and
image representation (B7). The main contributions of our proposal can be summarized

into:

1. A new method for downsampling the videos using optical flow in order to keep
only frames with significant motion is put forward. This allows us to reduce the

number of frames of the video to be executed in subsequent reasoning.

2. A new research dataset related to our manual annotation task containing the
2D coordinates of both center hip of the body and the head centroid (of facial
representation) available from each frame of the video data is made available to

research community.
3. A new deep learning-based human pose estimation approach is devised and im-

plemented to automatically annotate the head and the center hip of the body in

video sequences.

4. A sound mathematical approach for calculating the angle and the distance between
the head centroid and the center hip of the body is demonstrated.

5. The ability to track the variation of the above angular estimation across all frames
of the re-sampled video is demonstrated.

6. A new SVM-binary classification that distinguishes fall from non-fall scenarios
using the sequence of angles and distances of each video has been put forward.

7. The contribution of other potential feature sets are explored and exploited for
representing video sequences.

8. A comparison between LSTM, TCN and SVM classification results has been car-

ried out along with a cross-dataset evaluation.

9. An ablation study was put forward to analyse the importance of each component
of the system separately. For that, we focused on feature ablation and hyper-

parameters optimization.
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1.4 Summary of related publications

In this section, the list of publications related to this thesis is presented.

Journal Papers

o Beddiar Djamila Romaissa, Nini Brahim, Sabokrou Mohammad, Hadid Abdenour.
Vision-based human activity recognition: a survey. Multimedia Tools and Applica-

tions, 2020, vol. 79, no 41, p. 30509-30555. (30)

e Beddiar Djamila Romaissa, Oussalah Mourad, Nini Brahim. Fall Detection Using Body
Geometry and Human Pose Estimation in Video Sequences. Journal of Visual Com-

munication and Image Representation, 2021, p. 103407. (37)

Conference Papers

e Beddiar Djamila Romaissa, Oussalah Mourad, Nini Brahim. Vision-Based Multi-Modal
Framework for Action Recognition. In : 2020 25th International Conference on Pattern

Recognition (ICPR). IEEE, 2021. p. 5859-5866. (B2)

e Beddiar Djamila Romaissa, Oussalah Mourad, Nini Brahim, Bounab Yazid. Fall Detec-
tion using Body Geometry in Video Sequences. 2020 Tenth International Conference

on Image Processing Theory, Tools and Applications (IPTA). IEEE, 2020. p. 1-5. (85)

o Beddiar Djamila Romaissa, Nini Brahim. Abnormal human activities recognition: brief
synthesis of vision based fall detection. 2nd International Conference on Artificial

Intelligence and Information Technology ICA2IT 2019. (31)

e Beddiar Djamila Romaissa, Nini Brahim. Vision based abnormal human activities
recognition: an overview. 8th International Conference on Information Technology

(ICIT) 2017. p.548-553. (4)

Workshop Papers

e Beddiar Djamila Romaissa, Oussalah Mourad, Nini Brahim, Bounab Yazid. Vision-
based Fall Detection using Body Geometry. In : International Conference on Pattern

Recognition. Springer, Cham, 2021. p. 170-185. (B6)
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1.5 Organization of the thesis

This thesis consists of six chapters including the current introductory chapter. Chapters E,
E, H, a, and B highlight our contributions in human activity recognition and FD fields and
are already published in international indexed journals and conferences. A part of the work
presented in chapter B is currently under review for journal publication. Chapter H is devoted
to a summary of our study, where we conclude the thesis, address each of the fixed objectives
and describe future research directions. Therefore, a brief overview of each chapter is given

as follows:

Chapter 2 - Human Activity Recognition: This second chapter provides a global
overview of our research area. It clarifies definitions of main concepts related to human ac-
tivity recognition and highlights general ideas, from different perspectives, of this domain.
Moreover, a taxonomy of activity types, the body parts which can be used to identify the
various human activities, the nature of the recorded data and the viewpoint of the acquisition
device are summarized inline with main human activity recognition application fields. Af-
terwards, we categorize HAR systems into contact-based and vision-based, where we discuss
also drawbacks and advantages of both categories. Before introducing the main area of our
contribution, we provide a brief description of the different validation means, the standard

and popular benchmarks and evaluation metrics for HAR task.

Chapter E - Literature review: Vision-based Human Activity Recognition: In this
third chapter, we explored the state-of-the-art of vision-based HAR methods. We provide
an overview of survey papers that introduce the recent advances in human activity recogni-
tion topic. Subsequently, we propose four taxonomies for classification of HAR approaches
according to; (1) the feature extraction process with a categorization of human activity rep-
resentation methods, (2) the three-stages recognition system followed by the methods used
in implementing each of them, (3) the input data modalities and (4) the supervision level of
the machine learning. Finally, we discuss some of the existing techniques, enumerate their
limitations and the the current challenges they have to cope with to enhance HAR system

performances.

Chapter @ - Overview of Fall Detection: This chapter is devoted to give a general
overview of the fall detection field. It clarifies definitions of main concepts related to fall de-
tection, provides a categorization of fall types inline with existing methods in the literature.

Applications of FD systems, mainly for elderly monitoring are also highlighted. Afterwards,
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we enumerate some FD related benchmark datasets that could be used to evaluate the per-
formance of proposed methodologies. Finally, we discuss limitations and challenges related

to FD systems and conclude the chapter.

Chapter E - Multi-Modal Human Activity Recognition using deep learning: In
this chapter, we explore the combination of three modalities (RGB, depth and skeleton
data) to design a robust multi-modal framework for vision-based human activity recogni-
tion. Especially, spatial information, body shape/posture and temporal evolution of actions
are highlighted using illustrative representations obtained from a combination of dynamic
RGB images, dynamic depth images and skeleton data representations. Therefore, each
video is represented with three images that summarize the ongoing action. Our framework
takes advantage of transfer learning from pre-trained models to extract significant features
from these newly created images. Next, we fuse extracted features using Canonical Correla-
tion Analysis and train a Long Short-Term Memory network to classify actions from visual
descriptive images. For that, we first review related works in multi-modal vision-based HAR
approaches where we also discuss video representations and rank pooling of videos. Then,
we detail our proposed and discuss our evaluation findings on the public UTD-MHAD and
NTU RGB+D datasets.

Chapter E - Vision-based Fall detection using body geometry: We present in this
chapter, a fall detection approach that explores human body geometry available at different
frames of the video sequence. Especially, the angular information and the distance between
the vector formed by the head centroid of the identified facial image, the center hip of the
body, and the vector aligned with the horizontal axis of the center hip, are then used to
construct distinctive image features. A two-class SVM classifier is trained on the newly
constructed feature images, while a Long Short-Term Memory (LSTM) network is trained on
the calculated angle and distance sequences to classify falls and non-falls activities. For that,
we briefly provide background and previous research related to vision-based Fall detection
(FD). Then, we outline our approach and discuss the experimental results of our proposal on
the publicly available UR FD and Le2i datasets while comparing a TCN model to the LSTM
and SVM classifiers. Finally, an ablation study is put forward to investigate the impact of

features and models’ parameters on the training process.

Chapter B - Summary: We present in this chapter the conclusive summary, the realization
of our fixed objectives, by reminding our key contributions, our research and validation
methodology. Besides, limitations and future works are also discussed at the end of this

chapter.
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Human Activity Recognition

2.1 Introduction

Human activity recognition (HAR) consists of tools and approaches that allow identifying
actions or activities performed by a person or a group of people. It plays a very important role
in many real-world applications among which computer vision, human-computer interaction
and video surveillance are predominant. Due to the extensive advancement in sensor and
visual technology, different approaches of HAR have been implemented, allowing to recognize
the human activities in various manners. The authors of (19) categorize HAR systems into
visual sensor-based, non visual-sensor based and multi-modal techniques. The first category
includes techniques based on visual sensors such as cameras, and depth cameras which record
videos and images. Non-visual sensor based techniques rely on the use of sensors that capture
data different than images or videos such as inertial data. Finally, the multi-modal techniques
combine data recorded using multiple sensors of different modalities. In general. the major
difference between these approaches consists in the nature of the recorded data, which may
be 2D, 3D images and inertial information. Moreover, to properly understand and recognize
the activity, it is interesting to determine the level of the activity as well as the involved part
of the body that performs it. This helps to select the better method for recognition of such
type of activities. Dealing with data captured from one single view or multiple views or data
constituted of one single image or a sequence of images may also influence on the choice of
the applied method. Roughly speaking, methods that perform well for images could be less
robust when dealing with videos, the same is also true for single viewpoint and multi-view
data.

In this chapter, we explore the main concepts related to HAR by introducing some im-
portant definitions in section @ Following this, we provide the main HAR application fields
in section @ Then, section @ is devoted to present various types of human activities

while section @ summarizes the body parts involved in carrying out such movements. We

11
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discuss in section @ and section @, the nature of the recorded data and the viewpoint of
the acquisition device respectively. Similar to ([19), we categorize HAR into contact-based
and vision-based techniques in section @ and we discuss drawbacks ans advantages of both
categories. We introduce a brief description of the different validation means, where we cate-
gorize benchmark datasets according to the activity type and enumerate some of the metrics

used for evaluating performances of the HAR systems in section @ Finally, we summarize

the chapter in Section .

2.2 Definitions

In this section, we introduce some definitions of main concepts related to HAR. These defi-

nitions may help to have a global idea about the studied field.

2.2.1 Activity

A human activity (HA) refers to the movement (s) of one or several parts of the person’s
body. This can be either atomic or composed of many primitive actions performed in some
sequential order. It is to note that we use here the terminology of both action and activity

to refer to the same concept.

2.2.2 Human Activity Recognition

Human activity recognition (HAR) refers to the process of identification and categorization of
a sequence of recorded data from ubiquitous or visual sensors into well-defined basic activities
(). More specifically, human activity recognition should allow labeling the same activity with
the same label even when performed by different persons under different conditions or styles.
HAR systems attempt to automatically analyze and recognize such HAs using the acquired
information from the various types of sensors (2, ). Besides, HAR outputs can be employed
to guide subsequent decision-support systems. For instance, authors in (B8) proposed an
HAR system that can help a teacher to control a multi-screen and multi-touch teaching tool,
such as sweeping right or left to access the previous or next slide, call the eraser tool to rub
out the wrong content, among others. Similarly, the work of (8) aims at ensuring a good

implementation of various Human Computer interaction systems.

2.2.3 Activity Detection vs Activity classification

Human Activity Recognition systems are generally preceded by an activity detection task.
This consists of the temporal identification and localization of such activity in the scene in a

way to boost the understanding of the ongoing event. Therefore, the activity recognition task

12
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can be divided into: classification and detection. The categorization of an activity, known
as activity classification, consists in distinguishing the nature of the person movements using
some spatial and temporal cues or any other meaningful features that best describe the

ongoing action and assign it to its corresponding class.

2.2.4 Abnormal Human Activity

According to (B9), an abnormal activity is defined as any out-of-ordinary and non-usual
activity that may expose a person or group of people to danger in a particular context. An
activity is considered abnormal when it is atypical and consists of undesirable acts. It is also

an activity that occurs rarely and has not been expected in advance (40).

2.3 HAR Applications

HAR has been widely used for various applications such as human-computer interaction
systems HCI, computer vision and augmented reality (b, 8, 9, 11, 41, 42, 43). It is important
to stress the interest of having interactive and natural interfaces, where the user can use his
performed actions to provide instructions to the machine. For instance, a speaker can control
the presentation of the slides with the movements of his hand ([19). Likewise, the recognition
of human activity from static images or video sequences has several potential applications
in many fields. Examples of human activity recognition applications include monitoring
and evaluation of processes in industry as well as machines and devices control (8, #4, 15),
fraud detection (2, #6), extraction of information from videos (8, 47), video assistance and
surveillance (2, B, 43, 45, 46, 47) and public security ([7) where crowds’ movements are tracked
to detect violent or criminal situations. Given the increasing involvement of robots in our life,
it is essential to equip them with the ability to understand intentions, emotions and behaviors
of individuals. Thus, Robotics and video games have also taken benefits from the progress
made in HAR systems (2, B, 43, 46, 48). Finally, other applications of HAR systems touch in
medical environments to ensure surgical operations or patient monitoring, interpretation of
language signs (2, 46, 49, 50, b1, 52) as well as supervision of medication (43). For instance,
a combination feature extraction method based on human activities recognition is introduced
in (52) making possible to classify static signs of the sign language.

The interest in the development of these human activity-based applications can be justified
by the fact that they provide very valuable and useful means of communication. However,
the progress of the research in this field is also affected by the considerable changes in the

technology trend and overall ecosystems.
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2.4 Activities type

Human activities are regarded to be the means of communication between individuals, in-
teractions with machines and with the environment in which we live. As mentioned earlier
in this chapter, activities refer to body parts or whole body movements and is composed of
several elementary actions performed in a temporal sequential order. They can be accom-
plished by one person or a group of people. We present in this section, a hierarchy of human
activities depending on their complexity scaling from simple action to more complex events.

Figure @ shows this hierarchy.

1. Elementary human actions: This consists of simple atomic activities which indicate
voluntary and/or intentional body movements that form the basis for building other
more complex actions such as "raising the left hand” or "walking”. They are easy to

recognize and have been a center of interest of several research tasks like (45, 46, 47, 63).

2. Gestures: Typically, a gesture is a language or part of the non-verbal communication
which can be employed to express significant ideas or orders. The gestures are a sec-
ond type of activities which may be conscious like "applauding”, and unconscious like
“hiding the face with hands when getting shy” or "pulling out the hand when touch-
ing a hot material”. Some gestures are universal, whereas others are related to quite
specific social and cultural contexts. Among the works that are interested in gestures

recognition, we can mention (8, 46, b4, 55).

3. Behaviors: These describe the set of physical actions and reactions of individuals in
specific situations that are observable from the outside and which are relative to their
emotions and psychological states. Proposals in ([, 43, 46) are examples of approaches

that attempt to recognize human behaviors.

4. Interactions: These are reciprocal actions or exchanges between two entities or more,
which modify the behavior of individuals or objects involved in the interaction. They
are, in general, complex activities of two types: human to human such as kissing” or
human to object such as ”cooking” which involves various kitchen utensils. The works

presented in (b5, 56) focus on the recognition of interactions.

5. Group actions: constitute the activities carried out by a group of people like “cuddling”.
These activities are more or less complex and difficult to track or recognize. The

approaches suggested in (46, b5) make it possible to recognize complex activities.
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Action Gesture Behavior Interaction Group Action Event

v

Figure 2.1: Human activity types scaling from simple action to event

6. Fvents: These are human activities taking place in a specific environment or high-level

activities which represent social actions between individuals such as ”"weddings and

parties” (@, @)

7. Activities of daily living: ADL can be defined as activities that people are used to do
every day without any assistance. In general, they are complex activities, composed of
many simple activities performed in an indoor environment. This particular type of ac-
tivities related to daily living (ADL), has gained a particular attention in the computer
vision community due to its importance in surveillance, assistance and patient moni-
toring environments. Understanding such activities is important because, in addition
to providing information on the person’s autonomy and ability to independent living,

it provides personal safety to older people. Among research interested to activities of

daily living, we can quote (@, @, @, @, )

2.5 Body parts used for HAR

Human activities can be performed using only one part or several parts of the body, and are
interpreted differently according to the culture of the region. Recognition of human activities
may require analyzing the movements of different body parts of the individual, e.g., hands,
feet, head, ..etc (see Figure @) The movements of a single limb or several at once enable to
describe and give significant information on the underlined action. The hand, for example,
can be tracked to detect the communication between individuals. The works presented in
(B, , @, @) are interested in the recognition of hand gestures in particular. The foot is also
a part which can be tracked to detect shifting and movements of people or other actions like
walking, running, ..etc. The majority of studies focus on tracking the full body performed
activities. Authors of (E, @, @, @, , @) conduct their studies on the recognition of
postures and human actions through tracking the whole body. Other works, such as (@, @),

focus on the follow-up of facial expressions to interpret specific types of human activities,
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¢ S

Head: smiling Hand: writing Hand: washing

Torso: bending Leg: running

Figure 2.2: Different human body parts used to perform actions

especially in the case of handicapped or disabled people who can move neither their hands

nor other parts of their bodies.

2.6 Image input versus video input

The research in human activity recognition can be classified, according to the nature of input

data, into two sub-classes:

1. Human activities recognition based on static images: where the system can recognize
activities from images like: sitting, walking, eating, ...etc. The activity is distinguishable
compared to others by its characteristics. Authors of (E, @, @, @) are interested to

recognize human activities from still images;

2. Human activities recognition based on videos: Some activities cannot be recognized
using solely a single current static image. There is a need to have access to extra
information related to prior and post event occurring, through, for instance, examining
previous and next frames. In this case, videos are more accurate, where the relation
between two successive frames can be established. Works in (E, @, @, @, @, @)

attempt to recognize activities from videos using such approach.

2.7 Single viewpoint versus multi-view acquisition

The point of view is the place where the grabbing camera is located. Many researchers are

interested to recognize activities from only one device placed in a suitable position while
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others consider many devices placed at different positions to have different views of the

activity performed. We can classify works of the state of the art into two categories:

1. Single view acquisition: This considers only one viewpoint because of the nature of the
acquisition device which captures only the front part as in (E, @, @, ) We give an
example of single view recorded frames from the MSR Daily Activity 3D dataset (@)

in Figure @ H

2. Multiple view acquisition: In the sequel, multiple devices are used to cover multiple

views of the scene as in (@, @, @, @) This allows to get extra information on the

activity performed. We give an example of multi-view recorded frames from the Caviar

dataset in Figure @ .

Figure 2.3: Viewpoint of the acquisition device: (a) Samples from a single view dataset "MSR
Daily Activity 3D (@) 7, (b) Samples from a multi-view dataset "the Caviar dataset”

2.8 HAR from contact-based to remote methods

HAR systems implementation is guided by two main streams of human computer interac-
tion technologies: (1) Contact-based and, (2) Remote methods (@) Contact-based systems
require the physical interaction of the user with the command acquisition machine or de-
vice (@) These methods are also straightforwardly impacted by the nature of data issued
from the various sensory modalities and sources, e.g., accelerometers, multi-touch screens,
body-mounted sensors or wearable sensors such as data gloves to analyze the human behav-

ior. Nevertheless, contact-based systems are more and more abandoned because the physical
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contact requires some skills and sophisticated equipment that make them accessible only to
experimented users. Besides, in order to enable implementation in real world application sce-
narios, wearable sensors need as well to be easy, efficient, of adequate size, and should benefit
from user’s acceptability and willingness to perform continuous monitoring tasks. Among the
currently developed HAR, one shall distinguish the vision-based (Remote methods). The lat-
ter attempts to simplify the human computer interaction task by allowing the human to use
natural and intuitive manner in communication (54). In fact, human activities enable a user
to convey ideas or thoughts through his gestures or combination of such activities (8, 54, b5).
Intuitively, since vision-based systems use captured images or recorded video sequences to
recognize activities, this can provide an edge to alternative approaches to win societal trust.
Unlike contact-based activity recognition systems, vision-based systems do not require ordi-
nary users to wear several and uncomfortable devices on different parts of their body. So,
the "non-intrusive” character of these last systems allowed them to gain acceptability of use

among the society.

2.9 Validation means

The validation of an approach is a vital step because it allows confirming by tangible proofs
that its results are conforming and satisfying the requirements specified in the relative solu-
tion. In this context, we classify the research works according to the means used to check
the proposals. To validate their approach, the authors of (45) used an experimental platform
called DOMUS ([71) which is designed and implemented by the MULTICOM team of the
Informatics Laboratory of Grenoble. This functional apartment of 34 m? is equipped with
various types of sensors and actuators in order to act on the environment (lighting, shutters,
security systems, heating, ventilation, audio-video control...). Real data from 21 people, who
performed predefined scenarios of different actions, were collected. Moreover, the authors
of (47) validate their proposal through a set of real experiments allowing them to test their
method on three sets of actions: MSR 3D Action (72), UT Kinect Action (73) and Florence
3D Action ([73). For each set, half of the subjects was used for the training and the other half
for the test. The authors of (42) have used the same validation means in order to support
their proposal. However, they have used UT-interaction dataset (57) and UCF 50 dataset
(58). The authors of (74) have conducted their experiments on five benchmark datasets:
MSR Action 3D ([72), UT Kinect (73), MSR C12 ([75), Multiview 3D Action dataset ([76)
and NTU RGB+D dataset (77). The authors of (62) as well led experiments on the data
extracted from the KTH database to validate and analyze the performance of their approach.

They compared the results obtained by the naive Bayesian and SVM classifiers. In addition,
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(R) created a dataset of actions performed by the members of the laboratory using a Web-
Cam in order to evaluate the performance of their suggested model. Authors in (78) used
the Kinect sensor in order to build a learning model of 22 human postures. These postures
are divided into three categories: postures of the hand, foot and full body. Similarly, (8)
executed the designed system on a dataset captured by Kinect, containing 1000 depth maps
of hand gestures of 10 subjects with 10 catches for each gesture.

In addition, most of the works such as (42, 62) compare the results of their approaches
with the results of other methods and approaches suggested in the literature to prove their

effectiveness.

2.9.1 Open datasets

There exist many public datasets that can be used by researchers in order to validate their
proposals and to evaluate their performance. According to (24), these datasets / databases
can be grouped into several classes depending on the types of action they contain, the view-
point as well as the nature of data: databases relating to movie scenes, social networks, human
behaviors, human poses, atomic actions or daily life activities. Authors of (8) enumerate 13
sets of data captured using Kinect that can be used for training and testing. We quote the
most used datasets in the literature and categorize them according to activity types. We
consider in this classification only four types (levels): atomic action level, behavior level,

interaction level and group activities level.

1. Action level datasets

(a) KTH Human Action Dataset: It was created in 2004 by the Royal Institute of
Technology of Sweden (79). It compromises 2391 sequences of six human action
classes (walking, jogging, running, boxing, hand waving and hand clapping) per-
formed several times by 25 subjects in four different scenarios. All sequences have
a length of 4 seconds in average and were taken over homogeneous backgrounds

with a static camera (Figure @Q)

(b) Weizmann Human Action Dataset: It was created by the Weizmann Institute of
Science in 2005 (80). It compromises 90 video sequences of 9 different people
performing 10 simple actions (running, walking, skipping, jumping-jack, jumping
forward on two legs, jumping in place on two legs, gallop-sideways, waving with

two hands, waving with one hand and bending) (Figure @)

(c) Stanford 40 Actions dataset: It was created by the Stanford vision Lab (81). It

contains 9532 images of 40 different classes of actions.
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(d)

IXMAS dataset: It is a multi-view for view-invariant human action recognition
dataset which was created in 2006 (82). It contains videos of 11 actors performing
13 daily life motions, 3 times each. These actions are recorded with 5 calibrated

cameras from different views and include: crossing arms, stretching head, sitting

down, ..etc. (Figure @B)

MSR Action 3D: It was created by Wanging Li in the Microsoft Research Red-
mond ([72). It contains 567 depth map sequences of 10 subjects performing 20

action types twice or 3 times. The sequences were recorded using a Kinect device

(Figure @@) .

2. Behavior level datasets:

(a)

VISOR dataset: It was created in 2005 by the Imagelab Laboratory of the Univer-
sity of Modena and Reggio Emilia (83). It is composed of several types of videos
sorted in different categories. The category ”Videos for human action recognition
in video surveillance” is used for human action and activity recognition and it

contains 130 video sequences (Figure @H)

Caviar dataset: 1t was created in 2004. It is composed of two sets: the first one is
filmed with a wide-angle camera lens in the entrance lobby of the INRIA Labs in
Grenoble, France and the second set also uses a wide-angle lens along and across
the hallway in a shopping center in Lisbon. This dataset compromises a number

of videos of people performing 9 activities in two different places (Figure @)

Multi-Camera Action Dataset (MCAD): was created in the National University
of Singapore (84). It was designed to evaluate the open-view classification prob-
lem under surveillance environment. 18 daily actions which are inherited from
the KTH, IXMAS and TRECIVD datasets are recorded using 5 cameras and per-
formed by 20 subjects. For each camera, each action is produced by a subject 8

times (4 times during the day and 4 times in the evening).

