N

N

>B;? AMi2; Biv S2 bQM H h +FBM; IbBM; 6 n
JmHIB@a2MbQ . i 6mbBQM
JQ? K /. ?22°

hQ +Bi2 i?Bb p2°"bBQM,
JQ? K/ . ?2 X >B;? AMi2;"Biv S2°bQM H h” +FBM; IbBM; 6 mHi hQH2" N\
miQK iB+X IMBp2 bBid /2 GBHH2 R- a+B2M+2b 2i h2+?MQHQ;B2bc *_
LLh, X i2H@yRd9yNy38

> G A/, iIZH@yYyRd9yNy38
?2iiTbh,ff? HXb+B2M+2fi2H@YyRd9yNy8
am#KBii2/ QM k T  kyR3

> G Bb KmHiB@/Bb+BTHBM v GOT24WB p2 Dmbp2 "i2 THm B/BbBIBTHBN
"+?Bp2 7Q i?72 /2TQbBi M/ /Bbb2KIBEBMBR MNQ@T™+B2® " H /BzmbBQM /2 /
2MiB}+ "2b2 "+?2 /Q+mK2Mib- r?2i?@+B2MMiB}2mM2b#/@ MBp2 m "2+?22 +?22- T
HBb?2/ Q° MQiX h?2 /IQ+mK2Mib MK VW+RK2Z2EF IQKHBbb2K2Mib /62Mb2B;M
i2 +?BM; M/ "2b2 "+? BMbiBimiBQWER BM?8 7M#M2I @b Qm (i~ M;2 b- /2b H
#Q /-Q 7 QK Tm#HB+ Q T ' Bp i2T2HRAB+B @2MT2BIpXib X


https://hal.science/tel-01740905
https://hal.archives-ouvertes.fr

1XPpUR GTRUGUF
Université de Lille

Ecole doctorale6 FLHQFHY 3RXU Of,QJpQLHXU
Unité de recherch€RIStAL

These présentée par
Mohamad Daher

Soutenue lel3 déeembre 2017
EnYXH GH OfREWHQWLRQ GX JUDGH GH GRFWHXU GH C

Discipline Automatique, Génie informatique, Traitementdu Signal

Fusion multi-capteurstolérante aux fautes pour unniveau d'intégrité
élevédu suivi de la personne

Composition dujury

Rapporteurs VéroniqueBergeCherfaoui Professeur afiiversité de Technologie
deCompiégne
Ghaleb Hoblos Professeur aE$GIELEC
Examinateurs Claude Dgbha MCF HDR Université Paris Sud
Ahmad Diab MCF j O18QL Yibhoask W p
Mohamad Khalil BURIHVVHXU jLO&RQL YHUVLWp
Christine PerretGuillaume PU PH CHRU Nancy
Directeurs de these Maan El Badaoui El Najjar PrRIHVVHXU j Of8QLYHUVLWp GH

Francois Charpillet Directeur de recherch&RIA, Nancy



Ph.D. Dissertation High Integrity Personal Tracking Using Fault Tolerant M&&nsor Data Fusion




Ph.D. Dissertation High Integrity Personal Tracking Using Fault Tolerant M&&nsor Data Fusion

Mots clés: systeme de dcalisation des personnesieconnaissance des activitéle la vie
guotidienne détection des chutafes personnes ageextraction des parametres, sélection des
parametres, détection des signdusjon de données, filtre informationndétection et exclusion
des défauts, divergence de Kullbddibler.

Keywords: personal localization system, activities daily living recognition, elderly fall detection,
features extraction, features selection,nalgdetection,data fusion, information filterfault

detection and exclusion, Kullbadleibler divergence



Ph.D. Dissertation High Integrity Personal Tracking Using Fault Tolerant M&&nsor Data Fusion

Preface

This thesis is submitted to the Lille Universit$cience and Technology in partial fulfilment of

the requirements for the degree of Doctor of Philosophy.

The work has been conducted at CRIStAL (Centre de Recherche en Informatique, Signal et
Automatiquede Lille) and has been achieved in partnership with the Institut National de Recherche
en Informatique et en Automatique (INRIA) in NaneyGrand Estand theAzm Center for

Research iBiotechnology and its Applications.




Ph.D. Dissertation High Integrity Personal Tracking Using Fault Tolerant M&&nsor Data Fusion

Abstract

About one third of homewelling older people suffer a fall each year. The most painful falls occur
when the person is alone and unable to get up, resulting in huge number of elders which are
associated with institutionalization and high morbiditgrtality rate.

The PAL (Personally Assisted Living) system appears to be one of the sohitibis problem.

This ambient intelligence system allows elderly people to live in an intelligent aractve
environmentlt is charged with the supervision and tohof the entrusted space, monitoring
events and detecting falls, recognizing human activities through a network sensors, and finally
providing support through robotic actuators. Such services have the potential of increasing
autonomy of elders while mimizing the risks of living alone. Therefore, they have been an active
research topic due to the fact that health care industry has a big demand for their products and
technology.

This thesis describes the ongoing work ofhome elder tracking, activitse daily living
recognition, and automatic fall detection system using a set eintraisive sensors that grants
privacy and comfort to the eldeds. addition, a faultolerant fusion method is proposed using a
purely informational formalism: informaticfiter on the one hand, and information theory tools
on the otherhand Residues based on the Kullbdokibler divergence are usetllsing an
appropriate thresholding, these residues lead to the detectitinesmatiusion of sensefaults.