3. Interaction level datasets:

(a)

MSR Daily Activity 3D Dataset: 1t was created by Jiang Wang in the Microsoft
Research Redmond (67). It consists of 320 sequences for each channel: depth maps,
skeleton joint positions and RGB video of 10 subjects performing 16 activities
such as drinking, eating, reading ..etc. Each activity is carried out twice, once in

standing position and once in sitting position (Figure @H)
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(d)

Figure 2.4: Samples from action level datasets: (a) KTH Human Action Dataset (@), (b)
Weizmann Human Action Dataset (@)7 (c) IXMAS dataset (@)7 (d) MSR Action 3D dataset

(72)
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(b)

Figure 2.5: Samples from behavior level datasets: (a) Visor Dataset (@), (b) Caviar dataset

(b)

50 Salads dataset: It was created at the University of Dundee (@) It is composed
of video sequences of 25 people preparing 2 mixed salads, having a total duration

of 4 hours.

MuHAVI dataset or Multicamera Human Action Video Dataset: It was created in
2010 by the Faculty of Science, Engineering and Computing of Kingston Univer-
sity. It aims at evaluating silhouette-based human action recognition methods. It
consists of videos of 17 action classes performed by 14 actors several times. The
data were recorded using 8 non-synchronized cameras located on 4 sides and 4
corners of a rectangular platform (Figure @)

UCF50: 1t was created by the center for research in Computer Vision, University
of Central Florida, USA in 2012 (@) It is composed of 50 action categories,
collected from realistic YouTube videos. This dataset is an extension of YouTube
Action dataset (UCF11) which has 11 action categories.

UCF Sports Action Dataset: Tt was created by the Center for Research in Computer
Vision, University of central florida, USA in 2008 (, ) It is composed of 150
sequences of 11 action categories collected from various sports broadcasted on
television channels.

ETISEO dataset: It was created in 2005 by the INRIA Institute (@) It aims
at improving video surveillance algorithms. It provides videos of people carrying
out several activities in 5 different scenarios: apron, building corridor, building

entrance, metro and road.
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(2)

Olympic Sports Dataset: It was created in 2010 by the Stanford Vision Lab (89).
It contains 50 videos of athletes practicing 16 different sports. All video sequences

are gathered from YouTube.

UT-Interaction dataset: It was created by the University of Texas (90) within
the Contest on Semantic Description of Human Activities (SDHA), a research
competition to recognize human activities in realistic scenarios, which was held
in conjunction with the 20th International Conference on Pattern Recognition
(ICPR 2010). It contains 20 video sequences of continuous executions of 6 classes
of human-human interactions. Several participants with more than 15 different

clothing conditions appear in the videos (Figure @H)

UT-Tower dataset: 1t was created as well in the same context of UT-interaction
dataset (91). It consists of 108 video sequences of 9 types of actions. Each action
was performed 12 times by 6 individuals. The dataset is composed of two types

of scenes: concrete square and lawn.

4. Group activities level datasets:

(a)

ActivityNet Dataset: It was created in 2015 (92). It consists of 849 video hours
that illustrate 203 activity classes with 137 untrimmed videos for each activity
class. It encompasses three scenarios to compare human activity understanding
algorithms: untrimmed video classification, trimmed activity classification and
activity detection. It is considered as a large-scale video dataset covering a wide

range of complex human activities (Figure @H)

The Kinetics Human Action Video Dataset: It was created by the DeepMind team
in 2017 (93). The initial release (Kinetics 400) contains 400 human action classes
with at least 400 video clips for each action taken from different YouTube videos.
Kinetics_ 600 is an approximate super-set of the initial Kinetics_ 400 dataset that
covers 600 human action classes with at least 600 video clips for each action class.
It consists of approximately 500,000 video clips, and each clip lasts around 10
seconds and is labeled with a single class. It is a large-scale, high-quality dataset

of YouTube video URLs which include a diverse range of human focused actions.

HMDB-51 dataset: It was created in 2011 by the Serre Lab, Brown university USA
(94). It consists of 6849 clips of 51 action categories collected from various sources
(movies, public data-bases such as Prelinger archive, YouTube and Google videos).

It is considered as one of the largest datasets of human activities recognition.
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Figure 2.6: Samples from interaction level datasets: (a) MSR Daily Activity 3D dataset (@),
(b) MuHAVT dataset, (¢) UT-Interaction dataset (@)

24



2.9 Validation means

(d)

Hollywood dataset: It was created in 2008 by INRIA (Institut national de recherche
en informatique et en automatique), France (95). It is composed of short sequences

of human actions collected from realistic videos retrieved from 32 movies.

Hollywood?2 dataset: Tt was created as well by INRIA in 2009 (96). It was pro-
posed to provide realistic and challenging settings (multiple persons, cluttered
background ...). It is composed of 3669 video clips of 12 classes of human actions

and 10 classes of scenes collected from 69 movies.

UCF-101 Action Recognition Dataset: It was created by the Centre for Research
in Computer Vision, University of Central Florida, USA in 2012 (97). It is an
extension of UCF50 dataset (58) which has 50 action categories. It is composed of
13 320 videos of 101 realistic action categories collected from YouTube. It gives the

largest diversity in terms of actions and realistic settings (viewpoint, illumination
conditions ..etc.) (Figure @)

YouTube Action Dataset: 1t was developed by the Center for Research in Computer
Vision, University of Central Florida, USA in 2009 (98). It contains 11 action
categories and it is very challenging due to large variations in camera motion,

viewpoints, illumination condition, ...etc.

Behave dataset: It was created in 2004 by the School of Informatics of Edinburgh
University. It aims at detecting unusual human activities. It is composed of two
sets: optical flow data and multi-agent interaction data. The first set is composed
of 30 optical flow sequences from the Waverly train station while the second one

comprises two views of various scenarios of people interactions (Figure @B)

Video Web Dataset: It was created in 2010 by the Video Computing Group, be-
longing to the Department of Electrical Engineering at the University of California
Riverside (UCR) (99). It consists of 2.5 hours of videos of 10 actors interacting
with each other, with vehicles or with facilities. Each video is recorded using a

camera network of minimum of 4 and maximum of 8 cameras.
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(c)

Figure 2.7: Samples from group activities level datasets: (a) ActivityNet Dataset (@), (b)
UCF-101 Action Recognition Dataset (@), (c) Behave dataset
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Figure 2.8: Examples of performance evaluation metrics (AUC and confusion matrix): (a)

Diagram demonstrating how to calculate the AUC, (b) Structure of the confusion matrix

For instance, the authors of (62) use the KTH dataset ([79), which contains grey level
video sequences of low-resolution (160 x 120 pixels), representing atomic human actions. The
sets of test and training are separated and contain 461 and 328 images respectively. The
authors of (47) use three datasets to test the performance of their approach; 3D MSR, Action
(72), UT Kinect (73) and 3D Florence Actions ([L00). The two last datasets are captured
using a fixed Kinect sensor, which is composed of 10 and 9 actions performed by 10 different
subjects with a total of 199 and 215 sequences of actions respectively. The authors of (45)
recorded video sequences of several activities (dressing, shopping, cleaning, listening to the
radio ...) performed by 21 persons in predefined scenarios. Moreover, (78) used the Kinect
sensor to build a training model for 22 human postures. These postures are divided into three
categories: postures of the hand, foot, and full body. For each posture, 100 samples are used.
In the same way, (§) have built a training dataset captured by Kinect, which contains 1000
depth maps of hand gestures of 10 subjects with 10 catches for each gesture. We present in
Table @, a classification of benchmark datasets based on activity types, in order to enable

the reader to better select the suitable dataset for his study.

2.9.2 Evaluation metrics

Several performance metrics used in different classification fields have been adapted and used
for human activities recognition. Based on (101), we quote in this section frequently used
metrics such as accuracy, precision, recall, ...etc. Before summarizing these metrics, we define
firstly what would be True Positive, True Negative, False Positive and False Negative for

action recognition (see Figure @ ) as follows:

O True Positive (TP) = actions where the actual and predicted transactions are correct.
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O False Negative (FN) = actions which belong to a particular class and are actually

predicted to be not from this class.

O True Negative (TN) = actions where the actual and predicted transactions do not

correspond to the searched class.

O False Positive (FP) = actions where the actual transactions do not correspond to the

searched class, but predicted to be from the searched class.

We describe frequently used performance metrics in the following:

1. Sensitivity: It is also called true positive rate, recall or probability of detection. It
corresponds to actual positive cases predicted as positive. For action recognition, sen-
sitivity measures the proportion of activities predicted in their classes. Likewise, (1 -
sensitivity) determines the failure of the system to detect actions. Mathematically, this

can be expressed as:

TP

—_— 21
TP+ FN (21)

Sensitivity =

2. Precision: It is also called Positive Prediction Value (PPV) and corresponds to the like-
lihood of a detected instance of activity to its real occurrence. Likewise, (1 - precision)
determines the probability of the recognizer incorrectly identifying a detected activity.

Mathematically, this can be expressed as:

TP
Precision = m (22)

3. Specificity: 1t is also called true negative rate or false positive rate (FPR). It corresponds
to actual negative cases predicted as negative. It measures the system sensitivity to

negative class. Mathematically, specificity can be calculated as follows:

TN

—_— 2.
TN+ FP (2:3)

Speci ficity =

4. Negative Predictive Value (NPV): It is often referred to “negative precision” and mea-
sures the likelihood that a negative identification is correct relative to all negative

identifications. Mathematically, this can be expressed as:

TN
NPV = —— 2.4
v TN+ FN (24)
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10.

. F_Measure: It determines the harmonic mean of precision and recall. It gives infor-

mation about the test’s accuracy. Hence, F__measure determines at the same time,
how precise and robust is the classifier. It reaches its best value at 1 and worst at 0.

Mathematically, this can be expressed as:

Precision * Recall
F M =2 2.
—freasure ¥ Precision + Recall (2.5)

. Accuracy: It measures the percentage of correct predictions relative to the total number

of samples. The accuracy gives good results when the classes are equally sampled.

Mathematically, this can be expressed as:

Correct Predictions B TP+ FN
Total Predictions Made TP + FN +TN + FP

Accuracy = (2.6)

Likelihood Ratio: computes the likelihood of an activity predicted when it matches
the ground truth compared to the likelihood when it is predicted wrongly. It can be
computed for both true positive and true negative results. Mathematically, this can be

expressed as:

LR+ — Sensitivity IR — 1 — Sensitivity

1 — Speci ficity ~ Specificity

(2.7)

. Area Under Curve (AUC): It is widely used for binary classification problems. It mea-

sures the probability of the classifier to rank a positive randomly chosen sample higher
than a negative randomly chosen sample. In perfect cases, its value is 1. AUC is the
area under the curve of plot False Positive Rate (Specificity) vs True Positive Rate

(Sensitivity) at different thresholds ranging in [0, 1] (see Figure @ H)

Confusion Matriz: It is also called error matrix and gives a summary of prediction
results and describes the complete performance of the model. The confusion matrix
shows the errors being made by the classifier as well as their types. Each row of the
matrix represents instances of predicted class and each column represents instances in

an actual class or vice versa (see Figure @ )

Intersection over Union (IoU): called also Jaccard index or Jaccard similarity coefficient.
It measures the accuracy of the detector on a particular dataset. If we refer to area of
overlap between predicted bounding box and ground-truth bounding box with ”Area

of overlap” and the area encompassed by both the predicted bounding box and the

30



2.10 Conclusion

ground-truth bounding box with ”Area of Union”, this ratio can be calculated as the

following:

Area of overlap
IoU = 2.
oU Area of union (28)

2.10 Conclusion

The need to understand and interpret effectively human activity has become unavoidable in
several applications of computer vision, HCI, robotics, security and home monitoring. This
chapter allowed us to give an overview of the HAR field. We initially introduced the HAR
process, where we define some main concepts. Then, we discussed the different applications
of HAR, and the major objectives intended by these systems. We also provided a taxonomy
of human activity types and the involved body parts. Moreover, classification of HAR ap-
proaches according to the nature of data and the viewpoint of acquisition was also given.
Next, we discussed the existing implementations of HAR systems: contact-based and remote
methods and finally the means used in performance validation of such systems by providing
the mostly used metrics and benchmark datasets. Before presenting our proposed framework
for vision-based HAR, we scrutinize in the next chapter the existing methods in the literature

by discussing their limitations and the challenges they are still facing till today.
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Human Activity Recognition

3.1 Introduction

Human activity recognition has been studied significantly in the literature. In some previous
works (B, 20, 21, 22, 23, 24, 25, 26, 27, 28, 29), HAR systems have been extensively reviewed
and discussed. However, summarizing all the existing HAR systems is quite hard. We will
restrict in this section to review only vision-based HARs. We advocate different techniques
introduced for HAR, from various angles, where we include supervised, unsupervised, hand-
crafted features based, features learning based, uni-modal and multi-modal techniques. In
line with our following overview that completes and updates the aforementioned existing sur-
veys, it is important to highlight the limitations of the proposed techniques in the literature.
This allows us to resolve in the next chapters some of the underlined challenges.

In this chapter, we review a plenty of vision-based human activity recognition studies and
approaches. We first, discuss some of the related surveys that introduce the recent advances in
human activity recognition topic in section @ Then, we classify in section @, vision-based
HAR approaches according to various criteria: 1) feature extraction process that could rely
on handcrafted features or learning methods; 2) recognition stages which are summarized
into detection, tracking and classification; 3) source of input data which may be recorded
using only one modality or is combined from different data modalities; 4) machine learning
supervision level that includes supervised level, unsupervised level and semi-supervised level.
Section @ is devoted to limitations that face the development of reliable vision-based HAR

systems while section @ discusses the current challenges. Finally, we summarize the chapter

in section @
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3.2 Vision-based HAR Related surveys

The state-of-the-art methods of HAR task are studied and surveyed in different papers
(L, 8, 20, 21, 22, 23, R4, 25, 26, 27, 28, 29, 102, 103, 104, [105, 106, 107, [L08, 109). These
survey papers introduce the recent advances in automated human activity recognition topic.
A few number of these works such as (21, 26, 27, 28, [L05, 109, [110) provide a comprehensive
review on different aspects of HAR methods, while most of them look at HAR task from a
specific point of view. For example, ({l) classifies HAR approaches according to the spatial-
temporal characteristics of actions, video segmentation and recognition systems and camera
modalities. Likewise, (106) advocates a taxonomy-based approach and compares the advan-
tages and limitations of each method. The authors examined both simple human actions
and high-level activities. In addition, the authors of (103) review HAR approaches according
to the complexity of features involved in the action recognition process. Similarly, (104)
categorizes human activities according to their complexity into action and activity and then
reviews the major approaches for recognizing human actions and activities. Authors of (20)
summarize existing methods for human activity recognition from still images and categorize
them into two big categories according to the level of abstraction and the type of features
each method uses. Otherwise, (29, 108) compare techniques related to image segmentation,
feature extraction and activity classification, and then discuss advantages and limitations of
each of them. Furthermore, the authors of (24) categorize HAR approaches into two broad
categories: uni-modal and multi-modal with regards to the source channel each of these ap-
proaches employs for human activities recognition. They also reviewed the existing publicly
available human activity datasets and examined the requirements for building both ideal
HAR dataset and system.

On the other hand, (3) focused on techniques that use 3D and depth data, while (111, 112,
113) surveyed 3D skeleton-based human representation and action recognition approaches.
Interestingly, (25) represents the semantic-based human recognition methods using still im-
ages and videos. It identifies semantic space and semantic-based features such as pose,
poselet, related objects, attributes, and scene context. It also briefly discusses the potential
applications of semantic approaches. Authors of (23, 107) provide a classification of common
Kinect-based motion recognition approaches and review each approach accordingly. They
highlight Microsoft Kinect sensor applications in various domains as well as the publicly
available Kinect datasets.

Overviews of current progress in human activities recognition are also presented in (2,
46, 114, 115). These surveys analyze popular techniques used for object segmentation and
activity recognition. The authors discussed as well the merits and demerits of such methods

and proposed possible future scopes in this area of research. Authors in (116) were interested
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into knowledge-based human activity recognition methodologies which are not well covered in
the literature. More specifically, they survey methods and techniques used in the literature to
represent and integrate knowledge and reasoning into the recognition process. These methods
are categorized in terms of statistical, syntactic and description-based approaches.

On the other hand, reviews of vision-based hand gesture recognition methods were pre-
sented in ({10, 50, 117, 118, 119, 120, 121, 122). The purpose of these reviews was to introduce
the field of gesture recognition as a mechanism for interacting with computers and provide re-
searchers with a summary of advances in hand gesture recognition to help identify areas where
further research is needed. Authors in ([10) focus on gesture taxonomies, their representations,
recognition techniques, software platforms and frameworks as well as hand gesture recognition
applications. Other researchers are interested in behavior and event understanding rather
than actions and gestures. We can quote as examples (123, 124, 125, 126, 127, 128, 129).
Authors in (125, 126) discuss the advantages and the drawbacks of existing approaches for be-
havior understanding as well as related available datasets. They also highlight open research
challenges and several important future directions. ([128) examines complex event recognition
techniques. They identify a number of limitations with respect to the employed languages,
probabilistic models and their performance as compared to the purely deterministic cases.
Based on those limitations, promising directions for future work are then highlighted. Au-
thors in ([129) attempt to summarize techniques in understanding activities of a person and/or
a group as well as their social interactions. For instance, understanding crowd behavior is
deemed essential to surveillance and security purposes. Motivated by this fact, many sur-
veys are devoted to crowd analysis such as (130, 131, 132, 133), in order to provide an
overview of the major techniques applicable for classifying abnormal behavior in a crowded
scene scenario. On the other hand, reviews on vision-based Ambient Assisted Living, pa-
tient monitoring like (60, 134, 135), fall detection and abnormal human activity recognition
such as (4, 136) were proposed in the literature. Other researchers were interested in motion
analysis to recognize human activities and many reviews were presented in this field. We can
mention for instance (137, [138, 139, 140, 141, 142). Authors in (141) attempt to summarize
human motion analysis algorithms that use depth imagery. (137) discusses three sub-topics
of human motion analysis: human body parts-based motion analysis, moving human track-
ing and image sequences-based human recognition. ([138) views human body motion as a
hierarchical process with four steps: initialization, tracking, pose estimation and recognition.
A comparative analysis of methods based on handcrafted representations and solutions that
involve learning architectures is carried out in (49) and (143). In both surveys, the authors
discuss recent advancement in human action representations alongside the associated pros

and cons. Reviews on deep-learning based methods of human activities recognition were

34



3.3 Vision-based HAR approaches

provided in ([144, 145, 146, 147). They analyzed the advantages and limitations of current
existing techniques and discussed the potential directions for future research. Authors in
(146) were interested particularly to RGB-D-based human motion recognition using deep
learning architecture and focused on three architectures of neural networks: CNN, RNN and
other structured networks. On the other hand, the authors of (144) enumerate a list of
datasets in different complexity levels and compare the performance of deep learning-based
approaches to other existing works.

Surveys on dataset benchmarks for human action recognition from visual data consti-
tute another field of research tackled in (148, 149, 150, 151, 152, 153). They aim to guide
researchers in the selection of the most suitable dataset for benchmarking their algorithms.
These surveys also present the best performance scores achieved by various HAR methods on
these benchmark dataset. The performance analysis includes the number of activity classes,
complexity of events, application domain and impact of the ground truth. In addition, ([150)
presents a summary of the results obtained on the recent ASLAN benchmark ([154), which
was designed to reflect on the variety of challenges that modern activity recognition systems
are expected to overcome. Authors in ([152) propose a novel dataset, called CONVERSE,
that represents complex conversational interactions between two individuals via 3D pose.
Similarly, authors in (1153, 155, 156, 157, 158) present a set of comprehensive reviews of the
most commonly used RGB-D video-based activity recognition datasets. Relevant information
in each category is extracted in order to help researchers to easily choose appropriate data for
their needs. Moreover, the reviews highlight the evaluation protocols, and the limitations of
the publicly available datasets. A guidance on future creation of datasets and establishment
of standard evaluation protocols for specific purposes is also provided.

Authors in ([101) examine another aspect of human activity recognition by analyzing
several factors that influence the evaluation of activity recognition approaches. Especially,
they reviewed many of the commonly used metrics, outlined the sources of errors in such
systems and presented different methods for detecting and labeling these errors.

In this chapter, we discuss the most significant advances reported recently in the literature
covering both the general aspects of human activities recognition and the specific vision-based
HAR systems. For a comparison analysis of the abovementioned surveys refer to Table @

in the appendix.

3.3 Vision-based HAR approaches

HAR methods are composed of three important components: (1) Video frame segmentation
for action detection, (2) Action representation with respect to posture and motion of the

human body, and (3) Learning process that recognizes these actions. We categorize in this
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Figure 3.1: Vision-based Human activities recognition approaches

section, HAR approaches according to feature extraction process in the first subsection, to
the three stages of recognition process in the second subsection, to the source modalities of
input data in the third subsection and finally to machine learning supervision level in the

fourth subsection.

3.3.1 HAR approaches according to feature extraction process

In this subsection, we present a classification of HAR, approaches according to feature extrac-
tion process into handcrafted representation based and learning based approaches. Figure @
summarizes the HAR methods as follows:

Methods based on Handcrafted features rely on human ingenuity and prior knowledge
to extract discriminating features. These types of methods involve three major steps: (1)
Foreground detection that corresponds to action segmentation, (2) Feature selection and ex-
tracting by an expert and (3) Classification of action represented by the extracted features
(19). The input images or video frames are analyzed to extract the most significant fea-
tures that are used, then to build the descriptor. The classification is performed using a
generic trained classifier which makes this family of approaches low cost, flexible and does
not rely on large sets of samples for training. Methods based on handcrafted features are:
spatial-temporal-based approaches as discussed below, appearance-based approaches, and
other methods like local binary pattern LBP which is a visual descriptor used for texture
classification and fuzzy logic.

Human activities can be seen either static or dynamic. Static activities are described using
the orientation and the position of the limb in space while dynamic activities are described

as movements of these static activities (10). Hence, action recognition can be based either
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Figure 3.2: Spatial and temporal representations of actions

on spatial or temporal cues that describe and recognize these actions (ll). Both spatial and

temporal representations can be categorized into three classes (see Figure @)

1. Spatial representations: This can also be categorized into three subclasses.

(a)

Body models: This allows recovering human body pose from features using the
spatial structure of the action with reference to the human body. One potential
method is the reconstruction of the 3D body model that aims at representing the
body as a kinematic joint model (74, 159) and recognizing the underlined action
using joint trajectories. An alternative method is the direct recognition from 2D

models without employing 3D models.

Image models: This corresponds to a holistic representation of actions that use a
regular grid bounded by a region of interest centred around the person to detect
and compute features. For instance, we can quote silhouettes (160, 161, 162),
contours ([L60), motion history images (MHI) (163, 164), motion energy images
(MEI) (163, [164) and optical flow ({165, 166, 167, 168) that are used to describe

actions and movements.

Spatial statistics: This enables us to represent local actions through a set of
statistics of local features from the surrounding regions. These regions are ob-
tained after either dense or sparse decomposition of the underlined image or video.
For instance, we can mention statistical methods and space-time interest points
(163, 169, 170) which calculate Spatial-Temporal Interest Points (STIP) of the

image and assign each region to a set of features, to provide spatial distribution
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Figure 3.3: Examples of handcrafted feature extraction approaches: (a) Space-time volumes,
(b) Space-time trajectories,(c) Shape-based methods: Contour features,(d) Motion-based methods
(174).

of local image features. Methods based on spatial-temporal can be classified as

follows:

0 Volume-based: These approaches represent video as spatial-temporal volume
and may rely on features like texture, color, posture, histograms of optical flow,
histograms of oriented gradients ...etc. Actions are recognized using similarity
between the two volumes. Volume-based approaches can not work efficiently
when the scene is crowded, they are only suitable for simple action or gesture
recognition. For example, Scale Invariant Feature Transformation (SIFT) is
used as a 2D interest point detector in (171) while corners and Laplacian of
Gaussian are used in ([L72) to detect 3D interest points. Figure @ H shows a

representation of the human body with space-time volumes based methods.