The proposed algorithms were validated withny different scenarios containing the different
activities: walking, sitting, standing, lying down, and fallifidne performances of the developed
methods showed a sensitivity of more than 94% forfdledetection of persons and more than
92% for the discrimination between the different ADLs (Activities of the daily life).

Résumeé

Environ un tiers des personnes agées viaambmicilesouffrent d'une chute chaque année. Les
chutes les plugravesse produisent lorsque la personne est seule et incapable de se lever, ce qui
entraine un grand nombre gpersonnes agéesimis au service de gériatriqgue et un taux de
mortalité malheureusement éleve.

Le systeme PALRersonally Assisted Livipgapparait commane des solutionde ce probleme.
Cesystemed fhtelligence ambiantpermetaux personnes ageées de vivre dans un environnement
intelligent et preactif. Il permet la supervision et le contrdle de I'espace cdaf@rveillance des
événements da détection des chutemut en reconnaissant les activités humaines gédes

réseaux deapteurset en fournissanin support grace a des actionneurs robotigDesservices

ont le potentiel d'accroitt@utonomiedes personnes agéesit en minimisant les risques de vivre

seuls. Par conséquent, ils ont été un sujet de recherche actif en raison du fait que l'industrie des
soins de santé@misune forte demande pour leurs produits et leur technologie.

/IH WUDYDLO GH datteansvélcatrdeqduidi défHerepines adgéesvec un maintied

domicile la reconnaissance quotidienne des activités et le systeme automatique de détection des
chutes a l'aide d'un ensemble de capteurs non intrusifs qui accorde l'intimité et le confort aux
personnes agédsn outre, ne méthode de fusion toléramtex fautesest proposee en utilisamh
formalisme purement informationnel LOWUH LQIRUPDWLRQQHO GTXQH SDUV
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OTLQIRUPDWLRQ GITDXWUH SdivergeénceHl®y KullpacksibNsobtDiMigdg. VXU OL
9LD XQ VHXLOODJH DGpTXDW FHV UpVLGXV FRQGXLVHQW j OD
Les algorithmes proposés ont été validés alesieurs scénardifférents contenant les différentes
actvLWpV PDUFKHU VIDVVHRLU G Hds Bexfovmantsldds RnethedelsU HW W
développéesntmontré une sensibilité supérieure a 94% pour la détection de chutes de personnes

et plus de 92% pour la discrimination entre les différentes ADL (Actidiééla vie quotidienne).

CRIStAL
Centre de Recherche en Informatique, Signahw@bmatique de LillexCNRS UMR 9189 +

Avenue Paul Langevik 9 LOOHQH X ¥396e0T$SVF T
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Chapter | - Introduction

I.1 Ambient Intelligence (Aml)

Ambient intelligencg Aml) refers to electronic environments that are sensitive and responsive
to the presence of peopleside delimited environment@ne of the Aml systems is the elderly
assisted living system that enable elderly people to live in an intelligent ardcive
environment. It is charged with the supervision and control of the entrusted space, monitoring
events and human welkeing, recognizing human activities through a network of heterogeneous
sensors, and providing support through its robotic actudtorn ambient intelligence world,
devices work in concert to support people in carrying out their everyday life activities, tasks and
rituals in an easy, natural way using information and intelligence that is hidden in the network
connecting these devices. dther wordsAml aims to enhance the way people interact with their

environment to promote safety and to enrich their lives.

Among the various types of sensors employed in the perception of the environment, load

sensors can measure the load pressure exerted by humans and objects on their surroundings.

This thesis will explore the capabilities of such load sensing floors ttelaca track people,
recognize their activities of daily living (ADLs) by determining their postures (walking, sitting,

standing, lying downand the transitions between thems well as detect the falling down cases.

[.2 Aml System Flow

A typical Aml system needs sensors and devices to surround occupants of an environment
(interactors) with technology that provide accurate data to the system. The information collected
has to be transmitted by a network andgnecessed by what is called middleware, \haollates
and harmonizes data from different devices. The system has a higher layer of reasoning that
accomplishes diagnosis and assists humans, and finally makes decision easier and more beneficial
WR WKH RFFXSDQWY Rl WKH HQYLVRR® H@W L QK H SKIRIKH YW \H
3. QRZOHGJH 5HSRVLWRU\" ZKHUH WKH HYHQWY DUH FROOHFW

(Al Reasoner), which will apply for example spat@mporal reasoning to take decisions [1]. For
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instance, a decision could bz perform some action in the environment and this is enabled via
S$FWXDWRUV"- ODFKLQH OHDUQLQJ WHFKQLTXHV DQG SDWW
information in order to update the AHDVRQHU »L@XUAKH ¥ VKRZV D UHSUH"

information flow for Aml systems.

Figure 1.1- Information flow in Aml system.

In this project, environment is the Inria Nancrand Est platfornwith furniture, specific
elements of the chamber like a chair, a kitchen and a toilet. Interactorsenthiznment will be
the elder person, relatives and caregivers (e.g., nurses and physicianget@ihsensors are the
load sensors and theaXis accelerometers concealed under tiles as wellsaswulatednertial
measurement unftMU) assumed to be lieby the elder. These sensors are used for tracking
elders, identifying their ADLs and detecting the falling down cases. Actuators can be alert
messages sent by communication system to notifyaCd@iDUP &RQWH[WV RI LQWHU}
elderhasfallelGRZQ DQG KDV UHPDLQHG GRZQ DIWHU VHFRQGV’
HIDPSOH WKDW 3Ll HOGHU VWDWXV EQGH FIDWHHIW W K B WOIKGH E\HK

1.3 Aging population

Nowadays, aging population shows a drastic irssregsubstantiallyn therecent years and that
growth is projected to accelerate in coming decadésf vV RQH RI WKH JUHDWHVW VR
challenges of the 2%century [3] Driven by falling fertility rates and a sustained increase in overall
longevity of people resulting of advances in medicine and public health services, many countries;
especially in the developed world; are now bracing themselves for the fact that their fastest
growing demographic is the over 80 years old. Moreover, the lirexad that life expectancies

have followed for over a century is set to continue. People aged 65 years or more, here referred to

2
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as elder people, are estimated to represent around 30% of the population in theyraxs 4.
The3)LJXUH © LteOvirMd Age popdldtvn structure in 1950, 2010, 2050, and 2100.

Figure 1.2- Age structure in 1950, 2010, 2050, and 2100 according to United Nations study in 2015.

This demographic shift is not evenly distributed between all world regionike Ideveloped
America and Europe, the ageing of the population is sudden compared to Africa. Ageing in the
Middle East is expected to growth rapidly over the nexdABBEDUV ,Q $VLD GXH WR WK
lower mortality rate and the orahild policy that tie Chinese government enforces, the population
is aging quickly [5]. The percentage of elderly to young people in the Middle East is low compared
WR ZHVWHUQ FRXQW Ushdivg thg Kuirhb@) bflpetddhs aged/@ars or over, per
hundred children under Mears in different regions between 1950 and 2050.

Figure 1.3- Number of persons aged §8ars or over, per hundred children undeyééars.
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In France, the National Institute for Statistics and Economic Studies (INSEE) predicts that the
number of people over 60 years will increase by 10.4 million between 2007 and 2060 to reach the
number of 23.6 million people in 2060, an increase of 80% ire&Bsy The number of people over
the age 75 will increase from 5.2 million in 2007 to 11.9iamlin 2060 and from 1.3 to&million
IRU SHRSOH RYHU \HDUV 7KHVH QXPEHUV DUH VKRZQ LQ W

Figure 1.4- Age structure in 2007 arD60 according to INSEE study in 2010.

|.4 Elderly falls in aging population

Elderly falling down problem is one of the most serioustlifieeatening events that can occur,
especially in the population aged 65 and over. This age group suffers from falls on a yearly basis
and half of these elderly do fall repeatedly that also haamatic psychological, medical and
social consequences [6]. Most of these falls are associated with one or more identifiable risk factors
(e.g. weakness, unsteady gait, confusion and certain medications), and research has shown that
attention to these rislactors can significantly reduce rates of fallidg.cording tothe statistics
of the Centers for Disease Control and Prevention (CDC), one out of three adults age 65 and older
falls each year ithe United Statesind 61% of these falls occur at homes ttause around 10,000
deaths. However, obtaining a quick assistance after a fall reduces the risk of hospitalization by
26% and the death by 80% [7].
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I.5 Causes of elderly falls

There are several causes for elderly falls. Some reasons such as agepgérglanconscious,
or suffering from chronic neurological or mental problems, cannot be controlled. Whereas other
reasons; such as medications side effects, insufficient vision, poor hearing, or muscle weakness
can be controlled or modified. Moreoverettactors associated with falls are classified as personal
IDFWRUV SK\WWLRORJLFDO DQG QHXURORJLFDO IXQFWLRQV
environment factors (loose carpets, wet or slippery floors, poorly constructed steps, etc.). The
3)LIXUH FODVVLILHVY WKH PRVW FRPPRQ UHDVRQV FDXVLQJ H
(environmental or personal) and controllability [8,9]. The presence of more than one cause of
falling is common, and several studies have shown that the risk of faltrepses dramatically

as the number of causes increases.

Figure 1.5 Categories of common reasons causing falls.

|.6 Consequences of elderly falls

Falls in the elderly may cause adverse physical, psychological, social, financial and medical,
as well as governmental and commumitynsequences [10]. THe) LI X U H " VKRZV WKH PL

consequences related to elderly falling.
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Figure 1.6- Themain consequences related to elderly falling.

f Physical consequencesare exemplified in possible injury i.e. broken bone or soft tissue
injury, pain and discomfort, reduced mobility and possible@ngn disability, and most of

the time lead to increasled loss of independence and the ability to look after himself/herself.

f Psychological consequencetead to loss of confidence when walking and moving due to
the increased fear of repeated falling, fear and anxiety, in addition to distress, and

embarrassnrd.

f Social consequencestre represented in curtailment of possible routine social activities, loss
of independence and a reliance on family, friends or possible move into aging residential or

nursing care center.

f Financial and medical consequencesmply the direct costs of medical care associated with
injuries represented in increased costs to the statutory services such as physiotherapy

rehabilitation, hospital care, and social care [11].

f Governmental and community economic consequencesesignate théact that falls can
KDYH GHYDVWDWLQJ HIIHFWV RQ SHRSOHTV KHDOWK DQG
hospital admissions and health insurance costs. Consequently, governments are incited to
improve both the prevention and treatment of faild these are most effective when social
care and the government work together. Furthermore, as the population gets older, it has to
be recognized that community health and social care organizations need to work more closely
to set up effective falls prevean programs and to consider this as even more of a priority.