O Trajectory based approaches: This family of approaches represent joint posi-
tions of the body with 2D or 3D points which are further tracked along the
video to compute action trajectories. These tracked changes in the posture are
used to construct the 3D representation of the activity which is considered to
be a set of spatial-temporal trajectories. These methods are powerful against
noise, view and/or illumination changes, and are useful for recognizing com-
plex activities. For instance, (173) calculates several descriptors (HOG, HOF
and motion boundary histogram MBH) and trajectories by tracking densely
sampled points using optical flow. Figure @ shows a representation of the

human body using spatial-temporal trajectories based methods.

2. Temporal representations:

(a) Action grammars: they represent the action as a sequence of moments. FEach

moment is described by its own appearance and dynamics. To perform action
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recognition task, features are grouped into similar configurations called states and
temporal transition between these states are learned (175). Hidden Markov Models
(176, 177), CRF (178, 179), regressive models (1180, 181, [182) and context-free

grammars (1183, 184) are examples of action grammars.

(b) Action templates: This consists of a set of temporal representations that allow
representing the appearance of temporal blocks of features and dynamics called
templates (164, 185). Templates are computed over long sequences of frames and
dynamics are represented using features of several frames loaded in feature vector
or in space time volume. Typically, Fourier Transform (47, [186, 187), Wavelet
representations ([188, 189) and trajectories of body parts (190, 191)) are templates

that can be used for action recognition.

(¢) Temporal statistics: They are based on statistical models and are as well temporal
representation of action. Statistical models (192) are used to describe the distribu-
tions of unstructured features over time. These features represent the appearance

of actions.

3. Appearance based approaches: They use 2D or 3D depth images and are based on shape
features, motion features or any combination of both features. These methods have
been significantly simplified due to the emergence of depth cameras. A quick advance
is felt in the skeleton-based recognition approaches as well with the advent of depth
sensors and algorithms of real-time skeleton estimation (b1). According to (47), they

can be classified into two categories:

[J Joint locations, which consider the skeleton as a set of points.

[0 Joint angles, which assume the human body as a system of rigid connected seg-

ments and the movement as an evolution of their spatial configuration (2, 193, 194).

As an appearance based approach, (47) proposes an efficient skeleton representation
for activity recognition based on the body parts. The authors model the 3D geometric
relationships between the body parts using rotations and translations. The work pro-
posed in ([78) is based on the Microsoft Kinect sensor and presents a new method of
HAR while using the machine training. Actually, the growing interest in the recogni-
tion, generated by the release of Kinect, is due to the fact that the skeleton information
can be deduced from depth images (53). A transparent standardized input interface,
making it possible to reduce HCI constraints was proposed in (b5). It is used to imitate
in real time the motions carried out by the user, using an articulated 3D model. The

system is based on the image analysis to detect the trajectory of the hand, to determine
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its configurations and interpret them like 3D postures. This solution is very fast and

computationally efficient, and can be used as a control entry of a mobile robot.

Generally, the appearance based approaches can be classified according to either shape

or motion based characteristics.

(a)

()

Shape based methods: They capture local shape features such as contour points, lo-
cal region, silhouette and geometric features from the human image or video using
foreground segmentation. For example, (8) proposes a process for hand gesture
recognition in the 3D point cloud, which explicitly uses 3D information of depth
maps where the color information is ignored. It submits a standardized descrip-
tor of features, making it possible to effectively represent the various positions of
the hand. Figure @ H shows a representation of the human body using contour

points.

Motion based methods: They include optical flow and motion history volume, which
are then used for action representation (82, 166, 167). Then, a generic classifier on
top of this representation is implemented for action recognition. The research of
(62) proposes to recognize actions using vector quantization of motion descriptors.
This method is related to a meta-algorithm combining the histograms of optical

flow and classifiers of bag-of-words. An example of action recognition proposed by
(174) is given in Figure @ H
Hybrid methods: they combine shape and motion features to represent actions

(68, 1160, 195, 196, 197).

Recently, feature learning ([198, 199) has started to become popular in different computer

vision applications such as pedestrian detection (200, 201), image classification (202, 203),

vision-based anomaly detection (204), ..etc. Besides, many of the learning-based action

recognition approaches rely on the end-to-end learning which consists in transformations

from pixel-level to action classes. The feature-learning based methods for the HAR task can

further be grouped into (1) Traditional and, (2) Deep-learning-based methods.

1. Traditional approaches: This includes methods like genetic programming (205, 206),

dictionary learning (207, 208) and Bayesian networks (209, 210).

(a)

Dictionary learning: This provides a sparse representation of the input data by
a linear combination of basis dictionary atoms. They use an end-to-end unsu-
pervised learning to learn the dictionary and the corresponding classifier within

a single learning procedure. The concept of these methods is similar to visual
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Bag of Words model (BoW) that generates global data representations. For in-
stance, (211) presents a weakly-supervised cross-domain dictionary learning ap-
proach to adapt knowledge of one action dataset to another action dataset. The
proposed method learns a reconstructive, discriminating and domain-adaptive dic-
tionary pair and the corresponding classifier parameters without using any prior
information. As aforementioned, methods based on spatial-temporal features are
very popular, and have achieved state-of-the-art results on activities classification
task. However, the use of over-complete dictionaries proves to be more interest-
ing because they can produce even more compact representations. Therefore, the
authors of (42) have combined these two concepts to propose a solution of HAR

from multi-part missing video.

(b) Genetic programming (GP): GP is an evolutionary method inspired by the process
of biological evolution and its fundamental mechanism (19). The principle of
genetic programming is to search a space of possible solutions without having
any prior knowledge and it allows discovering functional relationships between
features in data enabling its classification. Genetic programming has been used
to construct holistic descriptors that allow to maximize the performance of action
recognition tasks (205). In (05), the authors developed an adaptive learning
methodology using GP to evolve discriminating spatial-temporal representations,
which simultaneously fuse the color and motion information, for high-level action

recognition tasks.

(¢) Bayesian networks: These methods are probabilistic graphical models that in-
fer the conditional dependencies using directed acyclic graphs (19). The graph
nodes and edges represent the random variables and their associated conditional
dependencies, respectively. The probability computations are performed using the
Bayesian inference. In (209), the authors adopted a Bayesian Network (BN) to
represent and capture the semantic relationships among action units, as well as
the correlations of the action unit intensities, to more accurately and robustly

measure the intensity of spontaneous facial actions.

2. Deep-learning: Feature learning approaches based on deep-learning methods are widely
explored for HAR task because of their promising performance, robustness in extracting
features and their generalization ability for different types of data. These methods are
very data harvesting in the training process. They aim to learn multiple levels of repre-
sentation and abstraction that allow a fully automated feature extraction process. Deep

learning-based methods can be considered as trainable feature extractors, which allow
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the recognition of high-level activities with complex structures. However, high compu-

tational complexity and huge data requirements for the training phase are still among

ongoing challenging problems. Deep learning-based approaches can be categorized into:

(a)

()

Generative methods: These are unsupervised models which are based on the fa-
mous quote of Richard Feynman: “What I cannot create, I do not understand.”
(212). They use unsupervised learning to represent any kind of unlabeled data
distribution. The new representation reduces the data dimensionality and comply
from the data distribution. Therefore, the main aim of the generative models is to
understand the data distribution including the features that belong to each class,
in order to replicate the initial true data distribution of the training set. The most
commonly used and efficient approaches are: Auto-encoder (213, 214), Variational
Autoencoders (VAE) (215) and Generative Adversarial Networks (GAN) (216).
As an example of generative models, (217) proposes an end-to-end deep learning
model for abnormal activity recognition in videos. The proposed architecture is
similar to GAN, where the two networks compete to learn and collaborate in the

detection task.

Discriminative methods: these are supervised models that use a hierarchical learn-
ing model composed of different hidden layers to classify raw data input into
various output categories. The most used are Deep Neural Networks (DNN), Re-
current Neural Networks (RNN) and Convolutional Neural Networks (CNN). As
an example, in (191), the authors aim to demonstrate the advantages of long-term
temporal convolutions and the importance of high-quality optical flow estimation
for learning accurate video representations for human action recognition. For that,
they investigate the learning of long-term video representations. They consider
space-time convolutional neural networks and study architectures with Long-term

Temporal Convolutions (LTC).

Hybrid models: these methods integrate generative and discriminative models to

gain performances and advantages of both models such as (214, 218).

3.3.2 HAR approaches according to the recognition stages

Human activities recognition systems are, in general, composed of three main steps: Detection

which consists in determining the part of the body to follow or to recognize; Tracking that

provides a connection between the successive images, and; Recognition which consists in

interpreting the semantics of the localization, the posture, and the activity. In order to

investigate further HAR methods, this subsection is devoted to represent different state of
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the art vision-based HAR techniques associated to each stage. This assumes that the choice

of the algorithm depends on the selected representation of activities. We classify methods for

human activities recognition into the following:

1. First stage methods (detection):

(a)

Skin color: This can be used to detect the desired body part. The problems of
skin color-based methods reside mainly in choosing the relevant color space and
with false detections because of the objects of the scene whose color is close to
that of the skin. Very common solutions to these problems are the separation of
brightness and chromaticity components, elimination of shadow effect and back-
ground subtraction (B, 219, 220). Other problems may influence the results of
these methods, like the inherent discrepancy of skin color variations according to
ethnicity group, lighting conditions and the sensitivity of the employed acquisition

devices.

Shape: The contours of the body part shape can be extracted to follow and recog-
nize human activities. To increase the reliability of these techniques, sophisticated
approaches of post-processing are used for the extraction. Shape-based methods
are typically independent of the camera view, skin color and conditions of lighting
but present the difficulty of classifier’s implementation. Moreover, background
objects can be confusing or can occlude the forms to be detected. For instance,
(78) uses the skeleton shape compared to information of the skeleton embarked
in MICROSOFT SDK in order to detect human actions. In (8), the detection is
based on appearance through a combination of the color and the shape to ensure a
region segmentation that contains the person’s hand. Shape-based methods were

also used by (54, 221).

Pizel values: The appearance can be expressed in terms of pixel values change
between images of a sequence according to the activity. Indeed, it is evident
that the difference in appearance between various activities is more noticeable
than among people performing the same activity. So, techniques based on the

appearance of body parts are proposed as in (222).

3D models: They attempt to build matches between characteristics of the model
based on various features of the images. These techniques are independent of the
viewpoint, but present some limitations in terms of accurate positioning charac-

teristics. For instance, (223) uses a 3D model method for hand gesture tracking.
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(e) Motion: Motion can be detected using the difference in brightness of pixels of two

successive images. For example, authors in (55, 224) use several motion charac-

teristics based methods to detect body parts.

Anisotropic-diffusion: This is based on the extension of the successful anisotropic
diffusion based segmentation to the whole video sequence to improve the detection
of object contours and regions of interest that may trigger specific activity, see
(225, 226). Therefore such concept can be used to detect and describe activity
patterns. For instance, the work in (227) uses anisotropic diffusion based approach
to enable the recognition of crowd activities using a two-step clustering scheme that
extracts the semantic regions and the coherent motion. In (226), an anisotropic

filter is used for noise discrimination of 3D human activity recognition.

2. Second stage methods (Tracking):

Various methods, independently from the ones used for the detection phase, can be

used to track the human body. If the detection method is fast enough to operate at the

frame acquisition rate, it may be the same in both stages. Tracking methods can also

be categorized into the following:

(a) Template-based methods: these techniques use models to follow the body parts

(221). They require continuous learning with high frame rate and are classified

into two categories:

O Features tracking based on the correlation: Regions of an image containing

the body parts to be followed are used as a prototype to be detected in the
following image. These techniques require that the part being tracked remains
in the same neighbourhood in the successive images. They are influenced by
the lighting variations and may not be efficient in real time systems. In (8),
the authors use 3D information of depth maps to ensure the follow-up of
the human body. Optical flow characteristics of two successive images are
employed in (62) using the algorithm of Kanade Lucas Tomasi (228, 229). In

(55), the hand gestures are followed using an articulated 3D model.

Contours based tracking: They are deformable contour techniques (snakes)
which initially place a contour close to the area of interest, then it is warped
in an iterative way using active shape models in each frame to make the snake
converge (230). These techniques are more efficient if a contrast between the
object to be tracked and the background exists. They can be used in real-time

systems, may handle several targets at the same time and can also be adapted
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(b)

to complex postures. On the other hand, they are influenced by color intensity

variations and are limited regarding smoothing and softening of contours.

Optimal estimation: These methods evaluate the state of moving systems from
series of measures (231, 232). In the case of HAR systems, they are used to
estimate the movements of the human body in similar way that Kalman Filter
does (233). They can be used in real-time systems, and can deal with uncertainty,

but have limitations against cluttered backgrounds.

Particle Filters: These methods consist in following the positions of the body parts
and their configuration in complex environments. A particular location of the part

of interest is modelled by a set of particles.

Cam Shift: They are based on the mean shift algorithm which use the models of
appearance based on density to represent the targets (228, 229). Such methods
consist in finding, in a sequence of images, the nearest model of distribution to
the sample model using an iterative research. These methods are simple and
have low-cost calculation. They have some limitations in complex scenes or scale

variations.

3. Third stage methods (classification):

(a)

Support Vector Machine (SVM): The classification is performed by the construc-
tion of a set of hyper planes in a multidimensional space separating the elements
from various classes with a vast margin. SVM classifier is the most used hand-
crafted classifier because it offers a very high rate of recognition performance and
classification. It was used with a Gaussian, Radial basis function (RBF) or linear

kernel with or without parameters in (8, 42, 45, 46, 53, 62).

Naive Bayesian classifier: This is a probabilistic classifier based on the theorem of
Bayes (234). It consists in counting the number of occurrences of the key motion
in a video sequence. To recognize a new action, the rule of Bayes is applied and
the selection of the activity which has the greatest probability a posteriori is done.

In (62), a comparison between this classifier and SVM is carried out.

Algorithm of K_ Nearest Neighbor: it consists in the classification of objects based
on the majority of their neighbors’ vote (42, 46). To identify neighbours, objects
are represented by position vectors in the multidimensional space of features. This
algorithm is sensitive to local data structure. The work in (47) compares the

obtained classification results using this algorithm and SVM.
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(d)

K_means: This is a clustering algorithm, which is sensitive to data structures
and consists to iteratively calculate the k-distances from each class centroid to
each datum (42). The points are then assigned to the nearest cluster and the
centers are re-evaluated to be the average of their class values. The process is
repeated until the stop condition is reached, which can be the maximum number
of iterations or a tolerance level. It is used by (62) for the classification of human

actions.

Mean shift clustering: These are non-configurable techniques of clustering that do
not require prior knowledge about the number of clusters and do not limit their

forms.

Machines finite state: In this model, the static gestures and postures are rep-
resented by states, authorized changes where temporal and/or probabilistic con-
straints are represented by transitions, and finally the dynamic gestures are repre-
sented by arcs between the initial and the final states. These machine-finite states
require the modification of the model whenever a new gesture appears, and have a

high computational complexity because they are proportional to the used gestures.

Hidden Markov Models: These models represent solutions to the segmentation
problem and are among the most popular (2, 43, 46). They constitute a general-
ization of Markov chains which are finite state automaton with a probability value

on each arc. They have been discussed in (24).

Dynamic time warping: This algorithm calculates the distances between each pair
of possible points from two signals according to their associated characteristic
values. This allows estimating and detecting the movement in a video sequence.
It was used by authors of (53) in order to eliminate the problem of rate variations

generated by the classification of human actions.

Neural networks: They are mathematical models whose design is inspired from
the functioning of biological neurons (43, #6). They are generally optimized by
probabilistic learning techniques, in particular, Bayesian. Neural networks allow
creating fast classifications which can be applied to real-time systems. For in-

stance, (235, 236, 237) use neural networks for activities recognition.

3.3.3 HAR according to the source of the input data

Methods of human activities recognition are categorized, in (135), with regard to the nature

of the detector into two main categories: Uni-modal methods that consider an activity as a

set of visual characteristics and allow the recognition from single modality data (238, 239);
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Multi-modal methods, which combine collected features from various sources, and therefore
several modalities are used (61, 240). We can also mention the work of (45), where the
authors combine speech and localization of human body for HAR.

Among the uni-modal methods, we can mention the space-time methods, which concate-
nate the time and the 3D representation of the body to locate activities in space, allowing
a detailed analysis of human movements (194, 241). Often sensitive to noise and occlusion,
these methods are not adapted to recognize complex actions, such as in (47, 62). On the
other hand, the stochastic methods, which represent the activity by stochastic models like
Markov Model, enable the modelling of human interactions and the recognition of complex
activities. These methods yield approximate solutions whose training is difficult because of
the large number of training parameters (176, [177). We can also mention rule-based meth-
ods that characterize the activity using a set of rules or attributes (43, 65). They present
some difficulties during the generation of these rules and attributes, in the analysis of long
video sequences and during the recognition of complex activities. Lastly, another family,
shape-based methods has emerged. They use the shape features to represent and recognize
activities (8, b5, 62, 242). The existence of a great number of pose estimation devices at low
cost makes these techniques very useful, although they depend on the viewpoint, occlusion,
people clothing and are sensitive to lighting variations.

The existing uni-modal vision-based approaches can again be categorized according to
the input data type into many categories among which RGB images, skeleton data and depth

images are the most commonly employed ones.

RGB images for HAR: Many works in the literature rely on the RGB videos to con-
struct robust HAR systems. Several holistic action representations based on RGB images
and powerful features are adopted by many authors to describe actions robustly. For in-
stance, (243) combined shape features and optical flow calculated among RGB frames to
detect change in motion. These approaches allow us to track the person in the scene and
classify the ongoing activity. In addition, (190) proposed a long-term motion descriptor
called sequential Deep Trajectory Descriptor (sDTD) which feeds a CNN-RNN network with
dense trajectories to learn an effective representation for long-term motion. On the other
hand, silhouettes were exploited by (162, 244) after extracting them using background sub-
traction. Automatic feature extraction from RGB images through deep learning was also
suggested in many works. This is justified by the strong ability of CNN networks in deal-
ing with RGB images. The authors of (245) extracted features from video sequences using
pre-trained model, then an architecture of Deep Bidirectional LSTM for learning sequence
information in the features of video frames was proposed. Similarly, (246) presented a Deep

Long-term Recurrent Convolutional Network that deals with spatial and temporal features
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at once. Deep learning methods represent low level to high level features with multiple layers
of the neural networks. Activity classification is therefore performed either using a popular
machine learning classifier or using deep learning networks. The above can also be combined
as in (247) where a method that integrates graphical models and deep neural networks into

a joint framework was presented.

Depth images for HAR: Due to the emergence of depth cameras that can overcome
some inherent privacy and limitations issues related to traditional cameras, depth image-
based representations for HAR have evolved significantly in recent years. 3D structure of the
body can be generated by integrating depth sensors and body tracking, enabling straightfor-
ward action recognition. Many limitations related to lighting variations, perspective change,
variation in appearance, complex backgrounds and scale variation can be resolved using
depth-based HAR methods. Furthermore, the extraction of information content generated
by depth images is often straightforward. This includes the body shape information, the
silhouette data and the whole image region within camera view. Several depth-based HAR
approaches have been suggested in the literature. For instance, a local spatio-temporal de-
scriptor for action recognition from depth video sequences is developed by (248). It takes
into account shape discrimination, motion change and action speed variations to distinguish
between different actions. Similarly, (249) proposes a human pose representation model
based on deep convolutional neural network CNN. The proposed model maps human poses
acquired from several views of depth videos to a view-invariant high-level space. Although,
depth image-based HAR has drawn growing interest by providing very promising results,

depth-based methods still face difficult issues such as occlusion.

Skeleton-based action recognition: With the quick advent of depth sensors and al-
gorithms of real-time skeleton estimation, many authors have demonstrated that skeleton
features are more robust than RGB and depth features. This allows them to take advantage
of this type of features for HAR. 3D locations and angles of joints are common features that
can be used to build robust skeleton representations for HAR. Various methods based on
skeleton analysis and representations of the set of joints for action recognition have been
proposed in the literature. For instance, (250) proposes an end-to-end fully connected deep
LSTM network for skeleton-based action recognition that relies on co-occurrence features of
the skeleton joints. The co-occurrences of the joints are proven to be able to characterize ac-
curately human actions. Similarly, (251) proposes a novel adaptive recurrent neural network
(RNN) with LSTM architecture to automatically regulate observation viewpoints during the
occurrence of an action. The 3D skeleton newly represented in a new coordinate system is
used for accurate action recognition. Moreover, an end-to-end spatial and temporal attention
model based on Recurrent Neural Networks (RNNs) and LSTM for HAR from discriminative
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joints of the skeleton was proposed by (252). Likewise, authors of (253) presented an en-
hanced skeleton visualization method for view invariant HAR, where a sequence-based view
invariant transform for the skeleton joints is performed and then the newly generated skeleton
is visualized as series of enhanced RGB-images that encode spatial and temporal information
related to skeleton joints. Finally, features were extracted using a CNN-based model allowing
action classification.

Among multi-modal methods, there are emotional methods that associate visual and
textual features to classify the emotional states of individuals in static images ([7, 254). On
the other hand, the behavioral methods aim to recognize the behavioral attributes like the
emotions, mood, ..etc. These methods allow the recognition of complex human activities
using complex classification models, which make the specification of emotional attributes
difficult (255, 256). Finally, we shall mention the methods based on social networks, which
allow recognition of social events (wedding, birth ...etc.), and interactions. They are limited by

the number of people in interaction and the modelling difficulty in complex scenes (b8, 257).

3.3.4 HAR approaches according to the machine learning supervision level

HAR is based on machine learning approaches and can be further categorized according to
the level of learning supervision into three sub-classes; supervised, unsupervised and semi-
supervised methods.

Supervised methods: In supervised learning, the training takes place offline and is per-
formed by the machine using the well labeled data in order to predict outcomes of unforeseen
data. For HAR, supervised methods are used to classify and recognize short term actions.
Methods of this sub-class are computationally simple, highly accurate and trustworthy. We
can quote as examples of supervised learning: Support vector machine, Linear and logistics
regression, random forest and neural networks. Works of ({13, 183, 211) are examples of
supervised approaches for HAR.

Unsupervised methods: This refers to machine learning techniques that do not need any
supervision mechanism. These techniques allow the model to discover by itself the discrim-
inative features of the input unlabelled data using a real-time learning such as K-means
and K-nearest-neighbor. For HAR, unsupervised methods perform well for finding spatio-
temporal patterns of motion and generating scene models in order to automatically localize
activities. These methods are computationally complex, less accurate and trustworthy. For
instance, (258) presents a new algorithm that models the human activities in a completely un-
supervised setting enabling to recognize daily living and forgotten activities. The probabilistic
model considers, both the short-range and the long-range action relations and shows consid-

erable results in action segmentation and clustering. Similarly, unsupervised approaches are
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presented in (201, 214, 239). Authors of (214) present a multi-layer Long Short Term Mem-
ory (LSTM) networks to learn representations of video sequences, while an auto-annotation
framework to iteratively label pedestrian instances using multi-modal data is introduced in
(201)).

Semi-supervised methods: This refers to hybrid methods which combine supervised and
unsupervised learning. The training is performed using both labeled and unlabeled data,
mostly when the labeled data is not enough to product accurate model. For HAR, these
methods can benefit from discriminative power of supervised approaches to distinguish be-
tween features and the ability of unsupervised methods to automatically localize actions. For
instance, (59) presents a hybrid framework for online recognition of daily living activities.
The authors provide a complete presentation of human activities by exploiting both unsu-
pervised (to represent global motion patterns and localize activities) and supervised learning
approaches (to distinguish between actions occurring under specific scene region). Other
works such as (65, 163, 181) provide also semi or weakly supervised framework for HAR in

videos.

3.4 Limitations

This section is a presentation of various issues that may affect the effectiveness of HAR
systems. Some of them are specific to the methods used during the various phases of the
recognition process. Others are related to the acquisition devices, experimentation environ-
ments, or various applications of these systems. Lighting variation is the main difficulty
facing vision-based recognition systems in general, because it affects the quality of images
and thus, analyzed information. In the same way, perspective change is another limitation
of the current systems which were implemented to operate using a single view acquisition
devices. This problem reduces the amount of extracted information and provides a limited
visualization of activities being analyzed. This includes occlusion with its different types:
self occlusion where body parts occlude each other, occlusion of another object and partial
occlusion of human body parts are major limitations to HAR systems. These problems are
discussed in the works of (B, 10, 47, b3, b5, 59). The variety of gestures linked to the complex
structure of human activities and the similarity between classes of different actions can also
be source of additional difficulties due to data association problem it may involve. This needs
to be addressed in order to set up complete, robust and flexible HAR systems under various
conditions or environments. The limitation of hand configurations, predefined actions or
postures, and recognition of simple gestures or activities are discussed in (3, 8, 10, 45, 55).
Some methods of detection based on the form or the appearance, such as colorimetric seg-

mentation, can confuse the human body parts with objects of the scene, as in (8, L0, 42, 55)
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or cannot operate correctly during variation in appearance or clothing of people such as in
(8, 47). These problems are associated with other problems related to methods of recognition
or acquisition devices, such as noise (b5), complex or moving backgrounds and unstructured
scenes as in (3, 10, 42, 47, 53, b9), and scale variation when the person gets closer or move
away from the camera (3, 47). Finally, many researchers rely on their own recorded datasets
to test the performance of their proposals. This raises the concerns about the limitation of
available benchmark dataset for testing novel domain-specific applications. We can mention
for instance the case of daily life activities and fall detection datasets which are not large

enough to be used for training effective models.

3.5 Challenges of the recognition systems

The current HAR systems present a big number of challenges they have to cope with in order
to provide the principal functions for which they are developed. For instance, most HCI or
video surveillance systems based on HAR must provide continuous monitoring and generate
reliable answers at the right time in order to ensure the performance of the provided results.
This challenge is discussed in (8, 10, b5). Furthermore, this becomes a major issue when
modelling and analyzing interactions between people and objects with an appropriate level
of accuracy which is still challenging. This would be very useful for surveillance and public
security applications and may help to detect several abnormality scenarios.

The use of these systems for the aim of surveillance, elderly assistance and patient mon-
itoring together with the increasing implementation costs raise also new societal challenges:
acceptance by the society, privacy, side effects of installation of these devices at home as well
as large scale applications. For instance, authors in (45, b5) discuss the challenge of device
integration at home for tracking, which is considered as violation of intimacy and privacy.
To address this last problem, it is interesting to explore the development of HAR systems
on smartphones. This may contribute to overcome the user’s privacy constraint since the
recorded data would be stored on his own device and may reduce also the computational
time related to the transmission between the distant server and the device. However, on-
device implementation is a challenging issue as well due to memory constraint, high number
of parameters needed by the recognition model and the battery life of the device ([135).
Another challenge is related to implicit dependency of such systems with the physical and
physiological abilities of the user. Intuitively, HAR systems should not depend on the user’s
age, color, size or capacity to use such systems. Both experienced user and beginner should
be able to use these systems, and in the same way. This challenge is raised in (L0, b5). The
gestures independence and gestures spotting from continuous data streams constitute also

another type of challenge, since it is still difficult to localize temporally the gesture in long
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continuous videos. Indeed, HAR systems are not yet able to detect and recognize various
gestures under different background conditions and are not tolerant with the scalability and
growth of gestures. This is the major challenge which is studied and considered by many
works such as: (B, 8, 10, 47, b5). One more area that need to be explored is the ability of
HAR systems to be context-aware. This may help to make use of proposed approaches and
progress made in many application domains.

Understanding and detection of daily life activities in long-term videos is a challenging
task. This is due to the fact that the long-term videos containing daily life activities are
composed of several complex activities. These activities are difficult to model because of
their complex structure as well as the big variation in ways of performing the same activity.
Another issue is related to the overlapping between starting and ending time of each partic-
ular activity. This challenge is addressed by (b9). In addition, the discrimination between
intentional and involuntary actions is still very challenging area to tackle.

Other challenges are discussed in (2, 46), which are human activities recognition through
missed parts of video, recognition of more than one activity performed by one person at the
same time, and early recognition and prediction of actions, especially in crowded environ-
ments. Nowadays, memory constraint, high number of parameters update, collection and
fusion of large multi-modal variant data for the training process as well as deployment of
different architectures of deep-learning based methods in smartphones or wearable devices

are still unresolved issues in deep-learning HAR systems ([135).

3.6 Conclusion

The surveys discussed above do not cover all aspects of human activity recognition. They
highlight different taxonomies, applications and specific theoretical angle of HAR. This moti-
vates us to introduce this deeper analysis of human activity recognition, although our review
here pays a special attention to vision-based HAR systems. We analyze approaches proposed
in the literature according to different criteria. We started by presenting HAR techniques
using handcrafted and learning based features for the features extraction process. Then, we
enumerate different techniques used for the three stages of recognition consisting in detection,
tracking and recognition. We discussed also HAR techniques using only one modality versus
multiple modalities. We consider as well supervised, semi-supervised and unsupervised tech-
niques. In a second time, we discuss the limitations and the challenges we have to cope with

to implement robust and efficient HAR systems.
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4

Overview of Fall Detection

4.1 Introduction

Performing regular daily life activities by the elderly population can be affected by many
serious health issues among which fall and its resulting injuries are the most frequent (259).
This is mostly experienced by the elderly because the brain and nervous system go through
natural changes (260). Indeed, nerve cells and weight across the brain and spinal cord are
lost and cannot be regenerated. So, plaques and tangles are formed by collecting tissue of
waste products in the brain, which can cause abnormal changes. Therefore, nerves’ messages
may not be delivered, resulting in problems with movement and safety issues. Moreover,
falling is due to other inherent factors such as age-related biological changes, neurological
disorders, physiological health profile and environmental conditions (260). The authors in
(260) presented a detailed study of the different factors that may lead to falls in elderly
population. In general, falls can result from sudden loss of balance, stability, dizziness,
or vertigo during daily life movements. It can also be caused by chronic diseases, cognitive
impairment, using a walking aid or multiple medications, gait and visual deficit (261). Falling
is a major health problem in elderly population that has recently attracted the attention of
many researchers. One can define fall as unintentional or sudden change of position of the
body from an upright, sitting or lying to a lower inclining position (31)).

In this chapter, we explore some fall detection related concepts that help us to introduce
the FD field. So, we introduce some important definitions in section @ such as the meaning of
fall, surveillance and monitoring and smart homes. Then, we present in section @, the three
types of fall events. Section Q is devoted to provide the main fall detection application fields,
especially in smart homes and elderly monitoring. Afterwards, we summarize some existing
Fall Detection approaches in section @, we enumerate some benchmark datasets used to
validate those approaches in section @ and discuss FD related limitations in section @

Finally, we summarize the chapter in section @
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4.2 Definitions

In this section, we introduce some definitions of main concepts related to Fall detection.

These definitions may help to introduce the studied field.

4.2.1 Fall

Fall is defined in (262) as an event which results in a person coming to rest inadvertently
on the ground or the floor or any other lower level. A fall event can be decomposed into
pre-fall phase, critical phase and post-fall phase and recovery. The pre-fall phase consists in
the moment before the occurrence of the fall which is usually the reason behind the fall. The
critical phase corresponds to the moment when the fall occurs due to fainting, tripping or
slipping. Finally, the post-fall phase and recovery consists in the after fall phase where the

person may still lying on the floor or has woke up.

4.2.2 Fall Detection

Fall detection consists in recognizing a fall among all daily life activities.

4.2.3 Surveillance and Monitoring

Surveillance refers to the act of close observation of an individual, a group of people or places
by visual, electronic, photographic or other means. From the other hand, monitoring consists
in listening, observing and recording data to maintain or improve security and quality of life

of the monitored individual.

4.2.4 Smart Home

Smart home (or home automation) refers to a residence equipped with different types of sen-
sors and internet-connected devices that can be remotely monitored (263). This technology
enables to respond to the inhabitants needs and requirements by controlling different factors
such as temperature, air conditioner, lighting and security access to the home. Besides, smart
home technology contributes to health and well-being enhancement by allowing recognition
of health status, analysis and prediction of the resident actions to promote his convenience,

security and comfort.

4.2.5 Activities of Daily Living

The term of Activities of Daily Living (ADLs) is mainly used in healthcare to describe
fundamental skills that people carry out independently without the need of others help. It is

used to indicate the person’s functional status and its ability to be autonomous (264).
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4.2.6 Ambient Assisted Living

Ambient Assisted Living (AAL) consists in using information and communication technolo-
gies and smart devices in a person’s home and work environments to make his life easier.
AAL is based on HAR and it allows to ensure the elderly safety, extend the time of his

independent living and monitor his healthcare (263).

4.3 Fall Types

Falling is an abnormal human activity that may occur in many different ways. The impacts
and consequences can vary drastically depending upon the fall type because, for example
falling whilst standing could be more harmful than whilst sitting on a chair. Roughly speak-
ing, different kinematics characteristics during falls could be observed. For instance, many
studies exploited the inertial velocity profile of the body such as (265, 266, 267). So, to
explain the aforementioned example, lets bring up the vertical velocity of landing from a
standing fall which is larger than the one of landing from a sitting fall and is larger again
than the velocity in normal activities. Another important aspect is the direction one takes
whilst falling, which also depends on the fall type. For instance, faints and slips resulting in
sideways and backwards falls may absorb the kinetic energy of the fall since they can lead to
landing first on the knees or the hands which may reduce the impact of the fall. Fall types
are categorized according to (268, 269) into three main types as follows (See Figure @)

e Backward fall: refers to falling to the back with impact on the hip or buttocks. This
could be caused for example due to a backward disequilibrium or a slippery floor and
it seems to have the lowest rate of avoidance and the highest rate of full body impact
(270).

e Forward fall: refers to falling flat on one’s face and is mainly caused by tripping. This

kind of falls has frontal impacts and occurs mostly among adults and elderly.

e Side-way or lateral fall: refers to falling on one side due to fainting and has impacts

mainly near the hip of the body.

4.4 Fall Detection Applications

Fall detection is a very important research topic that has been largely studied in the litera-
ture. FD systems were mainly used in smart homes for home security, healthcare and home
automation purposes aiming at enabling elderly isolated population to live alone for as long

as possible.
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() (b) (c)

Figure 4.1: Fall Types: a) Backward fall, b) Forward fall and c¢) Lateral fall due to fainting.

Adults, especially the elderly, are spending the majority of their time in their home or
workplaces where remote assistance should be envisaged. This motivates the construction of
smart homes and home automation. Integrating fall detection system in a home automation
process is essential, since it helps the identification of falls before their occurrence, alerts
caregivers and yields necessary assistance. Providing enough support to the elderly at re-
quired time reduces their dependency to a great extent and hence decreases the number of
required caregivers. FD systems evolve as well in the automation of homes to maximize the
user comfort, safety and luxury.

In general, observing and monitoring the cognitive and physical capabilities of the in-
habitants and patients among time could be very helpful for doctors. Actually, detecting
any changes may conduct to identify emerging medical conditions and anomalies before they
become critical.

Moreover, occupants may feel safe while being watched and may benefit from efficient
care whenever needed. Indeed, once falls or abnormal activities are detected, the system is
able to alert the caregivers who can respond urgently. This can by far enhance the home

security of the individual.

4.5 Fall Detection Approaches

Fall detection techniques can be categorized into three major classes: ambient-based, wearable-
based and vision-based systems (261). Ambient-based systems use light, proximity, motion,
and vibration sensors to collect daily life activities data and detect falls. Wearable-based
systems rely on the sensors embedded in particular devices that the subject should wear in

order to track his/her motion (271). Additionally, vision-based systems use RGB or depth
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Figure 4.2: Categorization of Fall Detection Approaches

cameras to record the subject’s activities, in indoor or outdoor environments (271). Fig-
ure @ summarizes the existing fall detection approaches. The recorded images or videos are
analyzed later to detect falls. In this thesis, we focus on the vision-based FD techniques.
Roughly speaking, Vision-based FD approaches focus on meaningful fall related features
extracted from the video frames such as silhouettes, body shape and skeleton information.
These features are then used as input to some machine learning classifier such as SVM, KNN,
Hidden Markov Models (HMM), among others, to train and later automatically detect fall
and non-fall cases. For instance, (272) extracts distinctive features of human silhouettes to
construct new action representations. The authors model the actions using a bag-of-words
(BOW) and conduct the classification using an extreme learning machine (ELM). Authors
in (273) suggest robust features called History Triple Features using a generalization of the
Radon Transform. Furthermore, SVM based approaches have proven their efficiency for fall
detection tasks in many alternative works see, for instance, (274, 275, 276). In (274), five
distinct features are employed (aspect ratio, change in aspect ratio, fall angle, center speed
and head speed). Authors in (275) use a normalized motion energy image (MEI) to model
the silhouette shape deformation features, while (276) proposes a novel descriptor, called
Trajectory Snippet Histograms, to model the rapid motions change. They used BOW to
describe each video clip and train an SVM for unusual videos classification. In addition,

shape and motion features are tracked to detect falls using a single camera based system in
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(277). Likewise, (278) proposes to analyze dynamic appearance, shape and motion features
of the target person and then characterize the human falls with simple velocity statistics of
moving features. Authors in (279) suggest a vision-based fall detection system for elderly
living alone. The system relies on the optical flow estimation to estimate the speed of motion
and to deduce the fall activity accordingly, while comparing the last positions of the target.
Deformation of the body shape, the centroid, the perimeter and the principal axis of the
silhouette are significative features for fall detection. This is due to the fact that changes
may happen drastically and rapidly during falls than during normal activities. Based on
this, The authors of (280, 281) proposed to detect falls using silhouette deformation analysis
techniques during and after the fall. In addition, the authors of (282) proposed a video-based
fall detection system based on multiple shape and motion features where the head and the
vertical velocity of the head are determined to recognize falls. Moreover, a novel vision—based
fall detection approach characterized by the utilization of human postures was provided by
(283) where a fall-like accident is detected by counting the occurrences of lying postures and
the fall is then determined by immobility verification. The system is composed of three major
steps: human body extraction, human posture description and fall event recognition.

On the other hand, many vision-based research is devoted to fall detection using Kinect
sensors. This is because depth cameras can overcome some privacy issues related to traditional
camera systems. For instance, (284) proposes a real-time fall detection system based on 3D
Kinect depth maps. These depth maps are used to extract 3D silhouettes features. Similarly,
(285) employs Kinect sensor to acquire point cloud images and extract energy fall features.
Other researchers demonstrate that using Kinect sensor alone does not provide sufficient
coverage and, therefore, cannot yield robust and efficient fall detection capabilities.

With the advance in Deep Learning (DL) approaches, many researchers put forward DL
based approach for fall detection tasks. For instance, (28G) proposes a real-time fall detection
approach that allows the capture of RGB video streams, individual’s position estimation and,
thereby, fall detection likelihood, which then generates potential alert messages to caregivers
with registered audio and video. In (287), the authors present a novel FD method based
on Convolutional Neural Networks (CNN) using optical flow images. Moreover, transfer
learning is widely used to take advantage of pre-trained models by reusing their network
weights or fine-tuning the classification layers. For instance, (288) was able to efficiently
detect falls using a CNN Alexnet architecture. In (289), the authors present a two-stream
approach based on MobileVGG network. Similarly, the authors of (289) combine an improved
lightweight VGG network and the motion characteristics of the human body. Likewise, a 3D
CNN-based method combined with long short-term memory (LSTM) is also presented in
(290). The 3D CNN is used to extract motion and spatial features while the LSTM-based
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spatial visual attention scheme is incorporated to locate the fall in each frame. Authors in
(291) presented a fall detection system based on LSTM, using location features from the

group of available joints in the human body.

4.6 Fall Detection Benchmark Datasets

To validate FD techniques, researchers need to use public datasets that are specific to the FD
field. This allows them to get benefit of the particular characteristics that distinguish falls
from other activities. In fact, there exist few publicly available FD benchmark datasets and
all of them contain simulated data that was recorded by young healthy volunteers. We classify
FD datasets according to the sensing technology been used to record data into contact-based,

vision-based and multi-modal datasets as suggested by (292).

1. Contact-based FD datasets:

o DLR dataset (293) was collected in 2010 by the Institute of Communications and
Navigation of the German Aerospace Center (DLR) from one inertial measurement
unit placed on the belt. Data of 16 adults performing seven activities (walking,
running, standing, sitting, laying, falling and jumping) was recorded and manually
annotated by an observer. In total, the dataset contains 4.5 hours of labeled falls

and daily life activities.

o MobiFall fall detection dataset (294) was implemented by the Biomedical Infor-
matics and eHealth Laboratory of Technological Educational Institute of Crete.
It contains data of 11 adults who performed 4 types of falls and 9 ADLs, with 6
trials for each activity. The data was recorded using accelerometer and gyroscope
sensors of a smartphone positioned in trousers pocket. ADLs were chosen based on
their commonness and similarity to actual falls. Figure. @ illustrates a simulated

fall from the MobiFall FD dataset.

o The tFall dataset (295) was developed by EduQTech (Education, Quality and
Technology) group of the University of Zaragoza. It contains data of 10 adults
simulating 8 types of falls, repeated 3 times per subject, and ADLs recorded using

two smartphones in their pockets.

 Vilarinho et al.(296) created a dataset recorded using a smartphone carried in the
thigh pocket and a smartwatch worn on the wrist of the subjects. The dataset

contains 12 tyes of falls and 7 ADLs carried out by 3 subjects.
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Figure 4.3: Simulated side-way fall from the MobiFall FD dataset ()

o UMAFall (@) contains data of 3 types of falls and 8 ADLs, realized by 17 subjects
recorded in domestic environment. The data was captured using a smartphone
worn in right thigh pocket and four wearable sensors worn in ankle, waist, right
wrist and chest as illustrated in Figure. Q The subjects replicated every action

at least 3 times.

o SisFall (298) contains 15 types of falls and 19 ADLs of 38 participants composed
of 15 elderly and 23 young adults. Data was recorded using a self-developed
embedded device with two accelerometers and one gyroscope. This device was

fixed to the waist of the participants as illustrated in Figure. @
2. Vision-based FD datasets:

o SDUFall () is a depth action dataset that was built using one Kinect camera. It
contains 6 types of actions ( 5 ADLs and 1 fall) performed by 10 young volunteers.
Each subject carry out the action 30 times, where different environment conditions
are randomly changed at each trial. The dataset has a total of 1800 video clips

and some examples are shown in Figure. @

o The Le2i FD dataset (@) was collected using a single fixed camera in four different
locations. It contains 221 RGB videos of 131 falls and 90 ADLs simulated by

several actors. The dataset illustrates many difficulties of realistic video sequences
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Figure 4.4: Location of the sensors (red arrows) and the smartphone (green arrow) on the
subject for the UMAFall dataset (@)

Figure 4.5: Location of the self-developed device used for acquisition for the SisFall dataset

(299).
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Figure 4.6: Fall alarms on sequence of images from the SDU Fall database (@)

of an elderly home or office such as variable illumination and occlusion. Figures. @
and @ illustrate some examples of ADLs and falls (respectively) from the Le2i
FD dataset.

o EDF FD dataset (@) was captured in a non-occlusion settings, using two Kinect
cameras fixed at two different viewpoints, where same event is recorded from both
viewpoints at the same time. Data of 5 volunteers performing 2 falls, each with 8
directions in each of the two viewpoints was recorded with 3 ADLs that are similar

to falling. The dataset contains in total 160 falls and 30 ADLs.

« OCCU FD dataset (@) was recorded in the same settings as the EDF dataset
except the non-occluded environment and that each viewpoint was recorded at sep-
arate times from the other viewpoint. Similarly, 5 subjects performed 6 occluded
falls in two viewpoints. The dataset contains 60 falls and 80 ADLs. Examples of
occluded falls are illustrated in Figure. @

o Mastorakis et al. () created a FD dataset that was captured using a Kinect
sensor attached to a tripod at a height of 204cm, inclined to the floor plane.
The dataset contains 184 video samples of 48 falls and 112 ADLs simulated by 8
subjects. Samples from this dataset are given in Figure. .

3. Multimodal FD datasets:

e The UR FD dataset (@) was developed by the university of Rzeszow, using 2

Microsoft Kinect cameras for the fall events and only one camera for the ADLs.
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Figure 4.8: Examples of falls from the Le2i FD dataset (@)

Figure 4.9: Examples from the OCCU dataset representing an occluded fall. The top row shows

an occluded fall in the first viewpoint while the bottom row shows an occluded fall in the second

viewpoint (@)
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Figure 4.10: Examples of a sideways fall from the FD dataset created by Mastorakis et al.().

Figure 4.11: Samples from the UR FD dataset where the first row contains RGB images and
the second row the depth images (@)

The dataset contains 70 (30 falls + 40 activities of daily living) sequences per-
formed by 5 volunteers. Inline with RGB data, the dataset contains depth images
and data collected from an IMU inertial device connected via Bluetooth. Some

samples from the UR FD dataset are shown in Figure. .

o UP FD dataset (@) is a large multi-modal dataset captured at the Faculty of En-
gineering, Universidad Panamericana, Mexico. It includes 11 activities composed
of 6 ADLs and 5 types of falls, performed by 17 young healthy subjects 3 times
per activity.

o MultiCam Dataset (@) was captured using multiple IP video cameras (8 cam-

eras). It contains 24 scenarios simulated by a healthy adult. The dataset includes
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Figure 4.12: Samples from the multicam dataset demonstrating falling events (@)

22 scenarios of falls and confounding events and 2 scenarios of only confounding

events. Figure. illustrates some samples of falls from the multicam dataset.

4.7 Fall Detection Limitations

Although the considerable progress made in FD, current systems still suffer from diverse
limitations that alter their robustness and reliability. In general, many HAR techniques were
adapted to detect and recognize falls among daily life activities. However, FD should be
considered as a separate research axis and proposed methods should deal particularly with
this kind of activity and its specific characteristics. Furthermore, types of falls are not taken
into consideration in most of the state-of-the-art works. All falls are studied in the same
manner and solutions are proposed regardless the particular characteristics of each fall type.
Besides, the existing FD benchmarks used in the literature are recorded by young healthy
volunteers and contain simulated fall events that do not cover all fall types and do not yield
to generalized models. Also, falls are relatively rare compared to other activities. This makes

their occurrence in real settings uncommon conducting therefore to unbalanced data.

Limitations and challenges of HAR systems discussed in the previous chapter are as well
applicable to FD systems. A particular focus could be given to occlusion. Indeed, the
monitoring system is mounted in most cases indoor and it should be able to ensure the
continuous follow-up of people over time. It should also deal correctly with surrounding
objects or other individuals in the monitored environment. Again, privacy concerns should

be addressed to make users feel safe, comfortable and independent when being watched.

65



4. OVERVIEW OF FALL DETECTION

4.8 Conclusion

In this chapter, we defined main concepts related to FD field to introduce the field to the
reader. Then, we enumerated the different fall types with their underlying causes. We
analyzed afterwards FD techniques proposed in the literature, which we categorized into
three main classes: ambient-based, wearable-based and vision-based FD. Next, we highlighted
some of the existing FD benchmark datasets that have been used in prior works. Finally, we
discussed the limitations encountered by the FD systems. In the next chapters, we outline
our proposed methodologies for HAR and FD. It is to note that even if lot of research has
been made so far for FD, existing systems are still limited and inefficient. Therefore, a good
FD system should be able to ensure the safety and the privacy of the elderly by enabling the

quickness of intervention when a fall occurs.
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Multi-Modal Vision-Based Human
Activity Recognition using deep

learning

5.1 Introduction

The increasing progress in sensing technologies prompted the emergence of intelligent real-
time systems that can potentially impact the development of efficient human activity recog-
nition systems and enhance the quality of life and security of the individuals (304). Major
vision-based HAR works focus on using one single sensor modality to classify activities. This
yields some limitations while discriminating complex activities due to environment condi-
tions such as lighting, perspective changes and occlusions (249). To achieve good results
and enable robust HAR systems, it is important to exploit more than one modality and to
this end, different fusion strategies are to be explored ([135). In this respect, we propose
to combine three modalities from RGB, depth and skeleton data for vision-based HAR in
order to achieve high recognition accuracy. Our framework integrates three sets of images
created using data acquired from the modalities mentioned above. For RGB and depth data,
we use an approximated version of rank-pooling in the same spirit as (B3, B4) to create two
sets of dynamic images. Each dynamic image summarizes information contained in the video
frames into one single visual image. Furthermore, a skeleton data is used to create images
that encode the locations of the skeleton joints among the video frames and hence describe
the temporal aspect of the action. These newly created images are then employed to en-
able transfer learning from a pre-trained model in order to extract significant features. A
feature-fusion strategy is performed later on using the Canonical Correlation Analysis CCA

(805) to create highly discriminative feature vector that combines selective features from the
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three single feature vectors. Once the underlined unified vector is created, we train a Long
Short-Term Memory LSTM network to classify activities from the video sequences.