That is, for little initial investment patients are getting better care, more falls are being

6
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prevented, and money is being saved. According to a 2013 report made by the National
Center for Helth Statistics, the annual expenditures for kbagn care services in the United

States of America are estimated to be between $210.9 billion and $306 billion [12]. In the
European Union, according to a 2008 report by Ernst & Young, the public experssssan
KRXVLQJ HTXDOHG Y ELOOLRQ LQ ,WDO\ Ya ELOC
Ya ELOOLRQ LQ *HUPDQ\ DQG % ELOOLRQ LQ %HOJLXP
WKH SHUVRQDO DVVLVWDQFH VHUYQFISY.ZDV HYDOXDWHG

|.7 Advances in Aml as a driver for seniors independent living

Advances iPAml can deliver key skills remotely and enable hdmased care. Technology will
play an increasingly active role in providing care to ageing populatieois.example, the
automatic detection of falls would help reducing the time of arrival of medical caregiver, and
accordingly reducing the mortality rate [14Accordingly, in order to achieve a good degree of
fall prevention for elderly peoplenany supportive systems habeen developed to track and
monitor elderly ADLs at home in order to assist their independent living and reduce the cost of
premature institutionalization. But generally, all of these systems are relying on only one data
provider (movemenrsensor, cameray accelerometer, etc.) that have their own limitations and do
not ensure 100% reliability [15]. Moreover, there still is a lack in experience and systematic
knowledge to intelligently assemble tekemponents into a robust, udeendly and effective
sydem, making no false alarm and detecting each fall case, without affecting elderly daily living
patterns [16].

1.8 Existing Aml projects

Several projects are developed around the world on the topic of Personally Assisted Living
(PAL) as Aml applicationsKk DW DLP WR PRQLWRU DQG DVVLVW HOGHUYV D!
patients, and to form habitats with home automation. Some examples of projects are listed below.

In France, The Inria Nancy Research Center has been supporting since 2010 the deékign an
construction of an innovative platform for favoring research in assistance for elderly people at
home [1721]. The Tissad project was developed by Thomesse that defines a generic architecture
for remote monitoring systems. The Casper project ha®lfective to follow the domestic

activities of elderly or handicapped people using specific autonomous sensors in order to provide
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solutions that would improve their life at home [22]. The Actidom project aims to measure the
activity of fragile elderly pesons in their daily life, so as to determine the evolution of their state
of dependence [23]. The Gerhome [24], &&ahté (ClUhealth) [25,26], Sweethome [27], and
ParaChute [28] projects have also tackled the problem of an automated, objective evafitizion

frailty of elderly persons, using fixed cameras and experimental sensors.

In the United States of America, the University of Colorado at Boulder has developed the
Adaptive Control of Home Environments (ACHE) project [29] to automatically control the
temperature, heating and the lighting levels inside a building. The projects Gator Tech Smart
House of the University of Florida [30], MavHome [31] of the University of Arlington, Aware
Home Research [32] of the Georgia Institute of Technology are sipritgects having the

objective to optimize the comfort and security of elderly people at home.

SELF (Sensorized Environment for LiFe) [33] developed at the University of Ibaraki in Japan
that aims to supervise the state of health of persons, by analgxiagakphysiological criteria.
The systems developed by the University of Tokyo [34] and the intelligent house of Osaka [35]
are other Japanese examples of intelligent homes similar to SELF. The CarerNet system aims to
offer several healthcare servicediatne, such as the alarm, tracking of health procedures;and e
health [36]. A platform for domestic medical care has been developed in Spain, to assist patients
suffering from specific pathologies to live inside their homes. The platform was composed of tw

parts: a client application for the local processing of data, and a mediea¢wctdr [37].

Moreover, Microsoft has also proposed a system that uses cameras coupled to movement
detectors placed on the walls for tracking and locating humans thriouage processing

techniques. It was developed for the EasyLiving project [38].

One can see that Aml systems have been attracted significant attention although the area is very
new. As a result of its spreading, thene many projects, scientific eventspdks published,
commercial exhibitions and governmental projects being launched every year. Aml has a strong
emphasis on forcing computing to make an effort to reach and serve humans. The technological
infrastructure seems to be continuously evolving &t tlirection, and there is a fruitful atmosphere
on all sides involved: normal users/consumers of technology, technology generators, technology

providers and governmental institutions, that this paradigm shift is needed and feasible.
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Finally, the studiesdcus nowadays on integrating Aml solutions into habitats to design and
build a smart home equipped with an AmI system, exploiting complementary technologies like

norrintrusive sensing floors, depth cameras, and mobile assistant robots.

1.9 Background of the thesis

This thesis is placed in tl®mesticAmI context settings. The large scale of PAL that proposes
technological solutions to improve the quality of life of frail people. These solutions come in the
form of smart sensors, robotics, and home automaystems. They aim to improve the security,
safety and the autonomy of elderly, allow them to remain in their own homes, and to preserve or
restore their daibjife necessary functions.