In this chapter, we present a new framework for multi-modal vision-based HAR. We
introduce in section @ the multi-modal human activity recognition field, where we explore
some of the existing methods. We also highlight the video representation and the rank pooling
techniques in section and . Then, section @ is devoted to outline our proposed
framework where we give details of our proposal in different steps. Following this, we discuss
the experimental setup and the obtained results in section @, where different variants of
our proposal are evaluated on publicly available UTD-MHAD and NTU RGB+D datasets.

Finally, we conclude the chapter in section @

5.2 Multi-Modal Human Activity Recognition

Multi-modal data fusion in HAR consists in combining many sensor modalities data in or-
der to increase the robustness and the reliability of the recognition system while reducing
single sensor effects such as noise (135). To achieve this, it is essential to provide a com-
plementary highly discriminative fusion of these modalities. In the literature, many fusion
strategies have been employed to efficiently select meaningful information among different
combined modalities ([135). Feature-level fusion, through increasing feature-space, project-
ing on some external frame, or using correlation-like analysis, is one of the best strategies
for fusing heterogeneous modalities (135). For instance, depth data, skeleton information
and RGB images provide important complementary features. Indeed, depth data is more
robust to illumination changes and scale variation but sensitive to occlusion; while skeleton
information is more robust to occlusion effects and RGB image provides fine-grained image
segmentation. Many vision-based HAR approaches combine two of these three modalities to
improve the recognition accuracy but very few works focused on the combination of all of the
three modalities. For instance, a robust HAR approach combining skeleton and RGB data
streams was presented by (804), although, the authors used decision-level fusion instead of
feature-level fusion. To effectively fuse features extracted from several modalities, some works
use Canonical Correlation Analysis which allows them to learn from heterogeneous data and
afford high linear correlation outputs. For instance, (306) developed a deep canonical corre-
lated analysis to fuse accelerometer and gyroscope data for human activity recognition. We
presented in Chapter a, a categorization of human activity recognition approaches according

to the source of the input data, where we discussed uni-modal and multi-modal HAR.
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5.2.1 Video representations:

On the other hand, the temporal dimension of the action is often taken into account explicitly
to enhance the recognition performance. However, many approaches extract spatial features
of the image and deal with the temporal variations in the classification stage. In line with
our overview on multi-modal HAR, we review related work in video representation.
Features extracted from image sequences expand to variations in action execution, person
appearance, shape and motion. These should be sufficiently distinctive to allow distinguish-
ing between different actions. Efficient action representation is the key to yield robust and
expressive features. Therefore, many video-based HAR methods are based on video repre-
sentation to efficiently describe the action. They can be grouped accordingly into two main
categories. The first one considers video as a stream of still images or as transitions between
frames. The second category represents videos as 3D dimensional volumes. The majority
of hand-crafted-based or deep learning-based human activity representations belongs to the
first category such as (B4, B07). The popularity of the first category raises from its efficiency
and simplicity of use for activity recognition. Moreover, video is represented as a spatial-
temporal volume by stacking frames over a given sequence and action recognition is performed
based on either spatial or temporal features or both. These features may be texture, color,
posture, histograms of optical flow or histograms of oriented gradients. Many authors use
spatio-temporal templates and 3D CNNSs to learn features from spatio-temporal volumes and
capture dynamics. For instance, (308) uses spatio-temporal templates, while (309) uses 3D
CNNs for activity recognition based on video volume representations. Furthermore, a multi-
view system to understand, in real time, the interactions between the ball and the players

based on their respective 3D trajectories was presented by (310).

5.2.2 Rank pooling videos:

Rank pooling in videos allows to capture the video-wide temporal evolution while preserving
actions execution temporal ordering. It was introduced by (34, B07). The authors of (34)
proposed to train a linear ranking machine on the video frames and to use its parameters
as a new video representation. When trained on different samples of the same action, the
authors demonstrated that the ranking machines would have similar ranking functions. (311)
extended the rank pooling to encode video sequences at multiple levels recursively where the
output of each encoding level is itself the input of the next encoding level in order to capture
higher-order dynamics. Similarly, (33) introduced a CNN-based approximated rank pooling

approach that allows us to learn dynamic image networks for action recognition.
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LSTM Model (bi-LSTM: 600 hidden units, Batch size = 32, Input size = 1000)

l

Action classes

Figure 5.1: The general overview of our proposed vision-based multi-modal approach for HAR

Building on (), our work combines features extracted from dynamic images and skele-
ton images using canonical correlation analysis. Dynamic images were calculated from RGB
and depth sensors separately, while skeleton images refer to RGB image representation that

we derive from skeleton joints information.
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5.3 Our proposed methodology

We advocate a feature-level fusion framework for multi-modal human activity recognition
using CCA of the three modalities: RGB, depth information and skeleton. For this purpose,
we created a set of dynamic images from RGB and depth videos separately. Also, skeleton
visual images were inferred from skeleton joint information. Figure. EI illustrates the general
pipeline of our proposed multi-modal approach.

Dynamic images are extracted from the video sequence in a way to capture spatial and
temporal information among all frames. Especially, a dynamic image allows us to encode the
video sequence robustly and describe the ongoing action in the video. For this purpose, we
use an approximate rank pooling method as suggested in (33) to construct dynamic images.
Moreover, skeleton images are constructed using 3D locations of the skeleton joints. Once
the three sets of images were created, we use transfer learning from a pre-traind model to
extract features from these images. Afterwards, we perform a fusion of these features using a
feature-level fusion strategy based on CCA. Finally, we train a bi-directional LSTM network
to recognize and classify activities in the input video sequences. In summary, our methodology

is composed of four steps that we explain in detail in the following subsections.

5.3.1 Dynamic image construction for RGB and depth images

Dynamic image (DI) consists of a single image representation of a video sequence, capturing
the temporal evolution of ongoing action. DIs can provide simple, powerful and efficient
representations that can be used for action recognition. The concept of "Dynamic images” has
been presented in (33, B4, B12). For that, the authors of (33) suggest to use an approximated
rank pooling method to construct DIs. They observed that: (1) DIs focus on the motion
instead of background pixels which are averaged away, (2) DIs behave differently for actions
of different speeds and (3) DIs are reminiscent of some other imaging effects such as blur and
panning. Similarly to (B3), we use DIs to encode each video into one single image. The latter
can provide us useful information on the ongoing action in the scene. We use the proposed
approximated rank pooling method to calculate DIs for both RGB and depth video sequences
separately. From the above and in the same spirit as (84), the video sequence is presented as
a ranking function of its frames as follows:

We refer to the feature vector extracted from frame I, by ¢ (L). So V, = %Zizl (1)
is the average of the features extracted from frames {I1,l ...,I;} up to time ¢. The ranking
function assigns a score S(t|d) =< d, V; > to each time increment ¢, where d € IR is a vector

of parameters.
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To reflect the rank of the frames in the video, d is learned as a convex optimization
problem using the RankSVM formulation since later times are associated with larger scores,
ie V{g,t} s.t ¢ >t = S(q|d) > S(t|d).

d* is the optimizing function to the objective function given in “(@) 7 and T is the number
of frames. We can see from “ (@)” that p(I1,...Ir; 1) maps T video frames to a single vector

d*. This operation of construction of d* from T frames is called Rank Pooling.

d* = p(L,..Ir;¢) = arggm'nE(d) (5.1)
Bld) = gudw + :r(:r2—1) S mac{0,1 - S(qld) + S(tld)} (5.2)

This objective function is composed of two terms: the first one corresponds to the usual
quadratic regularizer of SVM while the second term serves to count how many pairs q > t
are incorrectly ranked by the scoring function. In other words, it counts the number of pairs
for which their associated scores are not separated by at least a unit margin.

The vector d* contains enough information to rank all frames of the video. Similarly to
(83), we apply rank pooling directly to RGB frame and depth image pixels. For that, ¢ (1)
performs a component-wise non-linearity such as the square root function. As observed, d*
has the same number of elements as video frames and can therefore be used to represent the
video.

Solving “ (@) ” may be computational expensive. For this purpose, we use approximated
rank pooling which gives good results in practice to smooth the computation and make it
faster. More specifically, the idea behind the approximated rank pooling is to consider the
first step in a gradient-based optimization of “(@)”. We then start with d = 6) and get a
first approximated solution by gradient descent: d* = 6) —nvEd)|, g x-vEWD,_g
for n > 0 where :

v E(0) o 3 vmax{0,1 - S(gld) + S(tld)}],_7

=Y V<dVi-Vy>=) <Vi-V;> (5.3)
g>t g>t

So, we can extend d* as follows, where (3; are scalar coefficients.

T
Iy <V,=Vi>=> BV (5.4)
t=1

q>t

By expanding the sum ) __, V, — V;, each Vt appears (t-1) times with positive sign and

q>t
(T-t) times with negative sign. Hence, we can deduce that gy = (t—1)—(T'—t) =2t —T — 1.
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(a) (b)

Figure 5.2: Samples of RGB video frames from the UTD-MHAD dataset () in the first row
and their corresponding dynamic RGB images in the second row. Column (a) corresponds to a
basketball shoot while the subject is waving and sitting in columns (b) and (c) respectively.

Since we already have V; = %Z}:l ¥ (I¢), d* can be written as a linear combination of

the feature vector ¥ (I;): d* Zthl BV = ZtT:l ap(Iy).

The approximated rank pooling is given such that the operator d* is reduced to respect
“(@)”. So, the calculation of DIs consists in accumulating the video frames after being
multiplied by oy while ay = 2(T — ¢ + 1) — (T + 1)(Hr — Hy—1) and Hy = >\, 1 is the t-th

Harmonic number and Hy = 0.

T
Py, I ) = Zat¢(ft) (5.5)
=1

*

The vectors di,p and dp, ept

;, obtained from rank pooling the RGB and depth videos re-
spectively, comprise our DIs which we call DI,4, and Dl “Figure. @” and “Figure. @”
illustrate some examples of RGB, depth images (from UTD-MHAD dataset) and their corre-
ponding dynamic RGB and dynamic Depth images, respectively. Columns of both images (in
their order of appearance) correspond to basketball shoot, wave and stand to sit activities.

We can see from these figures, that dynamic images were able to accurately summarize the

execution of each of the activities as still images.
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(b) (c)

Figure 5.3: Samples of Depth video frames from the UTD-MHAD dataset () in the first row
and their corresponding dynamic Depth images in the second row. Column (a) corresponds to a
basketball shoot. In column (b) the subject is waving, and he is sitting in column (c).

5.3.2 Skeleton images from skeleton joints

Human activity recognition from skeleton information have been facing many challenges
among which is: how to effectively represent spatio-temporal skeleton sequences? Moreover,
retrieving features from RGB images using pre-trained models is giving very promising results
in many tasks as well as for human activities recognition. Therefore, to take advantage of
these models and HAR from skeleton data, we create images from skeleton sequences, then
we extract discriminative features from these images using a pre-trained model. For that, and
for each video sequence, we normalize the coordinates of the skeleton joints (z,y,z) and use
them to create an RGB image which we call ;.. Skeleton image allows us to track changes
of each skeleton joint over time and, hence, describe the corresponding activity. “Figure. @”
illustrates some examples of skeleton representations from the UTD-MHAD dataset and their
corresponding skeleton images. Columns correspond to basketball shoot, wave and stand to

sit activities respectively.

5.3.3 Features Extraction using pre-trained models

Due to the large amounts of data needed for training an LSTM network, we extract features
from our image sets {DIsrgb and DIsgepp, } using the Resnet50 model pretrained on the large

Imagenet dataset. Used widely as a backbone for many computer vision tasks, it has been
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() (b) (©)

Figure 5.4: Examples of skeleton representation from the UTD-MHAD dataset () in the
first row and their corresponding skeleton visual images in the second row. Columns (a), (b) and

(¢) correspond to a basketball shoot, wave, stand to sit activities respectively.

integrated in many HAR approaches as well. It allows us to explore multiple levels of deep
features by dint of its stack of layers that is composed of more than 150 layers. In addition,
we use Alexnet to extract features from Isgg; images set. This feature extraction step is im-
portant because it provides us a strong initialisation to our feature fusion strategy compared
to a straightforward use of these images. Feature vectors calculated in this step are then

fused using CCA which allows us to select meaningful features.

5.3.4 Feature Fusion and activity classification

To obtain more discriminative feature vectors from our created representations, we apply a
feature fusion on the extracted features from our three sets of images: the dynamic RGB
images (DlIsyg), the dynamic depth images (DIsgepen) and the skeleton images (Isgrer). Our
feature fusion method consists of combining feature vectors of the three modalities into one
single feature vector. The resulting feature vector is supposed to be more meaningful than
each single aforementioned modality related feature vector. For that, and similarly to (@),
we use CCA, which has been widely used for feature fusion.

Let our three feature vectors be V, € IRP*", V,, € R¥" and V, € R™" extracted from

dynamic RGB images, dynamic depth images and skeleton images respectively. Each of these
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vectors contain n samples. To get a representative feature vector that fuses the three vectors,
we apply CCA twice. We apply CCA firstly on two vectors, for example V, and V,, we
obtain F;. Then, we apply CCA again on F; and V.

For each two vectors X and Y, we calculate the within-sets covariance matrices and
the between-set covariance matrix that we call: S, € RP*®?, S, € IR¥9 and §,, € IRPX
respectively and S, is the transpose of S;y: ST . Next, we create the covariance matrix S

vy
€ RPtax(P+a) a5 jllustrated below.

5=(5 52) = (wvivdy “st) 59

It is observed that understanding the correlations between X and Y using the covariance
matrix S is difficult. Therefore, CCA is used to maximize the pairwise correlations given in
“(@)” across the two data sets using Lagrange multipliers. Solution to the objective function
is given by the optimizer linear combinations X* and Y*.

Canonical variates X* and Y* are defined as X* = WX, Y* = WJY and var(X*) =

var(Y*) = 1 where cov(X*,Y™), var(X*) and var(Y*) are calculated using the set of equa-

tions “ (@) ",

cov(X*,Y™)
var(X*)var(Y*)

corr(X*, V™) = (5.7)

cov(X*,Y*) =WZIS,,W,
var(X*) = WIS, W, (5.8)
var(Y*) = WyTSyyWy

b

To obtain the transformation matrices W, and Wy, one should solve the eigenvalue “(@)
Wx and ﬁ/\y are the eigenvectors and A? is the diagonal matrix of eigenvalues or squares
of the canonical correlations. For each equation, the number of non-zero eigenvalues (i.e.
A1 >= Xg... >= )g4) that are sorted in decreasing order is d = rank(Sy, <= min(n,p,q)).

W, and W, consist of sorted eigenvectors corresponding to the non-zero eigenvalues.

{S{;xlsxysy_ylSyIWI = A2WI7} (59)

Sy SyzSua SayWy = A2W,
Hence, the covariance matrix S defined above will be of the following form. Let I; be the

identity matrix and diag(A1, ..., \g) be the diagonal matrix of the associated eigenvalues.

1 diag(Ad, ..., Ad)> (5.10)

S={,
<dzag()\1, ceny )\d) Id
We can observe that X* and Y* have non-zero correlation only on their corresponding

indices and are therefore uncorrelated within each data set. Finally, we perform feature-level
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fusion by concatenating the transformed feature vectors. The resulting feature vector Fi
is used to perform another time the feature-level fusion by concatenating the transformed

feature vectors F} and Z* (Z corresponds to the third modality feature vector).

A= ()= ()= (5 ) () o1

Once our fused feature vectors are calculated, we perform activity recognition using a
bi-directional LSTM network. This allows us to comprehend temporal dynamics encoded by
the feature extractor (Resnet50 model for RGB and depth images and Alexnet for skeleton

images) into feature maps. These feature maps are fused using CCA and fed to the classifier.

5.4 Experimental results

We evaluate our approach on the publicly available datasets UTD-MHAD (313) and NTU
RGB+D (/7). In the subsequent sections, we present a brief description of these datasets
followed by our experimental results. We compare the recognition performance of each indi-
vidual sensor modality to the performance of combining each pair of modalities and finally
to the performance of fusing the three modalities. We display our performance results in
Table @ and Table @ for UTD-MHAD and NTU RGB+D datasets.

In our LSTM model, we incorporate a bi-directional long short term memory layer. We
use 600 hidden units and a feature sequence of 1000 to 1092 length. A mini-batch size of
32 samples is employed to train images of the subset and we calculate the accuracy. For the
UTD-MHAD dataset, we create the training and the testing subsets using the same protocol
as (B13). Data from the subject numbers 1, 3, 5, 7 were used for training, while data for the
subject numbers 2, 4, 6, 8 were used for testing. We report the classification accuracy on the
NTU RGB+D dataset by following the action classification evaluation protocol presented in
(77): cross-view evaluation, where videos from cameras 2 and 3 are used for training while

videos from camera 1 are used for testing.

5.4.1 Datasets

UTD-MHAD is a multi-modal dataset (B13), composed of four data modalities: RGB
videos, depth videos, skeleton joint positions and inertial sensor signals. The dataset includes
861 video sequences and was recorded using a Microsoft Kinect sensor and a wearable inertial
sensor in an indoor environment. It consists of 27 different actions performed by 8 subjects.
Each of them repeats the same action 4 times. The Kinect sensor captures RGB sequences
with a resolution of 640x480 pixels and 16bit depth sequences with a resolution of 320x240

pixels. The frame rate is approximately 30 frames per second and a time stamp for each
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sample was recorded, for data synchronization. Table Ell summarizes detailed information

of this dataset.

Table 5.1: UTD-MHAD Dataset information

UTD-MHAD Dataset
Data modalities RGB, Depth videos, Skeleton data and Inertial signals

Number of videos 861

Number of actions 27 different actions

Number of actors 8 subjects
Frame rate 30 fps

Acquisition device | Microsoft Kinect sensor and wearable inertial sensor

NTU RGB+D is a large-scale dataset for multi-modal human action recognition. It
includes 56880 videos of 60 action classes of 40 subjects recorded in highly variant camera
settings, where each action is performed twice. Three Microsoft Kinect v2 sensors were used
to collect four data modalities. RGB videos are recorded in a 1920x1080 resolution and 3D
skeletal information corresponds to 25 body joints. Moreover, infrared sequences and depth
data are also collected and stored frame by frame in 512x424. Table @ summarizes detailed

information of this dataset.

Table 5.2: NTU RGB+D Dataset information

NTU RGB+D Dataset

Data modalities RGB, Depth videos, Skeleton data and Inertial signals
Number of videos 56880
Number of actions 60 different actions
Number of actors 40 subjects
Acquisition device Microsoft Kinect v2 sensors

5.4.2 Results and analysis

First, we calculate the performance accuracy of each single modality. In other words, we
compare activity classification from straightforward images towards newly created images
(dynamic RGB, depth images and skeleton images). For both situations, we calculate the
accuracy of applying LSTM on the extracted features using a pretrained model. Resnet50
and Alexnet are used as feature extractors.

As can be seen from Table @ which illustrates the results of uni-modal activity recog-

nition for UTD-MHAD and NTU RGB+D datasets, the accuracy was improved when using
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our created images. For the UTD-MHAD dataset, skeleton features perform the best accu-
racy value for both configurations with 74.52% for skeleton joints sequences and 87.43% for
skeleton images using Alexnet as feature extractor. Similarly, for the NTU RGB+D dataset,
the best accuracy of 49.91% was obtained for skeleton joints sequences while dynamic depth
images outperform the dynamic RGB and skeleton images with a value of 51.66%.

Table 5.3: Accuracy (%) of activity classification with LSTM of uni-modal features and features

extracted (using pre-trained models) from our newly created image representations on the UTD-
MHAD and NTU RGB+D datasets.

] Uni-modal feature H UTD-MHAD | NTU RGB+D

RGB 51.35 39.85

Depth 37.45 45.90

Skeletal data 74.52 49.91
Our proposed images

Dynamic RGB 72.28 41.53

Dynamic Depth 71.91 51.66

Skeleton images 87.43 50.81

Table 5.4: Accuracy (%) of activity classification using fusion of multi-modal features extracted
(using pre-trained models) from our newly created image representations on the UTD-MHAD
dataset and NTU RGB+D dataset respectively (DI refers to dynamic images).

’ Pairwise Fusion H UTD-MHAD ‘ NTU RGB+D ‘
DI RGB + DI Depth 85.39 60.42
DI RGB + Skeleton images 93.26 68.62
DI Depth + Skeleton images 97.95 ‘ 70.85 ‘
By three Fusion
(DI RGB + DI Depth) + Skeleton images 98.88 75.50
(DI RGB + Skeleton images) + DI Depth 92.13 73.72

| (DI Depth + Skeleton images) + DI RGB || 93.26 72.64

Furthermore, we calculate the recognition accuracy for each pairwise fusion and for the
three features fusion. We compare in Table @, the results obtained using a feature-level
fusion: the Canonical Correlation Analysis on each set of features. We can see from these
tables that, by combining the features from each two sets of images, the recognition accuracy
was improved over that using a single modality alone for both datasets. The best results
were obtained by fusing dynamic depth and skeleton images as they present complementary
temporal features. We achieve for that an accuracy of 97.95% for the UTD-MHAD dataset
and 70.85% for the NTU RGB+D dataset.
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Table 5.5: Comparison of the proposed method with previous methods on UTD-MHAD Dataset.

Method H Accuracy %
Decision Fusion Using LOGP (314) 88.40
Depth + inertial data fusion + CRC classifier (313) 79.10
5-CNN fusion of skeleton images (B15) 95.38
fusion with CCA and KELM (B16) 97.91
DI RGB + DI Depth + Skeleton images + LSTM (Ours) 98.88

Table 5.6: Comparison of the proposed method with previous methods on NTU RGB+D
Dataset.

Method H Accuracy %
Deep RNN (77) 64.09%
Deep LSTM ([77) 67.29%
Joint trajectory maps + CNN (B17) 75.20%
Part-aware LSTM ([77) 70.20%
DI RGB + DI Depth + Skeleton images + LSTM (Ours) 75.50%

Fusing the three modalities has as well improved the recognition accuracy over that using
single modalities or pairwise modalities. The order of fusing features was also investigated
and the results demonstrate that when changing this order, the accuracy is also improved.
We obtain an accuracy of 98.88% for fusing RGB and depth dynamic images and then fusing
the resulting vector with skeleton images feature vector for the UTD-MHAD dataset and an
accuracy of 75.50% for the NTU RGB+D dataset for the same configuration.

Table @ presents a comparison of the results of our method to the state-of-the-art on
the publicly available UTD-MHAD dataset. We can see that our method outperforms all the
previous methods of feature fusion on the UDT-MHAD dataset. Again, Table @ illustrates
a comparison of our results with the state-of-the-art results on the NTU RGB+D dataset.
Our results can achieve high recognition accuracy and compete with the state-of-the-art HAR
approaches such as (B17) and ([77). However, we still can improve the results by enhancing

the CCA fusion strategy.