This work describes a novel approach of personal localizatioensytLS), ADLs recognition
and automatic fall detection system usinglti-data providers that aim to provide more accuracy,
precision and efficiency. Yet the main sources of data are the ground sensors network within the
Inria Nancy- Grand EsplatfoomtKkDW ZLOO EH SUHVHQWHG LQ GHWDLOV L
and thesimulated,08 GHVFULEHG LQ 3&KDSWHU ,9 6HFWLRQ

1.10 Objectives and structure of the thesis

The objective of this thesis is to explore the abilities of the Inria Nat6yand Est sensing
floor as an Aml smart home to offer localization and tracking of elderly in their independent living
senior apartments, (ADLS) recognition, and automatic &kction system, using a nontrusive

sensors network (load pressure sensors and accelerometers) concealed under tiles.

Indeed, most of the work on load pressure data was interesting, unless the fall detection accuracy
was unfortunate due to false alaromming from falling down and lying down's postures. This
result leads to conclude that by using load pressure sensors alone, we cannot distinguish between
these two postures. To solve this issue, we propose merging between the load pressure sensor

measurments and the accelerometer sensor decisions.

Moreover, we take in consideration the erroneous or noisy sensors measurements that can affect
the system accuracy. In this way, the importance and necessity of a step of diagnosis of sensor
defectss absoluely essentialTherefore, we present a generic and accurate method for PLS with
tolerance to sensor defects in a distributed system. It allows to detect and excjuideilty

measurement from any used sensor.
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Furthermore, this original method will opemetgate tdrack an unlimitednumber of people

simultaneoushand to use an adaptive or automatic thresholding method for classifying.

As a consequence, the system accuracy is satisfactory and the results show that the proposed

methods are efficienandthey can be easily used in a real elder tracking and fall detection system

This thesis, which constitutes this scientific exploration, is structured in five chapters organized

as follows.

¥.Chapter | provides a synopsis of the Aml systems, the agejmgation, the causes and the
implications of elderly falls, the PAL systems as Aml applications, and finally the
background and the contributions of the work in this thesis.

¥,Chapter Il is dedicated to a general presentation of both existing fall detection systems and
sensing floors including the Inria Nancy sensing floor prototype. It is divided into three main
sections:

f Section 1 gives an overview of the existing fall detecsystems,

f Section 2 offers a panorama about sensing floors, and of the methods developed for
person localization and tracking and ADLSs recognition,

f Section 3 presents the sensing floor prototype developbkdiatesearch center in
NancyGrand Estwhich is used throughout this thesis.

¥,Chapter Il presents the contributions of using the Inria Nancy sensing floor as PAL system
that provides elderly localization and tracking, ADLs recognition, and automatic fall
detection. It is also divided into threeam sections:

f Section 1 introduces a new technique for scanning the pressure distributions on tiles that
are used to locate and track people, recognize their main ADLs and the transitions
between them,

f Section 2 presents the methodology of accelerometzcdlection, features extraction,
features selection, signal changing detection, and classification methods that are used to
detect falling cases,

f Section 3 presents the merging between the load pressure sensors results and the

accelerometers resultspgoovide more accuracy in ADLs recognition and fall detection.

¥ Chapter IV presents the application of an informational framework for attdetant PLS

using multisensors data fusion with fault detection and exclusion algorithm.

10
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¥.Chapter V provides general conclusion together with perspectives for future researches.

.12 Key contributions of this thesis

This thesis provides several contributions, which consist in a general overview of the existing
fall detection systems and sensing floors. Moreowerdevelop new techniques, some inspired
from the field of signal processing and computer vision, for user perceiving, ADLs recognition
and fall detection using a uskiendly and norntrusive sensing floor. Another main contribution
of this work consig in PLS using an informational framework. We use in this pat
informational form of a Kalman Filter (KF) called Information Filter (IF) for a distributed
information fusion architectureand a Fault Detection and Exclusi@tDE) method to ensurihe

system reliability.

More precisely, the contributions of the work in this thesis are:

f A general overview of the existing fall detection systems (Chapter Il, Sectionl) and the
sensing floors (Chapter I, Section 2),

f An algorithm for elderly localization andDLs recognition using simple load pressure
sensors (Chapter 11, Section 1),

f A new Filter method for selecting pertinent features that discriminate between falling and
nortfalling states, as well as a method to detect the signal changing when a pés stowfal
(Chapter lll, Section 2),

f A technic to enhance ADLs recognition and fall detection accuracy results using fusion
between load pressure sensors and accelerometers decisions (Chapter lll, Section 3),

f Developing a method able simultaneously to |@salpeople in addition to detecting and
excluding the faultygensors and erroneous measurem@tapter 1V)

f Detecting and isolating the sensors defaults through a distributed architecture (Chapter 1V),

f Using an informational metrics in the synthesis of a residual test based on the kullback
Leibler Divergence (KLD)YChapter IV)

[.13 Publication list

This thesis contains parts that have been published in international journals, or presented at

international conferences, as well as extracts from yet unpublished, ongoing work.
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Conference articles

f M. Daher, M. El Badaoui El Najjar, A.Dial) .KDOLO DQG Jlowakdd&USab@OHW 3
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Chapter Il - Fall detection systems and sensing floors: existing
prototypes and relatedworks

Overview

This chapter contains a general presentation of both existing fall detection systems and sensing
floors including grformance and accuracy evaluatiohise Inria Nancy siart apartment and its

sensing floor prototypkave been also presented as a research center favoring such systems.

The chapter is divided into three main sections and a general conclusion of the chapte

f Section 1 gives an overview of the existing fall detection systems,

f Section 2 offers a panorama about sensing floors and the methods developed for user
localization and tracking as well as for ADLs recognition,

f Section 3 presents the sensing floor piyte developed dtria Research Center iNancy
Grand Estwhich is used throughout this thesis,

f General conclusion recapitulates all the three previous sections, and shows the importance

and the necessity of this work.

14



Ph.D. Dissertation High Integrity Personal Tracking Using Fault Tolerant M&&nsor Data Fusion

Section 1: Falldetection systems

[1.1.1 Introduction

According to nihseniorhealth.gov (a website for older adults), falling represents a great threat
as people get older, and providing mechanisms to detect and prevent falls is critical to improve
SHRSOHTV O Lnikbw U.8.Yadllliis are treated for faktlated injuries in emergency rooms
every year suffering fractures, loss of independence, and even death.

Using pervasive technology to help and enhance elderly people living alone at home has become
an emerging esearch area in Aml. Consequently, there has been significant interest in fall
detection (FD) and fall prevention (FP) both from a research and commercial perspective for
decades. Many approaches have been taken technologically towards falls detectiamyvith
degrees of accuracy. A large number of efforts have been made to monitor not only falls, but also
WR JHQHUDOO\ PRQLWRU GDLO\ DFWLYLWLHY DQG WKHQ WR

the interest on fall detection from 2002 to 201

Figure 2.1- Interest on fall detection.

+RZHYHU WKHUH VWLOO LVQYW D UHOLDEOH DOJRULWK
Also there are difficulties in properly defining people's daily living pattern without intrusiveness

andprivacy invasion.

This section presents a detailed review of research work achieved in FD systems as part of Aml

systems, including qualitative comparisons among various studies and the different types of
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sensors. This review aims to highlight the varisakitions proposed for tackling the problem of

fall detection from different perspectives.

[1.1.2 Fall detection system framework

There have been a lot of fall detection techniques proposed since the early 1990s. It can be said
that most fall detectio?/.\VWHPV UXQV RQ WKH VDPH PHFKDQLVP 7KH 3)I

framewak of a fall detection system [R9

Figure 2.2- General framework of a fall detection system.

From the research made through the fall detection systems that consist of preystgpe,
approaches or proposals, it can be categorized into three main categories. The first category of fall
detection system involves wearable devices. The next category is fall detection involving ambient
analyzer. The last category of fall detectimwvadlves motion detection (camebbased). Each
system has its own working methodology thas pros and comegarding the usability, accuracy,
SULYDF\ HWF 7KH 3)LJXUH " VKRZV WKH WKUHH FDWHJRULLI

Figure 2.3- Categorief fall detection systems.

[1.1.2.1 Wearable sensors

Wearable sensors are electronic devices that are worn by (or implanted in) a person, which are
designed to collect biomedical, y#iological and activity data [40These sensors are typically

cheap andgmall in size making them an attractive solution to-lmwidget projects. They can be
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worn on different parts of the body or can be embedded in other devices such as watches, shoes,

belts, etc. The main disadvantage of wearable sensors is their higbfleb&iusiveness.

Accelerometers are a type of wearable sensors that are widely used in fall detection systems
that use thresholtdased algorithms to detect fadllated events. A threshold is a limit that when
surpassed generates an action in the systayn @ fall is detecteédcaregiver is informed). The
most common threshold used with the accelerometer data is the sum vector magnitude of
acceleratiorand the rotation angle informati¢#l]. When a real fall happens, collision between
human's body anground will produce obvious peak value at the acceleratiom3D Wwhich has
magnitudegiven by the Equation (2.1).

=L ¥=fE fE = (2.1)

Wherea,, a,, anda, present accelerometeneasurements of three axes. The system uses the
acceleration sum as the first step to distinguish high intensity movements from others. But normal
motions such as jumping or sitting also produce peak values, which mean that additional detection

features a required.

The second feature used here is an angle calculated based on acceleration measurements. As
human's motion has low acceleration, it is feasible to get gravity component in each axis by using
a low pass filter. If gravity components could be safgal before and after human's fall, then it is
possible to calculate the rotation angle of accelerometer coordinate in 3D space, which is also
equivalent to the rotation angle of gravity vector relative to fixed coordin2le ¢%bordinate
constructed byhe accelerometer and the gravity vector is showwikHitjufe 2 . The rotation

of gravity vector in fixed coordinate is shown in thegure

Figure 24 - Coordinate and gravity before and after falling. (a) Before falling. (b) Adténg.
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Figure 25 - Rotation of gravity relative to fixed coordinate.

[1.1.2.2 Camera-Based sensing

In the past 10 years, there have been great advances in computer vision and video cameras. It
opens up a new branch of methods for fall detection. Indeedyosture and shape of the faller
change drastically in fractions of seconds during a #8].[These rapid changes are used to
determine if a fall happened. Camdaased systems benefit from these patterns by monitoring the
VXEMHFWTV SRVWXUH DQG VKDSH GXULQJ DQG DIWHU D IDOC
such as monitoring human skigle. They are robust solutions but their computational cost is
unattractive for real time applications. Others systems that are based on simpler features (e.g., the
falling angle, vertical projection histogram) are not computationally intensive as thenhuma

skeleton based systems but they suffer from a high false alarrd 4z

Privacy issues are one of the biggest worries for catmesad systems, and few solutions to
DOOHYLDWH WKLY SUREOHP DUH NQRZQ VXFK DggerdtHQGLQJ VX

only. Other possible solutions use deep and infrared can#§,43][

[1.1.2.3 Ambient sensing

Ambient sensors are installed in or around the house, appliances and furniture, which are
designed to collect different types of data, providing infe'’WLRQ RQ WKH SDWLHQWTV |

activities.