5.5 Conclusion

We presented here a vision-based multi-modality fusion approach for HAR. RGB, depth
images and skeleton joint data are used to construct RGB dynamic images, depth dynamic
images and skeleton images, respectively. These constructed visual images are then employed

to generate features using pre-trained models that allow us to retrieve meaningful features
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from the image sets. Afterward, for each video sequence, a feature fusion strategy based
on the Canonical Correlation Analysis is carried out to select highly discriminative features
from our three feature vectors. The resulting feature fusion vectors are then fed to a bi-
LSTM network in order to recognize and classify activities. We evaluate our approach on the
publicly available UTD-MHAD and NTU RGB+D datasets and record recognition accuracy
for each single modality, fusion of each pair of modalities and fusion of three modalities. Our
experiments show that the results of our proposed approach can achieve high recognition
accuracy and outperform the state-of-the-art results for both datasets. In the future, we can
explore other fusion schemes and integrate some data augmentation methods to improve the
performance of our proposal. Besides, we believe there is also a room for further improvement
on the recognition accuracy achieved by NTU RGB+D dataset throughout a more fine-gained

optimization of the parameters of the underlined LSTM model.
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6

Vision-based Fall detection using

body geometry and pose estimation

6.1 Introduction

Performing regular daily life activities by the elderly population can be affected by many
serious health issues among which fall and its resulting injuries are the most frequent. This
is mostly experienced by the elderly because of the natural phenomenon of brain cells death,
which impact the functioning of the nervous system and, thereby, the cognitive capability of
the individual (260). This results in problems with movement and safety issues. Moreover,
falling is due to other inherent factors such as age-related biological changes, neurological
disorders, physiological health profile and environmental conditions (260). Authors in (260)
presented a detailed study of the different factors that may lead to falls in elderly population.
In general, falls can result from sudden loss of balance, stability, dizziness, or vertigo during
daily life movements. It can also be caused by chronic diseases, cognitive impairment, using
a walking aid or multiple medications, gait and visual deficit (261). Falling is an abnormal
human activity that occurs infrequently and unpredictably. It is defined by (262) as an event
resulting in a person coming to rest inadvertently on the ground or the floor or any other
lower level. Falls can occur in many different ways such as backward fall, due, for example,
to a slippery floor, forward fall caused by tripping, side-way fall due to miss-stepping and
straight-down fall due to fainting (268).

Intelligent video surveillance (camera-based approach), through a continuous monitoring
by an operator, is a simple way to detect fall and trigger appropriate actions. Nevertheless,
privacy concerns and often reluctant users to wear wearable devices, raises the importance of
automatic detection technology. In this regard, the development of automatic detection of fall
using video sequences is challenging due to constant changing of room lighting conditions and

the variety of daily activities that may resemble to a fall, which causes inherent difficulties
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to image processing tasks. Therefore, the accuracy of existing video based FD systems is
often moderate to low, which call for further research in this issue. This partly motivates
the current contribution. Especially, new features are put forward by observing that the
vector formed by the head and the center hip of the body is aligned horizontally and in
parallel to the ground during a falling posture, while it is perpendicular to the ground axis
in a sitting or standing posture. A novel machine learning-like approach for FD from video
sequences is devised. Our approach relies on calculating the angle and the distance between
the vector formed by the head and the body’s center hip and the horizontal axis passing
through the body’s center hip. For each video sequence, we calculate the aforementioned
angle and distance for all frames. The computed angles and distances form the new feature
sets that characterize the video sequences. We train an LSTM and a TCN networks on
these features to recognize fall and non-fall activities. Furthermore, we construct new images
using these angle and distance sequences so that each video sequence is represented by one
image of its corresponding angles and distances. Then, a two-class SVM is trained on these
images to detect fall and non-fall activities. We use the Le2i dataset (300) and the UR FD
dataset (302) to evaluate the performance of our method by implementing a cross-dataset
evaluation. For this purpose, we compare the results of using UR-FD for training and Le2i
dataset for testing, to its reciprocal (i.e., Le2i for training and UR-FD for testing). Different
performance metrics have been employed to quantify the quality of the designed classifiers in
detecting falls. The experimental results indicate the feasibility of the developed approach
while achieving state-of-art performance in terms of FD accuracy.

The rest of this chapter is organized as follows. First, we briefly provide background
and previous research related to vision-based fall detection (FD) in Section @ Section @
outlines our approach. Then, we describe and discuss in Section @ the experimental results of
our proposal on the publicly available datasets. Finally, we conclude and set future directions

for fall detection in Section @

6.2 Related Work

It is acknowledged that fall is one of the major public health problems in the world that
should be carefully addressed. It is ranked second among the leading causes of accidental or
unintentional injury deaths (262), especially for elderly population. Tuner et al. (318) predict
that Fall will cause 45 billion Euros yearly in Europe and around 50 billion dollars in USA
according to Florance et al. (319). This testifies on the huge impact of Fall on both individual
and societal scale, which raises the importance of prior detection or at least rapid intervention,
whenever needed, to reduce the risk of complication. In this respect, Fall Detection (FD), Fall

Classification (FC), and Fall Prediction (FP) are recognized as important research directions
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in the study of fall and are among the hottest topics in health-care national policy as well.
The availability of efficient methods to identify and, possibly, predict fall occurrence can have
a substantial public impact since it may significantly minimize damages, enable useful medical
assistance, and provide daily health care to vulnerable populations (265). Moreover, missing
to identify falls can expose individuals to serious health and safety risks. This has a noticeable
effect on individual autonomy, independence, and life quality. It is to note that experiencing
fall or near-fall events (such as missteps or stumbles) may lead to Basophobia, also called fear
of falling (265, 271)). This syndrome can cause many other disorders such as lack of mobility
and independence, and/or social isolation (267). Several FD systems have been put forward
by both research community and commercial entities (320) using various technologies and at
various level of maturity. Such technologies can be classified into three streams according to

the employed sensors: ambience device, wearable device and camera-based (261).

6.3 Proposed Method

The central key in our developed methodology consists in identifying relevant features that
can genuinely distinguish fall from non-fall activities in 2D representation. In this respect, we
noticed that, when a person is sitting or standing, the head and the center hip form a vector
which is perpendicular to the horizontal axis passing through the center hip, as illustrated in
“Figure. @ H” and “Figure. @ ”. The horizontal axis is defined as a straight line parallel
to the X_ axis and passing through the center hip. In contrast, when a person is in a lying
or a falling posture, this vector is approximately aligned and parallel to the horizontal axis
of the body’s center hip. Besides, sitting slumped to one side leads to forming an angle
of around 120° or 45° between the mentioned vector and the horizontal axis, as shown in
“Figure. @ H” and “Figure. @ B”. The angle value depends on the degree of slump sitting.
However, the posture is considered lying or falling when this value is close to 0° or 180°, as
shown in “Figure. @ B”.

To illustrate our approach mathematically, we refer to the head centroid by the point
H(zp,yn) and to the center hip of the body by the point B(z,ys). Let U be the vector from
B to H. Similarly, let V be the vector joining the point B to the point C(z.,y.). The point C
is defined such that z. > x, and y. = 3. The red cross in Fig.@ refers to the head (point
H) and the blue cross refers to the center hip of the body (point B).

Relying on the above observation, we calculate, for each video frame, the angle o formed
between U and 17, and the distance v between the head and the center hip of the body (i.e.,
the magnitude of the vector ﬁ) These notations are used throughout the paper. Fig.@
illustrates the two vectors U and 1_/), the angle o and the magnitude . Each video is therefore

characterized by a feature vector containing the sequence of the computed angles (a) and
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(&) (b)

Figure 6.1: Samples from the Le2i fall detection dataset (@) representing the angle « in (a)
sitting, (b) standing, (c) bending to the right posture and (d) bending to the left and finally, (e)
falling postures. The value of « is around 90° in (a), (b), around 120°in (c), around 45°in (d),

and around 180° in (e). « is calculated between the white and the yellow vectors.
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Figure 6.2: Mathematical representation of our method

distances (vy) of all its frames. The first step of our approach consists of down-sampling the
videos to reduce the number of frames by keeping only those that contain motion. This helps
us to reduce both the computational and the man-power burden effort in the next steps when
the annotation is conducted manually. This step is omitted when the annotation is performed
automatically where the whole video sequence is processed. Then, we use these frames to
annotate the head and the body parts, distinguishing the manual annotation process (of the
head and of the body part of each frame), and the automatic annotation process through
a pose estimation algorithm that uses a deep learning approach whose detail is provided
later on. We propose to use either the manual or automatic annotation to localize both
points (the head and the center hip of the body) and the choice between two alternatives can
be either manual or system requirement. For instance, if the system should be made real-
time, the automatic annotation is more convenient. However, if the most important features
of the FD system are the precision and the reliability, it is better to opt for the manual
annotation. We then calculate the centroid and the center hip of the head and body part,
respectively. Next, we calculate the angle o and the distance . Next, we represent each video
with a sequence of angles a; and a sequence of distances ~;, where 7 represents the frame’s
index. Once these sequences are created for each video, we distinguish two scenarios. In the
first scenario, we train an LSTM network on these features and classify the video sequences
accordingly into fall and non-fall cases. Here 'non-falls’ would stand for all other daily living
activities that are not falls. We also devised a data augmentation strategy that handles the
potential mismatch of input size to the LSTM network. For this purpose, we performed a
simple padding task where the feature vector (angle and distance value) of the first frame
is duplicated and concatenated to yield the same dimension as the largest sequence. In the
second scenario, we create a set of images that is fed later to some pre-trained network to

extract distinctive features. The extracted features are then trained with a two-class SVM
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Figure 6.3: The pipeline of our proposed fall detection approach

classifier to detect falls from daily life activities. Finally, the results of the classification with
SVM, LSTM and TCN are compared. The overall approach is summarized in four steps as
follows (see Algorithm. m and Fig. @)

6.3.1 Step 1: Down-sampling the videos

The length of the Le2i dataset video sequences vary from 30 seconds to 4 minutes, with a
frame rate of 25 frames per second, yielding video sequences of more than 1000 frames. This
renders any manual annotation task very exhausting. Therefore, for the purpose of reducing
the intensive labor work, instead of using all the frames, we down-sample each video (note
that this only applies to manual annotation task not in the case where automatic annotation
were used). Inspired by (B21) where a motion analysis based video summarization technique
using an optical flow has been presented, we use optical flow (OF) to down-sample our videos.

For this purpose, we exploit the Horn-Schunck method to estimate the movement in video
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Algorithm 1: Calculate angles and distances
(I) INPUT: video__sequence, method, bool;

(IT) if method = 'Manual’ then
Use optical flow to extract significant frames;

Use key frames to down-sample the video;
Manually annotate head and calculate the centroid H;
Manually annotate body and calculate the center hip B;

else if method = ’Automatic’ then
1 - Extract feature maps;

2 - Predict 2D confidence maps of body part locations;

3 - Predict 2D vector fields of part affinities that describe the degree of
association between body parts;

4 - Produce 2D key-points for humans in the scene;

5 - Get locations of the point head;

6 - Use the locations of right knee, and left knee points to calculate the center hip
of the body;

else

‘ print(’Available methods are Manual or Automatic’);
end

(IT1) for frame in video_sequence do
Create point C with Xc¢ > Xb (for example Xb+50) and Yc = Yb;
Create vectors U and V ;
Calculate angle between vectors U and V using the cosine law ;

Calculate distance between vectors U and V ;

Save frame, angle, distance;

end

sequences. Especially, we observed that falls, in general, occur fast and, therefore, can be
characterized by a significant motion change among frames. Accordingly, we keep track
only of those frames that bear important motion change and construct a re-sampled video
sequence using these frames, with a rate of 25 frames per second. It is to note that the new
re-sampled videos contain fewer frames than the original videos. For example, a video of
1607 frames is reduced to 578 frames, while another video of 1283 frames is downsampled
to 583 frames. The downsampling rate is variable and depends on the mean values of the
optical flow components of each video. More specifically, to automate this downsampling
process, we first estimate the optical flow among all the frames using the Horn-Schunck
method that consists in resolving the constraint: I,.u + I,.v + I; = 0. Where I, I, I; are
the spatiotemporal image brightness derivatives, while v and v correspond to the horizontal

and the vertical optical flow components, respectively. Then, we calculate the mean of both
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horizontal (V) and vertical (Vy) components of the optical flow, which we call meanVz and
meanVy, respectively. Subsequently, the mean squared normalized error performance (MSE)
is computed to estimate the similarity between the horizontal\vertical components of optical
flow of each frame and the mean value of horizontal and vertical components of optical flow,
respectively (similarityVa and similarity Vy). “(@)” demonstrates how to calculate such
similarity using the MSE values.
1 F
similarityV z; = B ];(Vzi(p) — meanV z)? (6.1)

Where z refers to either x or y component. P refers to the pixels of the frame, while ¢
corresponds to its index and p stands for a particular pixel of the frame 7. Frames that have a
similarity similarity Vz; (resp. similarity Vy;) above or equal their mean similarity meanSim Vz
(resp. meanSimVy) are preserved while others are removed. The mean similarity meanSim Vx
(resp. meanSimVy) is computed as the average similarity similarity Vr; (resp. similarity Vy;)
across all the frames. This process constructs the re-sampled videos. Besides, the maintained

7

frames should respect the conditions given by “(@)

{szmzlamtnyi >= meanSsz:C} (6.2)

stmilarityVy; >= meanSimVy
This re-sampling process (see Algorithm. E) reduces the number of frames of each video
to less than half of the original number of frames of the given video, which, in turn, facilitates

the subsequent task of manual annotation.

6.3.2 Step 2: Body and head annotations

Once the videos are re-sampled, and since our work uses features extracted from the body ge-
ometry, we describe below the manual and automatic annotation of individual’s head position

and body part in each video frame.

6.3.2.1 Manual annotation

The annotation of each frame contains the frame’s index, the localization of the head part
in the video frame in terms of the approximated bounding box (according to human visual
perception capability), and the coordinates of the head centroid (approximated by the center
of the bounding box). Similarly, to annotate the human body part in the video frame, discrete
points are manually assigned over the contour of the body with the help of online annotation
tool, which is then used to estimate its centroid that corresponds to the center hip. Fig. @ Q
and Fig. @ illustrate the manual annotation of the body and the head part. The blue
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Algorithm 2: Down-sampling videos
(I) INPUT: video__sequence, method, bool;
framex = {}, framey = {};

for frame in video__sequence do
Estimate optical flow;
Calculate horizontal and vertical components Vx and Vy ;
VxFrames(frame,:,:) = Vx;
VyFrames(frame,:,:) = Vy;
end
Calculate mean(VxFrames) and mean(VyFrames);
for frame in video__sequence do
similarity Vx(frame) = mse (VxFrames,Vx);
similarity Vy(frame) = mse (VyFrames, Vy);
end
Calculate mean(similarityVx) and mean(similarity Vy);
for frame in video__sequence do
if similarity Ve(frame) >= mean(similarityVz) & similarity Vy(frame) >=
mean(similarity Vy) then
‘ framex.append(frame);

frames = unique(framex,framey, ’sorted’);

end

point corresponds to an estimation of the center hip of the body in (a) and the centroid of
the head in (b). The samples were taken from the Le2i dataset. The maintained frames
from the previous re-sampling process are used here to annotate the video sequences. The
shapes surrounding the head and the body are drawn manually and their centroids are then

calculated.

6.3.2.2 Automatic annotation

For the automatic annotation, we used a pose estimation model that relies on the pre-trained
Caffe model, which won the CoCo keypoints challenge in 2016 (322). The position and orien-
tation of the human body are tracked across frames by detecting keypoints that correspond
to important parts of the body and localizing individual’s major joints. More specifically,
the pre-trained model was trained on the multi-person dataset MPII (323) that produces 15
points as illustrated in Fig. @ B and outputs the confidence score and affinity maps. The
detection of the keypoints proceeds in three stages. First, the image inputs are fed to ten
first layers of a VGG network to extract feature maps. Next, a 2-branch multi-stage CNN

is implemented where 2D confidence maps of body part locations and 2D vector fields of
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Figure 6.4: Samples from the Le2i FD dataset representing: First row - the manual annotation of a) the center
hip of the body and b) the head; Second row - the points produced using the pre-trained model trained on the
multi-person dataset MPII (automatic annotation).

part affinities that describe the degree of association between different parts are predicted
in the first and second branch, respectively. Finally, the 2D keypoints for human bodies in
the scene are produced by parsing both confidence and affinity maps using greedy inference.
Once we get the locations of the key points at each frame of the video, we focus only on 3
points: head, right knee, and left knee. The point head is used to localize the head while
the two other points are used to calculate the center hip of the body. Note that the pose
estimation is used to determine the localization of the head and the center hip of the body

only and not for the feature extraction.

6.3.2.3 Angle and distance calculus

The head centroid and the center hip of the body are used to calculate their associated
distance v and the angle o between the vector U and the vector formed by the horizontal
axis corresponding to the z coordinate of the center hip called V.

For the angle calculus, we can compute its cosine value and deduce the corresponding
angle. The cosine is computed using the law of cosines, and the FEuclidean norm is used to
calculate the magnitude of vectors. (@) ” highlights the process of calculating the cosine of
the angle a. (‘7 — ﬁ) refers to the vector between the head centroid and the axis point C

and HYH is the Euclidean norm of the vector )_() .

cos(a) = _ H(7 _ ﬁ)H2 i HﬁHQ i H7H2
2 |[7]|-[V]

We, therefore, calculate the distance between the head and the center hip of the body

(6.3)

(magnitude of the vector ﬁ) among all the video frames using the Euclidean norm for both
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manual and automatic annotations as shown by @

HﬁH =d(B,H) = /(v — 21)% + (yp — yn)? (6.4)

6.3.3 Step 3: Feature extraction

As illustrated in Fig. @, we discern two scenarios depending whether macro-images have been
used to infer feature vectors or not. More specifically, in the first scenario, we construct our
feature vectors by concatenating angles and distances, while in the second scenario, we create
macro image features using angles and distances. Besides, the angles and the distances are
calculated between the vectors U (white vector in Fig. @) and V (yellow vector in Fig. @)
among all frames of the re-sampled videos. The details of both scenarios are provided in the

subsequent subsections.

6.3.3.1 Padding feature vector

2

In the first scenario, each video is characterized by the feature vector illustrated by “(@) ,

where 7 is the index of the video frame.

V =A{[1,a1,m], 2, a2,7], [3, a3, ][4, i, il } (6.5)

Since the video sequences do not contain the same number of frames, these feature vectors
are of different lengths and could not be fed directly to the classifier which requires fixed
input size. For that, we perform a padding strategy (see the first ’if padding’ block from
Algorithm. E) that allows us to enforce the same vector size whose length is set to the
maximum value of all vectors’ lengths. Therefore, each vector is extended to the new length by
adding new value to its beginning. Besides, to avoid random allocation, the new components
resulting from the feature vector augmentation are assigned ’angles and distance’ values
corresponding to the first frame. This is due to the fact that augmenting the feature vector
by duplicating the features of the first frame, which actually encodes the ongoing action in
the first fame, cannot alter the actions performed by the individual in other frames. Feature
vectors are then fed to an LSTM classifier for FD. Besides, features obtained from both
manual and automatic annotations are considered and proceeded in the same manner. To

illustrate this process, let us consider a video M characterized by:

M ={[1,01,7],[2,a2,72], [3, a3,73] . . . [, a, Y |}

Let us refer to the total number of frames by K and the maximum value of all video lengths
by Maz, where K <= Maz. We add (Maz-K) elements of value [a1,71] at the beginning of

M, so the vector M becomes:
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M = {[1’051”)/1]7 [270[17/71]7" ) [Mam - K7 al?VlL
[1+ Maz — K,a1,m][2+ Maz — K, az, 7],
[3+MQ$—K,O¢3,")/3] [K7OZK7’YK]}

Algorithm 3: Padding and classification

(I) INPUT: Feature_sequences, padding, maxSequence;

(II) if padding then

for sequence in Feature_sequences do

Features = Feature__sequences(sequence);

firstFrame = Features(1,:);

if length(Features) < mazSequence then

remainingFrames = maxSequence - length(Features);

newFeatures = zeros(remainingFrames,3);

for i in remainingFrames do
newFeatures(i,:) = firstFrame ;

end

newFeatures = [newFeatures,Features|;

Save newFeatures;
end
Prepare training and testing sets from newFeatures;
Classify with LSTM;
else
for sequence in Feature _sequences do
Features = Feature__sequences(sequence);
Concatenate (Features(1,:),Features(2,:),Features(3,:)) to create new image;
end
Prepare training and testing sets from new images;
Transfert learning to extract features from these images;

Classify with SVM or TCN;

end

6.3.3.2 Macro-Image feature

Similarly, in the second scenario, we concatenate the angles and the distances to construct
the set of macro images (RGB images). The newly created RGB image for the video sequence

V is thereby constructed using the following feature vector:
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Figure 6.5: Our padding strategy followed by the feature extraction process and classification
step. In the first scenario, the angles and the distances of the first frame are used to fill out the
empty elements of the (augmented) feature vectors, which are then fed to an LSTM classifier. In
the second scenario, the angles and the distances are used to create images which are fed firstly
to a pre-trained model to extract significant features and, then used to train an SVM classifier.

V= {[1, al/ﬂ]} /2’04%72/} [3,&3,’73/ [i;ai;'yi/}

Where values of ¢ build the first channel, «; build the second channel, while +; make up
the third channel.

Each video sequence is therefore characterized by an image from the macro images set.
Accordingly, the macro image encodes the angle sequences and the distance sequences taking
into account the temporal aspect of the video illustrated by the first channel (the video
frames). This set of images is constructed using features extracted from ’angles and distances’

using both manual and automatic annotations. Fig. @ illustrates step 3 and step 4.

6.3.4 Step 4: Classification

We train a Long-short-term memory (LSTM) network using the sequence of both angles and
distances in the first scenario to detect fall and non-fall cases. Besides, to make the learning
faster, we construct our LSTM model using a bi-LSTM layer that allows us to access data in
both forward and reverse directions. Fig. @ highlights our LSTM architecture.

To detect falls in the second scenario, we extract distinctive features from our set of feature
images using a pre-trained model. In our approach, we use activations of the Resnet50 and
the AlexNet networks as our features. Then, we feed them to a two-class SVM classifier to

distinguish between falls and daily life activities.
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Figure 6.7: The TCN architecture () used for classifying falls using our calculated angles and distances as

input sequences.

Furthermore, we train a TCN classifier (as illustrated by Fig. @) to distinguish between
falls and no falls activities from our newly created feature images. For the TCN architecture,
we use 20 filters in the convolutional layers with a kernel size of 6 for each. Also, one stack of
residual block is used in addition to a dropout rate of 0.05, a 'Relu’ activation function and

the batch normalization is exploited.

6.4 Experimental Results and Discussion

Fall is a kind of unpredictable action that occurs infrequently. Due to the rarity of the
occurrence of falls, most existing FD datasets are set up by simulated fall data. The lack
of such benchmark datasets and real fall data makes the evaluation process of FD systems
hard and less convincing. We evaluate our approach on the publicly available Le2i FD (@)
and the UR FD (@) datasets. In the subsequent section, we present these two datasets
and the evaluation metrics employed to evaluate our proposal’s performance and, finally, the

experimental results we obtained.

6.4.1 Experimental setup

We first evaluate the results obtained from our SVM and LSTM models trained on our
extracted features. Next, we evaluate the features extracted from our constructed images
using the Resnet50 model to those extracted using the AlexNet model. Then, we provide

results of FD using automatic annotation of the head and the center hip of the body. In
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addition, we evaluated the performance of the TCN network on both; extracted features and
our created feature images. Finally, we perform a cross-dataset evaluation of our FD system
using the Le2i and the UR FD datasets for training and testing respectively and vice-versa.

To be able to compare our work to previous works on the same datasets and in the same
way as (287), we apply a k-fold cross-validation to our LSTM and SVM models with k=5.
The UR FD and the Le2i datasets were randomly split into five equal size subsets. At each
iteration of the five iterations, we compose the training and testing sets with four subsets
and one set. We use a data augmentation process to transform training and test sets with
an optional pre-processing stage such as resizing, which helped us to resize the images of the
data-store to make them compatible with the input size of the pre-trained model. Therefore,
at each epoch, the training set is modified slightly to get a better result and avoid overfitting.
The results are computed across the combination of all the iterations.

We calculate the Recall (or sensitivity), Precision, Specificity, Accuracy, and F1__measure
for each configuration of features. We calculate the false positive rate as FPR = 1 —

speci ficity and the false negative rate as FNR = 1 — recall.

6.4.2 Datasets

The Le2i fall detection dataset contains 221 videos of 131 falls and 90 daily life activities
(ADL). The different activities are recorded by a single fixed camera with a frame rate of
25 frames/s and a resolution of 320x240 pixels. All the activities are simulated by several
actors and are gathered at four different locations: Home, Office, Coffee room and Lecture
room. The dataset illustrates many difficulties of realistic video sequences of an elderly home
or office such as variable illumination and occlusion. The manual annotations of 191 videos
were given, with extra information representing the ground-truth of the fall position and the
localization of the body in the image sequence. Table El! gives detailed information of this

dataset.