Pressure sensors are often used because of theobtrmisiveness and their low cost. The
fundamental principle is that the pressure changes regarding the distance between the user and the
sensor; the oiser the user is to the sensor the higher the pressure is. The low fall detection accuracy
(below 90%) is the main disadvantage of these sendtjs [
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The rest of this section summarizes the proposed fall detection approaches, the contributions,
and thedrawbacks/challenges for each research work surveyed in this review.
[1.1.3 System evaluation

The results showing the evaluation of a system are usually stored in an (2x2) array known as

confusion matrix (see Figure 2.6).

Figure 2.6. Confusiomatrix example.

f True Positives (TP):umber of positive instances that were classified as positive.
f True Negatives (TN):umber of negative instances that were classified as negative.
f False Positives (FP)umber of negative instances that were classdiegositive.

f False Negatives (FN)umber of positive instances that were classified as negative.

Many performance indicators are used to evaluate the efficiency in classification problems such
as:
f Accuracy: is the number of correctly classified instarmes the number of all instances.
It is the most widely used, and it is defined as follows:
62E60

P 2y . G
#"QNt'62E6OE(2E(0 Hsrr td;

f Sensitivity (or recall): is the number of the correctly classified positis&ances over the

number of all positive instances, and it is defined as follows:

62 ; .
5AJOEPE%—E€?&6HSH ta;

f Precision: $ the number of the correctly classified positive instances over the number of

posiive predicted instances, and it is defined as follows:
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62
2NA?EO%|"?%T2HSI’I’" ta;

[1.1.4 Existing prototypes

The first fall monitoring system was developed in the early 1970s. It requires the user
intervention bypressing a remote transmitter button to send owdlem message to caregivers
[48]. On the other hand, automatic fall monitoring research has been conducted since 1990s. The
most relevant studies on fall detection systems are described next.

Bilgin et al.

This system was talented to detect fabsng a data mining approach [48 only employs the
accelerometer placed on the waist of the subject, and it is only capable of detecting a fall when a
person is standing. It uses @&\ approach to detect & fall has occurred. The acquired results

show an accuracy of 89.4% with a recall of 100%.

Ozcan et al.

The proposed project aims to create an autonomous system that is able to provide quick and
accurate rediime responses to critical events like a falhjle preserving computi@anal resources
[50]. Besides its ability to detect falls, the system also classifiexntical events such as sitting
and lying down. It uses a Microsoft LifeCam camera mounted on the center of th§ ¥ldSrHO Y L V
that capturesmages.When a fall occurs edge orientations in a frame vary drastically and
extremely fast, as a result of this subsequent frames get distorted. A dissimilarity distance is
computed between two frames, and if it is greater than a predefined threshbl alétected.
The lack of auto exposure adjustment in the camera was the most drawback of the system. False

alarms may be raised if the scenery changes.

Bashir et al.

The proposed system is based on a wireless body area network that usesia tri
acelerometer, and a texial gyroscope embedd in a necklacéike sensor [5]L Three stages are
used to determine human status namely, fall, activity, and sleep. The information is sent to a base
station that receives and stores the data. The systemimgds thresholebased algorithms that
employs the posture angle, angular velocity, and acceleration to detect fall events. The
HISHULPHQWVY UHVXOWY VKRZ DQ DFFXUDF\ RI IRU $'/V
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SmartFall

SmartFall is an automatfall detection system buibn top of the SmartCane [EZ’he goal of
this system is to automatically alert the caregivers or emergency service when the cane user falls.
SmartFall is the first fall detection system in its class that employs subsequeratenghat
algorithm, instead of the commonly used thresholdiaged method. The sensors onboard the
SmartCane system includes & w@xial accelerometer, three sigiedis gyroscopes, and two
pressure sensors. The results have indicated that the algoribie i® detect almost all cases of
falling in the experiment while achieving extremely low fabessitive rates for most nefalling

activities.

Almeida et al.

In 2007, Almeida et al. presented a walking stick with a gyroscope embedded at its base for
detecting fall and measuringalking pace $3]. A fall was detected based on the magnitude of the
resultant angular velocity along sideward and forward axes. The pace was derived from the
summation of angular velocity between two adjacent peaks divided iynthénterval between

the two peaks. Warnings were given when a user walks faster than his/her normal speed.

eHome

Werner et al. created in 2011 a prototype named eHome representing an ambient assisted living
system (AAL) that prospers for giving eldetlye feeling of security itheir homes [S} The
system provides a home user with a seiofintrusivewireless sensors to collect elder behavioral
data when faced to a |H#areatening situation such as a fall. The system usesrfioanted
acceleromets to collect vibration patterns of an individual that are sent wirelessly to a base
station. The fall detection process is based on the belief that distinctive impact vibrations. A
threshold is used to identify if a fall event occurred based on theivisdevels that propagate
through the floor. In such case, the user is asked if he/she is ok or not. Care givers are notified by
alarm triggering when the user does not respond within a predefined period. The recall and

specificity in the experiments we8d% and 97%, respectively.