Table 6.1: Le2i Fall Detection Dataset information

Le2i Fall Detection Dataset
Locations Home, Office, Lecture room, Coffee room
Number of fall videos 192
Number of ADL videos 57
Segment length 30 s — 4 mins
Type of data Simulated data
Frame rate 25 fps
Acquisition device Single fixed camera
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The UR fall detection dataset contains 70 (30 falls + 40 activities of daily living)
sequences (802). Two Microsoft Kinect cameras were used to record fall events from two
different perspectives where ADL were recorded with only one camera. This results into 60

fall sequences and 40 non-fall activities. Table @ gives detailed information of this dataset.

Table 6.2: UR Fall Detection Dataset information

UR Fall Detection Dataset
perspectives Two perspectives for fall events and one for ADL
Number of fall videos 60
Number of ADL videos 40
Type of data Simulated data
Frame rate 25 fps
Acquisition device Microsoft Kinect camera

6.4.3 Experiment results

6.4.3.1 Evaluation on the Le2i FD dataset

For the Le2i dataset, we achieved a Recall score of 100% for the set of features consisting
of angles and distances and trained on the LSTM network. Beside, the outcomes of LSTM
training are by far better than SVM training on the same feature set. This can be justified
by the high-capacity of the deep learning models to extract significant features and classify
them accordingly.

Table @ illustrates the results obtained for the set of images constructed from (angle
+ distance) with manual annotation using the activations of the Alexnet and the Resnet50
models as well as the results of training SVM and LSTM on these features directly for the
Le2i dataset. Likewise, Table @ summarizes the results obtained for the same set of images
using automatic annotation approach. Notice that LSTM results were found to outperform
those obtained using SVM classifier, and better accuracy, precision and specificity scores
were obtained by applying the TCN to the same set of features. Besides, the best accuracy,
precision, recall, F_score and specificity values (88.9%, 90.0%, 90.0%, 0.90 and 100.0%)
were obtained for features extracted and trained on TCN from images built using (angle +

distance) based features.

6.4.3.2 Evaluation on the UR FD dataset

Similarly, for the UR FD dataset, a recall score of 100% was observed (Table @) when
training LSTM on the set of features consisting of (angle + distance). The recall obtained

for SVM classification of images extracted from our newly created images using the AlexNet
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Table 6.3: Performance results for our FD approach on the Le2i dataset using an AlexNet and a Resnet50
models for feature extraction.

Features H Acc. Precision Recall F__score
Angle+Distance + SVM 0.731 0.842 0.800 0.821
Angle+Distance + LSTM 0.769 0.769 1.000 0.870
Feature images + AlexNet + || 0.885 0.952 0.909 0.931
SVM

Feature images + Resnet50 || 0.962 1.000 0.950 0.974

+ SVM

Table 6.4: Performance results for our FD approach on the Le2i dataset using an AlexNet and a Resnet50

models for feature extraction and pose estimation for automatic annotation.

Features H Acc. Precision Recall F__score Spe.

Angle+Distance  + || 0.659 0.707 0.693 0.700 0.613
SVM

Angle+Distance  + || 0.765 0.760 0.877 0.814 0.604
LSTM

Angle+Distance  + || 0.778 0.777 0.780 0.777 0.618
TCN

Feature images + || 0.774 0.798 0.824 0.811 0.703
AlexNet + SVM

Feature images + || 0.807 0.835 0.835 0.835 0.766
Resnet50 + SVM

Feature images -+ || 0.889 0.900 0.900 0.900 1.000
TCN

activations as features was better than the one obtained from the Resnet50 activations for
our set of features (angles+distances). However, the accuracy and the precision values were
higher when using the Resnet50 activations. Table @ illustrates the results of the evaluation
of our FD method on the UR FD dataset using pose estimation for automatic annotations of
the head and the center hip of the body. We can notice from this table almost the same trend
of outcomes as in the previous tables. Training LSTM was mostly performing better than
training an SVM classifier on the features directly and TCN yields better results than SVM
and LSTM in terms of Precision, Accuracy and F1 scores. Furthermore, activations of the
Resnet50 provided more significant features than activations of the AlexNet. Hence classifying
falls and ADLs using the newly constructed images and Resnet50 extracted features, trained
on the SVM model yielded the best in terms of accuracy, precision, recall and F__score (98.6%,
100%, 97,6% and 0.988 respectively). The preceding employs the (angles and distances)
features extracted using pose estimation for the automatic annotation of the head and the
center hip of the body. However, the TCN network trained on our newly constructed images

did not perform better than the SVM classifier as for the Le2i dataset. This can be justified
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Table 6.5: Performance results for our FD approach on the UR FD dataset using an AlexNet and a Resnet50
models for feature extraction.

Features H Acc. Precision Recall F__score
Angle+Distance + SVM 0.850 0.818 0.900 0.857
Angle+Distance + LSTM 0.850 0.800 1.000 0.889
Feature images + AlexNet + || 0.920 0.923 0.923 0.923
SVM

Feature images + Resnet50 || 0.960 1.000 0.900 0.947

+ SVM

Table 6.6: Performance results for our FD approach on the UR FD dataset using an AlexNet and a Resnet50
models for feature extraction and pose estimation for automatic annotation.

Features H Acc. Precision Recall F__score Spe.
Angle+Distance  + || 0.863 0.930 0.833 0.879 0.906
SVM

Angle+Distance  + || 0.890 0.866 0.967 0.914 0.775
LSTM

Angle+Distance  + || 0.950 0.971 0.875 0.913 0.869
TCN

Feature images 4 || 0.971 0.976 0.976 0.976 0.964
AlexNet + SVM

Feature images + || 0.986 1.000 0.976 0.988 1.000
Resnet50 + SVM

Feature images + || 0.850 0.852 0.833 0.842 0.920
TCN

by the fact that the TCN model requires more data for training to get better results whereas

the UR FD dataset is a very small dataset.

6.4.3.3 Evaluation on the cross dataset

On the other hand, since our features consist of angles, distances and the generated images,
a cross-dataset evaluation could be performed to estimate our FD system performances on
large scale dataset. Sequences of angles and distances between the head and the center hip
of the body do not contain any information which may be specific to the dataset such as
illumination, actors, their clothing, background,...etc. So, the data from both datasets could
be fused to construct a larger dataset for FD. Therefore, we compared the results of using
the Le2i dataset for training which contains more video sequences and the UR FD dataset for
testing and vice-versa. Table @ outlines our findings using this cross-dataset evaluation for
which we report results in terms of accuracy, precision, recall, F__score and specificity. One
notices that the best results were mainly obtained by training TCN on features extracted

from our newly created images using both angles and distances, in the first cross-dataset and
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Table 6.7: Performance results for our FD approach using the Le2i dataset for training and the UR FD dataset

for testing (cross dataset 1) and its reciprocal (cross dataset 2) with pose estimation for automatic annotation.

Features H Acc. ‘ Precision ‘ Recall F__score Spe.

Cross Dataset 1

Angle+Distance  + || 0.760 0.725 0.966 0.828 0.450
LSTM

Angle+Distance  + || 0.662 0.671 0.596 0.578 0.414
TCN

Feature images + || 0.810 0.833 0.846 0.839 0.758
Resnet50 + SVM

Feature images + || 0.820 0.821 0.900 0.859 0.847
TCN

Cross Dataset 2

Angle+Distance  + || 0.683 0.763 0.669 0.712 0.703
LSTM

Angle+Distance  + || 0.670 0.735 0.596 0.566 0.714
TCN

Feature images + || 0.960 0.952 0.983 0.967 0.925
Resnet50 + SVM

Feature images + || 0.824 0.811 0.865 0.837 0.934
TCN

by training SVM on features extracted from the same set of images using Resnet50 activations
in the second cross-dataset. Also, using the UR FD dataset for training and Le2i for testing
was giving better results than the reverse operation. This indicates that testing on many
samples is essential to achieve high performance results.

From the results reported in Tables @ and @, we can see that using the TCN classifier
for FD gave us promising results as well. Also, values of FPR and FNR (see Table @)
using the TCN classifier are low which testify of the reliability and robustness of our chosen
features. However, we observe that SVM-based classifier yields relatively better performances
for the Le2i dataset and the cross-dataset 1, which can be explained by the fact that the deep
learning networks require large dataset for training while existing FD datasets were relatively
small in scale, imbalanced and contain only few fall data. Especially, SVM was able to depict
falls from non-falls activities more efficiently than the TCN model in the UR FD dataset and
the cross-dataset 2.

Similarly, we observe from Table @ and Table @ that using the new images gave us
better results than directly feeding the features vectors to our LSTM and SVM models. The
results were by far improved by creating these images and extracting significant features from
them using pre-trained models. Similarly, the false negative rate FNR and the false positive
FPR rate were low. Therefore, the probabilities that a false alarm will be raised or that a fall

will be missed by our system were low as well. This demonstrates the reliability of our system.
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Table 6.8: Performance results in terms of False negative and false positive rates for our FD approach for the
Le2i, UR FD and cross datasets (Cross dataset 1 refers to using the Le2i dataset for training and the UR FD for
testing while Cross dataset 2 refers to its reverse operation) with pose estimation for automatic annotation.

Features | FPR. FNR.
Le2i Dataset
Angles + Distances + LSTM 0.396 0.123
Angles 4 Distances + TCN 0.382 0.220
Images from Angles + Alexnet + SVM 0.156 0.132
Images from Angles 4+ Distances + TCN 0.000 0.100
UR FD dataset
Angles + Distances + LSTM 0.225 0.033
Angles 4 Distances + TCN 0.131 0.125
Images from (Angles + Distances) + Alexnet + SVM 0.000 0.024
Images from Angles 4+ Distances + TCN 0.080 0.167
Cross dataset 1
Angles 4+ Distances + LSTM 0.297 0.331
Angles 4+ Distances + TCN 0.586 0.404
Images from Angles + Resnet50 + SVM 0.025 0.033
Images from Angles + Distances + TCN 0.153 0.100
Cross dataset 2
Angles 4 Distances + LSTM 0.550 0.034
Angles 4+ Distances + TCN 0.286 0.404
Images from Angles + Resnet50 + SVM 0.209 0.169
Images from Angles + Distances + TCN 0.066 0.135

Table 6.9: Comparison between performance results (in %) of our FD approach with other existing approaches

on the Le2i dataset and the UR FD dataset

Approaches Le2i FD dataset UR FD dataset

Acc. | Precision ‘ Recall ‘ F_score | Acc. | Precision ‘ Recall ‘ F__score
Combined curvlets + || 97.02 | - 98.00 - 96.88 | - - -
HMM (B25)
OF + CNN (287) 97.00 | - 93.60 - 95.00 | - 100 -
Dual-channel feature 96.91 | 97.65 96.51 97.08 97.33 | 97.78 97.78 97.78
integration based FD
(B26)
SVC (B27) 98.00 | 97.00 97.20 97.10 99.6 | 95.00 97.00 96.00
ours: Angle + Dis- 96.20 | 100 95.00 97.40 96.00 | 100 90.00 94.70
tance + Resnet50
+ SVM
ours: Angle + 76.90 | 81.80 90.00 85.70 95.00 | 100 91.70 95.70
AlexNet + SVM
ours: Angle + Dis- 76.90 | 76.90 100 87.00 85.00 | 80.00 100 88.90
tance + LSTM

The corresponding values of FPR and FNR were reported in Table @ We demonstrate in

Table @ that using the TCN model on the feature images relatively decreased the values of
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the FPR and FNR scores compared to those obtained when feature set (angles and distances)
were employed.

We compared our results with (287, B26, 327) and (B25) since we used the same evaluation
protocol and the same metrics. However, we acknowledged the difficulty in performing a
reliable comparison with other state-of-art works because of the lack of detailed pre-processing
pipeline in many published works in this field. Table @ illustrates our results versus the
results obtained by (287, B26, B27) and (825) on the Le2i dataset and UR FD dataset, where
we present different variants of our approach. We can see from this table that our results are
comparable to the aforementioned state-of-the-art results. In addition, we obtained better
results in terms of precision and recall which are more significant and reliable when evaluating
an imbalanced dataset than accuracy and F1 score. However, our approach is independent on
the background and illumination changes, unlike (287) that used optical flow and (325) which
combined SVM with hidden Markov models to handle such effects. Both models depend on

the RGB videos and can be influenced by illumination or occlusion.

6.4.4 Ablation study

In order to further motivate the proposed architecture, we conducted a two-stages ablation
study. In the first phase, we performed a feature ablation study by removing one feature
(the distance between the head and the center hip of the body). We therefore investigated
the influence of this feature on the FD by comparing the results with different configurations
of classifiers and data. In the second phase, we performed hyper-parameters ablation study
for both SVM and LSTM classifiers employed in our model architecture. In the first phase,
for the Le2i dataset, we achieved a Recall score of 100% using angles only. Similar recall
score is achieved when (angle + distance) features, trained on the LSTM network, were used.
In addition to the best sensitivity of 100% achieved for SVM trained on features extracted
with Resnet50 from images built using angles only, the performance in terms of accuracy,
precision and F1 score evaluations were quite high, in the same performance-level as that
obtained with image features constructed from (angle + distance). Moreover, it is clear from
Tables @ and that the results obtained from LSTM trained on angle and distance
features are higher than the results obtained from angle features only in terms of accuracy,
precision and F__score. Beside, the outcomes of training LSTM on both sets of features are
by far better than training SVM on the same feature sets. In addition, we can see that the
results obtained from the images constructed from angles and distances are better than those
constructed from angles only when using either Resnet50 or Alexnet. Similar trend holds
in the automatic annotation when using Resnet50 where images constructed using (angle +

distance) features yielded better results than those obtained from angle-only feature images.
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Table 6.10: Performance results for our FD approach on the Le2i dataset using a feature ablation study.

Features H Acc. ‘ Precision ‘ Recall ‘ F__score ‘ Spe. ‘
Manual annotation
Angle + SVM 0.692 0.875 0.700 0.778 0.593
Angle + LSTM 0.731 0.731 1.000 0.845 0.674
Feature images + AlexNet + SVM 0.769 0.818 0.900 0.857 0.786
Feature images + Resnet50 + SVM 0.962 0.952 1.000 0.975 0.915
Automatic annotation with pose estimation
Angle + SVM 0.602 0.660 0.673 0.666 0.500
Angle + LSTM 0.633 0.640 0.862 0.735 0.308
Angle + TCN 0.822 0.824 0.815 0.818 0.397
Feature images + AlexNet + SVM 0.858 0.888 0.868 0.878 0.844
Feature images + Resnet50 + SVM 0.787 0.837 0.791 0.813 0.781
Feature images + TCN 0.844 0.870 0.860 0.865 1.000

However, the opposite trend is noticed when using Alexnet where the use of angle only feature-
constructed images yields better result than (angle 4 distance) feature together with SVM
classifier. Similarly, for the UR FD dataset, a recall score of 100% was observed (Table )
when training LSTM on the set of features composed of angles only. The recall obtained
for SVM classification of images extracted from our newly created images using the AlexNet
activation based features was better than the one obtained from the Resnet50 activations for
both sets of features (angle only, angle+distance). Moreover, from the results reported in
Tables @ and , we can see that exploiting distances in addition to angles increased the
performance of our results on all datasets as compared to the case when angles alone were
used. Again, the TCN model yielded better performance than the SVM and LSTM for the
set of features composed of angles only for both datasets, except for the recall which was
better using the LSTM.

In overall, the results of training LSTM and SVM on features composed of ’angle +
distance’ were generally better than those trained only on angles.

In the subsequent task, we performed a random search for the SVM hyper-parameters
optimization where we fine-tune the most important hyper-parameters such as the kernel
type and penalty value. The kernel types we considered are: linear, polynomial, RBF and
sigmoid. Whereas, a log scale in the range of [10, 1.0, 0.1, 0.001] were considered for penalty
value parameter. We observed that the best recall and precision values were obtained for
a polynomial kernel and a penalty value of 1.0. Figure. @ illustrates recall and precision
values for different kernel types and penalty values for the Le2i dataset and feature images
inferred from Resnet50 network.

Similarly, we performed a hyper-parameters ablation study for the LSTM model. We

considered for this study the number of epochs, number of neurons and the batch size,
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Table 6.11: Performance results for our FD approach on the UR FD dataset using a feature ablation study.

Features H Acc. ‘ Precision ‘ Recall ‘ F__score ‘ Spe. ‘
Manual annotation
Angle + SVM 0.700 0.727 0.727 0.727 0.654
Angle + LSTM 0.600 0.579 1.000 0.734 0.632
Feature images + AlexNet + SVM 0.950 1.000 0.917 0.957 0.789
Feature images + Resnet50 + SVM 0.960 1.000 0.833 0.907 0.876
Automatic annotation with pose estimation
Angle + SVM 0.600 0.667 0.638 0.652 0.545
Angle + LSTM 0.730 0.704 0.950 0.809 0.400
Angle + TCN 0.950 0.971 0.900 0.934 0.552
Feature images + AlexNet + SVM 0.929 0.930 0.952 0.941 0.893
Feature images + Resnet50 + SVM 0.971 0.976 0.976 0.976 0.964
Feature images + TCN 0.700 0.744 0.779 0.761 0.916

Table 6.12: Performance results for the feature ablation study on the cross dataset 1 and its reciprocal (cross

dataset 2) with pose estimation for automatic annotation.

’ Features H Acc. ‘ Precision ‘ Recall ‘ F__score ‘ Spe. ‘

Cross dataset 1

Angle + LSTM 0.670 0.671 0.833 0.788 0.350

Angle + TCN 0.660 0.819 0.575 0.520 0.457

Feature images + Resnet50 + SVM 0.815 0.850 0.831 0.840 0.791

Feature images + TCN 0.710 0.698 0.696 0.697 0.596
Cross dataset 2

Angle + LSTM 0.624 0.631 0.869 0.731 0.280

Angle + TCN 0.654 0.797 0.647 0.714 0.354

Feature images + Resnet50 + SVM 0.970 0.983 0.967 0.975 0.975

Feature images + TCN 0.801 0.754 0.724 0.739 0.924

where their respective ranges are (10,50,100); (600,1000) and (32,64,128), respectively. Best
results of recall and precision were found for a batch size of 64, 10 epochs and 600 neurons
as illustrated in Fig. @ for the UR FD dataset and features extracted after automatic

annotation.

6.4.5 Discussion

Our prediction model yields higher recall values than specificity values in most cases, which
attests that our approach allowed us to better classify positive cases over negative cases.
From another point of view, a false positive may be followed with a needless action, while
a false negative would not get the necessary attention (as shown in Figs. and ,
respectively), which can potentially yield dangerous situations. Also, precision was in most
cases higher than recall evaluation, suggesting a higher number of false negatives than false

positives. Typically, false alarms were detected when an actor bends down and then lies
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Figure 6.8: Optimization of our SVM hyper-parameters using Random search. a) represents optimization of

the precision whereas b) the recall.
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(c)

Figure 6.10: Samples from the Le2i FD dataset representing (a) Changes of the angle values across frames
for a falling posture (b) False positive situation where a lying down posture is detected as a fall (c) False negative
situation where a falling posture is miss detected.

down on the floor or bends down to grab something. We can see from Fig. that a
fall event could be detected by observing the sequence of angles defined above across frames.
The angle value decreases to reach 0° or increases to reach 180° when a person is falling.
However, Fig. illustrates a false positive situation where the lying posture was detected
as a fall since the angle value is getting closer to 0° which may lead to triggering an alarm
for a 'no fall’ event. Fig. demonstrates a false negative situation where the fall was
miss-detected since the value of the angle was close to 90° even after the fall occurred. This
kind of situation may put the falling person in danger and deprive him from getting accurate
assistance.

Vision-based FD, as a particular domain in the vision-based human activity recognition
area could also be influenced by the various issues that may affect the effectiveness of these
systems. Beddiar et al. (@), and Ezatzadeh et al. () presented an overview of many
limitations and challenges that we have to cope with to provide efficient and reliable human
activity recognition and FD systems. Especially, occlusion and overlapping of different people
present in the monitored environment are among the major problems to FD systems, since
different objects or people may be placed between the camera and the subject. To overcome
this problem, researchers proposed to use multiple cameras; although, this requires to put

forward mechanisms for reconciling the various views of the same subject. The field view of
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the camera is another important issue in FD, because the subject moves around and could
be lost by the current camera view, and if a fall occurred at that stage, then it will likely
be miss-detected. Furthermore, people do not like to be watched or recorded, so privacy and
intimacy issues are among other handicaps for use of such systems. Other challenges specific
to FD are discussed in (328). Gathering a large realistic, multi-view dataset is still the main
challenge which is not yet possible due to privacy issues and rarity of occurrence of falls in
monitored scenes. Therefore, falls and daily living activities recorded in the mostly used
datasets were simulated by healthy adults and not by the elderly or patients at risk of falling.
Likewise many other state-of-the-art studies, this is a crucial limitation of our current work
since simulated data do not accurately reflect real fall situations. For instance, geometry of
the body could be altered when trying to simulate a fall, which may affect the performance
of our proposed FD algorithm. Besides, our work and most of the current systems are not
able to distinguish between fall, sudden sitting down, lying or crouching down as in sport
activities for instance. From a computational perspective, to be efficient enough, FD systems
should reduce the time it takes to alert caregivers to provide immediate support to the elderly.
So minimizing computational complexity when developing real-time systems is required to
avoid serious consequences of falling. Another aspect of interest to rehabilitation community
but not considered by our study is related to the type of fall that has been identified. For
instance, Putra et al. (B29) divided falls into a broader set of categories; namely, forward,
backward, left-side, right-side, blinded-forward, and blinded-backward. The direction the
individual takes whilst falling, the duration of the fall, prior activities to the fall as well as
the age and physical conditions of the individual are all other important aspects to devise
appropriate rehabilitation strategy. Strictly speaking, our method was not designed to tackle
such rehabilitation challenges, but our algorithms could provide a baseline to develop new
methods to get better performance in future developments. This also calls for appropriate

large scale dataset if one wants to take rehabilitation purpose in mind.

6.5 Conclusion and Future Directions

We presented in this paper an effective vision-based approach for FD based on new macro
features and machine learning based methodology which extends our previous contribution
(85). Our approach allowed us to construct RGB images of calculated angles and distances
between the head, the center hip of the target subjects and the horizontal axis passing through
the center hip. Both manual and automatic annotations of the geometrical locations of the
head and the center hip of the body were contrasted. The automatic annotation makes use
of pose estimation algorithm. These constructed sets of (macro) images constitute our dis-

tinctive features for the FD task. Next, SVM, TCN and LSTM classifiers were used along
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with a pre-trained model to classify the created images into falls and daily life activities.
We also compared the features extracted using both the Resnet50 and the Alexnet models.
For the testing purpose, we used the Le2i dataset and the UR FD dataset to evaluate our
approach’s performance utilizing the accuracy, precision, recall, specificity and F__score eval-
uation metrics. Experimental results showed that the performances of our proposed approach
are comparable to that of the state-of-the-art FD methods. However, some limitations are
also noticed. For instance, it will be desirable to improve the approach to distinguish between
lying and falling postures. Besides, in the future, we would also like to improve the automatic
annotations of the head and the body center hip positioning of the individuals from video se-
quences. On the other hand, there is a room for improvement in the training pipeline through
a better selection of training samples inputted to our SVM, TCN and LSTM classifiers and
better optimization of the LSTM parameters. For instance, we have noticed the prospect of
performing a cross-view evaluation to investigate the method’s performance. Also, it would
be interesting to explore an extensive real-world fall database that could provide a realistic
understanding of the fall process for evaluating FD performance. A complete understanding
of neuro-psychological factors related to the risk of falling and the relationships between them
will undoubtedly help researchers compile a more comprehensive profile of individuals at high
risk of falling. Furthermore, trying to predict fall before its occurrence could have significant
applications. One trivial use is to trigger a fall alarm to enable caregiver to provide timely
help to the victim. It can also allow us to initiate some protection mechanisms to decrease
the impact of the fall injuries. For that, keeping tracks of the subject’s biological parameters

and its fall history by the FD system may be beneficial.
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Summary

In this thesis, we presented two main methods for vision-based human action recognition and
fall detection for elderly monitoring. Our proposals were evaluated using different benchmark
datasets and experiments demonstrated that our results outperformed the state-of-the-art
methods. In this chapter, we conclude our work by pointing out key contributions, research
methodology, validation methodology and software/hardware tools. We discuss at the end,
the limitations to our methods as well as some perspectives and future works.

In general, this thesis could mainly be partitioned into two parts: The first part includes
an overview on vision-based human activity recognition and a related literature review. It
aimed at introducing, investigating and analysing in depth the HAR domain. In a first
chapter, we deeply explored the HAR related concepts before reviewing and focusing in the
second chapter on the existing vision-based HAR techniques. This part allowed us to better
understand the current progress in the HAR field and provided us with a glimpse of the
strengths and limitations of existing methods of the literature. A last chapter of the first
part was devoted to review the fall detection which consists in a particular area of the HAR
domain. This chapter enabled us to extract the limitations related to fall detection systems
and elaborate our contribution in this field. The second part, in the light of previous analysis,
includes our proposed methods to resolve some of the HAR, and fall detection challenges. In
the first chapter, we presented a multi-modal human activity recognition solution based on
deep learning to resolve the challenge of combining multiple modalities to recognize human
actions. Moreover, in the second chapter, we designed a vision-based fall detection approach
based on the body geometry and pose estimation to localize the human body and identify
the performed actions. For both proposals, we evaluated the performance using standard
benchmark datasets to identify their strengths and limitations. In the following, we discuss

the key contributions related to this thesis.
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7.1 Key Contributions

In this section, we discuss the key contributions of this thesis and we demonstrate that

objectives listed in Chapter. @ are realized.

e A comprehensive review of the state-of-the-art techniques of vision-based human activ-
ity recognition was proposed to review and summarize the progress of HAR systems
from the computer vision perspective. The survey (30) aims to provide the reader with
an up to date analysis of the literature related to vision-based HAR and recent progress
in the field. At the same time, it highlights the main challenges and future directions
and helps us to identify the gaps for new contributions. During this study, it is observed
that almost all approaches still suffer from certain limitations. However, we noticed
that deep learning-based approaches are getting more attention nowadays due to the
progress they have made and the promising results in terms of detection and recogni-
tion performance. On the other hand, interactions and group activities recognition are
among prominent research topics since they can provide useful information in many
HAR application fields such as video surveillance, public security, abnormal activity
detection, ..etc. The proposed survey aims as well to realize goals 1 and 2 mentioned

in chapter m

e Abnormal human activity recognition methods were not well covered in the literature
and methods of normal human action recognition were adapted and used. This made
the recognition process inefficient and the results were not really satisfying. Therefore,
we provided a comprehensive overview of the state-of-the-art techniques of vision-based
abnormal human activity recognition to identify limitations and challenges of recogni-
tion of such activities (4, B1l). This helps us to realize goal 3 and to conduct research on
abnormal human action recognition in general and FD in particular. Chapter E reviews

some existing fall detection methods of the literature.

e One of the major challenges of human action recognition is related to the fusion of
multiple modalities. Many techniques in the literature proposed to fuse two modalities
such as RGB with depth or depth with skeleton data but did not mention the fusion of
the three modalities. To tackle this problem, we presented in chapter E a multi-modal
framework for human action recognition by combining RGB, Depth and skeleton data
using canonical correlation analysis as a feature fusion strategy. This contribution (32)
based on a supervised deep learning and a transfer learning technique from pretrained
models, aimed to provide a new representation of human action in video sequences and

helped us to get higher recognition accuracy by realizing objectives 4, 5 and 6. We
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observed that the accuracy was improved by combining the features from each two sets
of images over that using a single modality alone. Fusing the three modalities had as
well improved the recognition accuracy over that using single modalities or pairwise
modalities. Moreover, fusing dynamic depth and skeleton images achieved best results

as they present complementary temporal features.

Fall detection for elderly monitoring has become a very important research field for
health care. It helps to identify or predict the occurrence of falls to improve the elderly
quality of life, enable efficient medical assistance, reduce the falls related damages and
provide them with daily health care. However, the available FD datasets contain sim-
ulated data and are very small. This presents a very challenging issue to using deep
learning based approaches for this task. To overcome this limitation, and benefit from
performances of the deep learning models, we adopted a transfer learning approach from
pre-trained CNN models. We presented in chapter B an efficient method for elderly fall
detection based on a supervised approach. Our proposal (35, 86, B7) relies on the body
geometry and pose estimation to detect the subject, track him and identify occurring
falls using angles and distances between the head and the center hip of the body. We
achieved high recognition accuracy on features extracted from our newly created im-
ages using Resnet50 pretrained model and we outperformed the state-of-the-art results
by significant margin when evaluating on same benchmark datasets. The goal 7 was

fulfilled through this contribution.

We compared our proposals in chapters a and B to existing vision-based human action
recognition and fall detection methods respectively using standard benchmark datasets
such as UTD-MHAD, NTU RGB+D and UR FD. The results outperformed the state-
of-the-art results and achieved higher performances for both proposals as shown in
Table ﬂ, Table @, Table @ and Table @ and this realizes our goal 8 mentioned in
chapter m

7.2 Research Methodology

To achieve the set targets of our thesis, we followed a coherent methodology starting from

identifying limitations of existing approaches to suggesting new techniques and solutions.

In a first step, we analyzed the existing HAR methods and drew a mind map of general

aspects of HAR. This helped us to summarize and categorize the underlying field into main

criteria and conducted us to suggest our survey paper (30). Furthermore, this analysis served

us to suggest new contributions which may resolve some of the limitations and challenges
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Table 7.1: Comparison of our proposed multi-modal HAR method with previous methods on
the UTD-MHAD Dataset.

Method H Accuracy %
Decision Fusion Using LOGP (314) 88.40
Depth + inertial data fusion + CRC classifier (313) 79.10
5-CNN fusion of skeleton images (B15) 95.38
fusion with CCA and KELM (316) 97.91
DI RGB + DI Depth + Skeleton images + LSTM (Ours) 98.88

Table 7.2: Comparison of the proposed multi-modal HAR method with previous methods on
the NTU RGB+D Dataset.

Method H Accuracy %
Deep RNN ([77) 64.09%
Deep LSTM (77) 67.29%
Joint trajectory maps + CNN (B17) 75.20%
Part-aware LSTM ([77) 70.20%
DI RGB + DI Depth + Skeleton images + LSTM (Ours) 75.50%

Table 7.3: Performance comparison of our FD approach results with other existing approaches
on the Le2i dataset

Approaches H Precision ‘ Recall ‘ F_ score
Combined curvlets + HMM (325) - 98.00% -

OF + CNN (87) - 93.60% -
ours: Angle + Distance + Resnet50 + SVM 100% 95.00% | 97.40%
ours: Angle 4+ AlexNet + SVM 81.80% 90.00% | 85.70%
ours: Angle + Distance + LSTM 76.90% 100% 87.00%

Table 7.4: Performance comparison of our FD approach results with other existing approaches
on the UR Fall detection dataset

Approaches H Precision ‘ Recall ‘ F__score
Combined curvlets + HMM (325) - - -

OF + CNN (287) - 100% -
ours: Angle 4+ Distance + Resnet50 + SVM 100% 90.00% | 94.70%
ours: Angle + AlexNet + SVM 100% 91.70% | 95.70%
ours: Angle + Distance + LSTM 80.00% 100% 88.90%
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encountered by the researchers of the HAR field, among which combining different data
modalities to classify various actions which is still demanding. Therefore, the multi modality
fusion challenge was inspected through our paper on Multi-Modal Human Activity Recog-
nition using deep learning (B2), as shown in chapter B For that, we proposed a technique
based on deep learning and transfer learning where we merged RGB, depth and skeleton data
using canonical correlation analysis as a feature fusion strategy. Our results were satisfying
and outperformed the state-of-the-art results on public benchmark datasets.

Afterwards, we scrutinized the abnormal human action detection area which was not
sufficiently covered in the literature as it compromises various challenges. For instance, we
examined the fall detection that consists in a particular area of abnormal human action recog-
nition and reviewed some existing techniques in papers (4, B1, 85, B6, B7). Many applications
related to health care and elderly monitoring were studied to identify the motivations behind
FD systems. This conducted us to suggest new contributions in the field of FD for elderly
monitoring as shown in chapter B Our technique uses body geometry and pose estimation
and is based on deep learning to recognize falls among daily life activities. Again, our results

achieved higher recognition accuracy and were comparable to the state-of-the-art results.

7.3 Validation methodology and software/hardware tools

The validation of an approach is a vital step as we mentioned in chapter E It is used to
confirm that the analytical procedure employed for a specific test is suitable for its intended
use. It has for aim to assess the correctness, the quality, the reliability and the consistency of
the proposed approach by demonstrating that the results are conforming and satisfying the
requirements specified in the methodology. In this thesis, the experimental methodology is
used to evaluate and validate the performance of our proposed methods. We used different
publicly available benchmark datasets for human action recognition and fall detection. In
this regard, to validate the multi-modal human activity recognition proposal, we used the
UTD-MHAD and the NTU-RGB+D datasets and to evaluate the fall detection proposal, we
used the Le2i and the UR FD datasets.

e The UTD-MHAD dataset was collected using a Microsoft Kinect sensor and a wearable
inertial sensor in an indoor environment. It consists of 27 simple actions performed
by 8 subjects four times. The dataset includes a total of 861 data sequences and is
composed of four data modalities: RGB videos, depth videos, skeleton joint positions
and inertial sensor signals. For data synchronization purposes, a time stamp for each

sample was recorded.
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e The NTU RGB+D dataset was collected using three Kinect V2 cameras concurrently.
It contains 56,880 video samples of 60 action classes performed by 40 subjects. Highly
variant camera settings were used to capture four data modalities in three major cate-

gories: daily actions, mutual actions, and medical conditions.

e The Le2i fall detection dataset was collected using a single fixed camera and illustrates
many difficulties of realistic video sequences of an elderly home or office, such as variable
illumination and occlusion. It contains 221 videos of 131 falls, and 90 daily life activities

(ADL) simulated by several actors in four different locations.

o The UR FD dataset was recorded using two Microsoft Kinect cameras from two different
perspectives for fall events and from one single perspective for the ADL. It consists of

70 video sequences of 30 falls and 40 ADLs simulated by different actors.

To implement our algorithms, we used Matlab R2019 and R2020 as base software inline
with python 3.6 and Keras as backend for the deep learning models. Furthermore, we used
an Intel Core i5.3570 CPU with 8GB RAM as hardware and a Google Colaboratory platform
with a hosted runtime and a GPU (Cuda).

7.4 Limitations

Thought our proposed methods in this thesis yielded high performances, they still have some
limitations. We present in this section, some of the limitations and unresolved challenges of
our proposals.

In our survey (B0), we presented an overview of many limitations and challenges that
we have to cope with to provide efficient and reliable human activity recognition. Despite
the promising results of our multi-modal HAR method, it has not completely resolved these
challenges, but our algorithms could provide a baseline to develop new methods to get better
performance in future developments. Our multi-modal method is computationally expensive,
and may not be suitable for real-time applications.

Vision-based fall detection could be affected by several issues that may affect the effec-
tiveness of these systems. Moreover, since fall detection systems are mainly implemented for
monitoring and assistance applications in elderly homes or offices and care centers, occlusion
and overlapping of different people and objects present in the monitored environment are
among the major problems. In our method, we suggest to calculate angles and distances be-
tween the head and the center hip of the subject body among the video frames. So, if objects
or people are placed between the monitored subject and the camera leading to occlusion, this

may influence on the features values. Moreover, The field view is another limitation to our
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proposal because we may lose the subject from the camera when he moves around and if fall
happens in this hidden area, it will be miss-detected. Using multiple cameras can overcome
these two problems, but is also challenging for our system due to issues related to synchro-
nisation and reconstruction of the scene from different views. Another important issue is
related to privacy and intimacy because people do not like to be watched or recorded, which
may interrupt the use of our proposal. Besides, simulated data and lack of large benchmark
datasets is still an open challenge not only to our proposal but to the majority of FD systems.
Simulated data was recorded by healthy adults and do not accurately reflect real falls and
ADLs. Furthermore, current systems are not able yet to distinguish between fall, sudden
sitting down, lying or crouching down that is also the case of our proposal.

As a conclusion, we can say that our developed methodologies are still facing many prob-
lems and require many more research. However, we are very optimistic about the future

works since some issues can be solved soon.

7.5 Future works

As the reader may have noticed through this thesis, we presented in this thesis two main
methods based on machine learning and deep learning algorithms for HAR and FD. Our
algorithms are not specific to a particular field but could be generalized to different contexts.

To enhance the performance of our HAR proposed methodology, it is possible to explore
more fusion strategies at different levels; raw data fusion, feature fusion and decision fusion.
Some data augmentation methods could also be contemplated to enrich the datasets, which
may help to increase the reliability of the deep learning algorithm used for activities classifi-
cation. Besides, we believe there is also a room for further improvement on the recognition
accuracy achieved by NTU RGB+D dataset throughout a more fine-gained optimization of
the parameters of the underlined LSTM model. Extension on multiple views could also aug-
ment the efficiency of our proposal and widen its application field. Besides, transfer learning
was partly used for feature extraction, we wish to extend this for a full transfer learning
technique.

On the other hand, there is a room for improvement of our FD methodology in the
training pipeline through a better selection of training samples inputted to our SVM and
LSTM classifiers and better-optimizing the LSTM parameters. For instance, we have noticed
the prospect of performing a cross-view evaluation to investigate the method’s performance
when different perspectives are studied. Also, it would be interesting to explore an extensive
real-world fall database that could provide an enhanced understanding of the fall process
for evaluating fall detection performance. A complete understanding of neuropsychological

factors related to the risk of falling and the relationships between them will undoubtedly
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help researchers compile a more comprehensive profile of individuals at high risk of falling.
Furthermore, trying to predict fall before its occurrence could have significant applications.
One trivial use is to trigger a fall alarm to provide immediate help to the victim by the
caregivers. It can also allow us to initiate some protection mechanisms to decrease the
impact of the fall injuries. For that keeping tracks of the subject’s biological parameters and
its fall history by the FD system may be beneficial. Besides, in the future, we would also
like to work on ensuring the privacy and intimacy of the monitored subjects by omitting the

RGB images.
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Appendix A

Table A.1: Analysis of some state-of-the-art comprehensive surveys on HAR

Paper Year | Contribution Application | Activities| Body Image | Limitations
field type parts Vs
video

(L0) 2015 | Gesture taxonomies, Different Gestures | Hands Image | Not interested to
hand gesture recognition fields and different activities and
applications and video focuses only on
approaches. gestures.

(22) 2015 | An approach-based Different Different | Different | Image | Follows a specific
taxonomy of the fields types body and taxonomy and doesn’t
state-of-the-art research parts video cover a wide range of
and advances in HAR. deep-learning based

aproaches.

(23) 2015 | Comprehensive survey on | Applications | Different | Different | Image | Devoted only to
kinect-based motion of the Kinect | types body and motion recognition
recognition techniques technology parts video using data captured
and the underlying by Kinect.
datasets.

(24) 2015 | Classification of HAR Different Different | Different | Image | Presents an
approaches regarding the | fields types body and approach-based
source of input data into parts video taxonomy according
unimodal or multimodal to the source of input
methods and analysis of data but doesn’t cover
some publicly available many general aspects
human activity datasets. of HAR.

(25) 2015 | Semantic-based human Different Actions Different | Image | Focuses on
recognition methods and | fields and body and semantic-based HAR
a brief representation of interac- parts video methods and doesn’t
their application fields. tions include many general

aspects of HAR.
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Continued on next page




Table A.1 — continued from previous page

Paper Year | Contribution Application | Activities| Body Image | Limitations
field type parts Vs
video

(I144) 2015 | Video-based HAR using Different Different | Different | Image | Interested to deep
deep learning and fields types body and learning based HAR
classification of datasets parts video and doesn’t cover
according to different hand-crafted
complexity levels. approaches.

2) 2016 | Analysis of different HAR | Different Different | Different | Video | Doesn’t cover many
methods and comparison | fields types body HAR approaches and
between different action parts general aspects.
identification methods.

(26) 2016 | Comprehensive survey on | Different Actions Different | Video | Doesn’t cover many
the recent techniques of fields body aspects and
HAR. parts benchmark databases

of HAR.

(27) 2016 | Classification of various Different Different | Different | Image | Covers many aspects
action recognition and fields types body and of HAR but many
detection algorithms parts video | research works have
according to the emerged from 2016 till
extraction and encoding now.
of features, as well as the
classification processes.

(28) 2016 | Overview of Different Actions Different | Image | Doesn’t provide an
methodologies, challenges | fields and body and indepth study. It
and issues of HAR interac- parts video | doesn’t cover many
systems. tions techniques and aspects

of HAR.

(112) 2016 | 3D skeleton-based HAR Different Actions Different | Video | Focuses mostly on 3D
approaches. fields body skeleton-based HAR

parts and omits a wide
range of other
approaches.

(L14) 2016 | Analysis of popular Different Actions Different | Video | Devoted to object
techniques used for object | fields body segmentation and
segmentation and parts detection in general
recognition. and is not specific to

HAR.

(46) 2016 | Overview of HAR Surveillance, | Different | Different | Video | Doesn’t cover many

techniques in videos. entertain- types body HAR approaches and
ment and parts is limited to some
healthcare. specific application

fields.

Continued on next page




Table A.1 — continued from previous page

Paper Year | Contribution Application | Activities| Body Image | Limitations
field type parts Vs
video

(I1185) 2016 | Comprehensive survey on | Different Actions Different | Image | Devoted to human
the recent development fields body and activities detection
and challenges of human parts video | and doesn’t cover the
detection. whole process of HAR.

(116) 2016 | Knowledge-based HAR Different Actions Different | Video | Interested to methods
methodologies. fields body incorporating a priori

parts knowledge and
context information
on the activity and
doesn’t cover many
other approaches.

(120) 2016 | Comprehensive survey of | Human Gestures | Hands Video | The emphasis is on 3D
the emerging progress on | computer hand gesture
3D hand gesture interaction recognition
recognition approaches approaches. It doesn’t
and systems. cover other activity

types.

(143) 2016 | Comprehensive analysis Different Different | Different | Image | Presents a human
and comparison between fields types body and action representation
learning-based and parts video | based taxonomy and
handcrafted action omits many other
representations. aspects of HAR.

(152) 2016 | Current state of publicly Different Different | Different | Image | The focus of this
available HAR datasets. fields types body and survey is the available

parts video datasets for HAR. It
doesn’t cover HAR
approaches.

(I156) 2016 | Comprehensive review of | Different Different | Different | Video | Presents only RGB-D
the most commonly used | fields types body video datasets and
action recognition related parts doesn’t discuss HAR
RGB-D video datasets. approaches.

(60) 2016 | Review of the state of the | Daily life Different | Different | Video | The focus is made on
art of vision-based activities types body techniques related to
systems for the parts daily life activities and

recognition of daily life

activities.

omits many other

application domains.

Continued on next page




Table A.1 — continued from previous page

Paper Year | Contribution Application | Activities| Body Image | Limitations
field type parts Vs
video

(29) 2017 | Categorization of Different Actions Different | Video | The focus is automatic
video-based HAR fields body HAR techniques in
techniques into parts videos. Still images
handcrafted feature-based are omitted.
and deep learning-based
approaches.

(L13) 2017 | Survey of existing Different Actions Different | Video | Focuses on 3D human
space-time action fields body representation based
representations based on parts on skeletal data, and
3D skeletal data. omits other data

representations.

(121)) 2017 | State of the art of Machine Gestures | Hands Image | Devoted to gesture
multimodal gesture learning and and recognition using
recognition. computer video multimodal data. It

vision doesn’t cover other
activity types.

(I128) 2017 | Complex event Event Event Different | Image | Interested to complex
recognition techniques. recognition body and event techniques and

parts video doesn’t cover HAR
approaches related to
other activity types.

(19) 2017 | Comprehensive review of | Different Actions Different | Image | Classifies methods of
the notable steps taken fields body and human action only
towards recognizing parts video and doesn’t cover
human actions. other activity types

and action detection
methods.

(I145) 2017 | Survey on current deep Different Actions Different | Video | Deep-learning based
learning methodologies fields and body taxonomy for action
for action and gesture gestures parts and gesture

recognition.

recognition with
particular interest on
temporal dimension of
data. Spatial features

are not covered.

Continued on next page
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Paper Year | Contribution Application | Activities| Body Image | Limitations
field type parts Vs
video

(131)) 2017 | Discussion of research Crowd man- | Interactions Different | Video | Specific to crowd
works focusing on agement, and body analysis for video
identifying, tracking and public space | group parts surveillance purposes
understanding group design, and activities and abnormality
activities, interactions, visual detection. It doesn’t
and abnormal activities surveillance cover other
detection in large crowds application domais.
with a summary of
underlying available
datasets.

(1146) 2018 | RGB-D-based human Different Different | Different | Video | Dedicated to
motion recognition with fields types body RGB-D-based human
deep learning focusing on parts motion recognition
three architectures of using deep learning
neural networks. and doesn’t cover

many other
approaches.

(L153) (IL58) | 2019 | Presentation and Different Different | Different | Video | Devoted only to
comparison of different fields types body datasets analysis and
types of video datasets, parts doesn’t discuss many
challenges, and their other aspects of HAR.
related latest evaluation
techniques.

(110) 2019 | Survey of HAR methods, | Different Actions Different | Image | Doesn’t cover many
including progress in both | fields and body and HAR approaches and
hand-designed and deep interac- parts video different activity
learning-based action tions types.
feature representation
methods.

(122) 2019 | Review of state-of-the-art | Sign Gestures | Hands Image | Devoted only to hand
techniques used in recent | language and gesture recognition
hand gesture and sign recognition video | techniques and doesn’t

language recognition
research.

include other activity

types.

Continued on next page
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Paper Year | Contribution Application | Activities| Body Image | Limitations
field type parts Vs
video

(129) 2019 | Summary of techniques of | Robotics Interactions Different | Video | Reviews recent
one person/ a group of and body approaches for
people and their social group parts recognizing human
interactions as well as activities activities within the
their interaction with general framework of
robots. interaction with

robots. It doesn’t
cover many other
application domains.

(I130) 2019 | A comprehensive review Intelligent Interactions Different | Video | Focuses on detection
on abnormal crowd surveillance and body abnormal activities
behaviour detection video group parts methods in a crowded
methods. systems activities scene scenario. It

omits many other
application domains.

(132) 2019 | Deep learning based Surveillance | Interactiong Different | Video | Focuses on intelligent
techniques for various video and body surveillance video
crowd video analysis analysis group parts analysis techniques
methods. activities and omits many other

HAR application
domains.

(IL33) 2019 | State-of-the-art Video Interactions Different | Video | Devoted to crowd
techniques on crowd surveillance and body behavior analysis for
behavior analysis, motion group parts video surveillance. It
patterns, tracking, activities omits many other
activity analysis and HAR approaches and
modeling. Evaluation application domains.
metrics and datasets are
also discussed.

(IL34) 2019 | Some insights of the Intelligent Actions Different | Video | Devoted to specific
state-of-the-art research Video body applications of HAR
works in the fields of Surveillance parts and doesn’t cover
Intelligent Video and health many HAR
Surveillance, Wireless monitoring. approaches.

Sensor Network-based
HAR, and camera-based
health monitoring.

Continued on next page
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Paper Year | Contribution Application | Activities| Body Image | Limitations
field type parts Vs
video

(1135) 2019 | In-depth and Different Actions Different | Image | Emphasis on data
comprehensive analysis of | fields body and fusion and
data fusion and multiple parts video applications of HAR
techniques for HAR. on mobile and

wearable devices. It
omits many HAR
approaches and
applications.

(136) 2019 | Overview of existing Smart home | Actions, Different | Image | Focuses on abnormal
abnormal human activity | surveillance interac- body and human activity
recognition approaches. and public tions and | parts video recognition and fall

place group detection. It omits

security activities many other
applications domains
and approaches of
HAR.

(1147) 2019 | Comprehensive review of | Different Actions Different | Image | Presents CNN-based
the CNN-based action fields body and HAR approaches and
recognition methods. parts video doesn’t include any of

the handcrafted
methods.
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