Sengto et al.

In 2012, Sengto et al. proposed a fall detection system algorithm based on a back propagation
neural network (BPNN) that utilizes a-tikial accelerometePRXQWHG RQ WKHL. XVHUTV
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ADLs are divided in thre groups: falling activities, slow motion activities (walking, getting up

from bed, flopping), and sudden motion activities (running, jumping). An acceleration threshold

is set to distinguish between slow motion activities and other activities. Falliremdddn motion

have similar acceleration signal patterns. Therefore, Falls are detected if the threshold is surpassed

a BPNN. The system specificity was 99.5%, while the overall recall was 96.25%.

Chen et al.

Chen et al. introduce a human fall detectigatesm using a computer vision approach that
detects fall events in real time using skeleton featared human shape variations J[56Ihe
system is able to extract the human posture using a 2D model. The human contour is partitioned
into triangular meshdsy using the constrained Delaunay triangulation algorithm. The skeleton (a
spanning tree) is acquired by running the wealbwn graph traversal algorithm Degfilst search
(DFS) on the center of the triangular meshes. A distance map is used to calmulditance
EHWZHHQ WZR VNHOHWRQV ,I WKH XVHUTVY PRWLRQ GRHV QR
is detected. The system accuracy was 90.9% while maintaining a low false alarm rate.

Sorvala et al.

Sorvala et al. developed a fall detectitgoaithm that aims to reduce false alarms that represent
a major problem for caregivers using/ct thresholds[57]. The system uses a -fkial
accelerometer, a texial gyroscope (both mounted on the pelvis of the patient), and arvamikie
tri-axial accelerometer. The solution distinguishes from falls, possible falls (where the subject gets
up within a ten secorsdafter the detected impact), and ADLs. An impact is deternviimesh the
total sum vector magnitudes of both the acceleration and angular velocity exceeds their fixed
thresholds If the subject does not recover within the specified time an alarm will iigsa
predefined person (nurse, doctor, relativB)e sensitivity of the algorithm is 95.6% and the

specificity is 99.6%.

Humenberger et al.

Humenberger et al. proposed in 2012 aibgpired stereo vision fall detection system. It uses
two optical degctor chips, a digital signal processor (DSP), a {mlsjrammable gate array
(FPGA), and a weless communication module [58]. The optical chips capture video frames.
The FPGA creates the input data for the DSP by calculating 3D representatiorenefrivement.
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The DSP is loaded with a neural network that is used for classification purposes. Falls are divided
into 4 states or phases gedl, critical, postfall, and recovery phase. The system was mounted on
the top corners of a room in order to nionthe subjects. The acquired results show 90% accuracy

of fall detection.

Chen et al.

A wireless fall detector system using accelerometers was introduced by Chef6é}. at
consists of two modules that communicate with each other through wireless communication. The
first module is a fall detection terminal that employs an inertial sensor (an accelerometer), a
microcontroller and wireless SoC (System on Chip), and ttenslds a remote terminal that used
to receive and store kinematic characteristics and raise alarms. The system uses a-bassthold
algorithm to detect falls. Five tests were performed: forward fall (FF), backward fall (BF), left
side fall (LF), rightside fall (RF), and ADLs. The overall recall was 97% while the specificity was
100%.

Yuwono et al.

Yuwono et al. proposed a system a fall detection system using 3D accelerometer mounted on
WKH XVHUYV ZDLVW WKDW FR O QHré[81]. G hé\hbcele2@tdBn YhEgQidde W W R
surpasses a predefined threshold the input signal is fed into a multilayer perceptron (MLP) neural
network and an augmented radial bdsisction neural network (ARBFNN) to detect falls. A
discrete wavelet transform (DVWTs employed to filter the acceleration signal and reduce the
sampling signal rate; decreasing complexity and improving classifier generalization. The results
of the experiment yield a recall of 97.65% and an ADL specificity of 99.33%.

SAFE

A fall detecton system using wearable sensors was intredily Ojetola et al. in 2011 [B2
The system uses a wireless sensor platform known as SHIMMER (Sensing Health with
Intelligence, Modularity, Mobility ad Experimental Reusability) [§3The system utilizes two
6+,00(5 QRGHV RQH LQ WKH FKHVW DQG WKH RWKHU RQH LQ
equipped with a traxial accelerometer and 4mkial gyroscope, a Bluetooth device and a
microcontroller device. The acceleration athular velocity magnitudes were calculated to be
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used as input features for a decision tree. Falls and ADLs were identified with a precision of up to
81% and recall of 92%. The accuracy ranged from 98.5% to 99.45%.

Shoaib et al.

In 2010, Shoaib et al. pposed a contextased method that exploits computer vision techniques
in order to build a context model for detecting falls based on the posittbe head from the floor
[64]. The head location, the feet location, and the vertical distance of the roeadhe head
centroid mean are used to detect a fall. A combination of ellipse matching and skin color matching
is used to detect the head of the subject in a video clip frames that are divided into three blocks,
namely head, floor and neutral blocks. Otileehead has been located, the feet area is found using
the medial axis. Six fall types are considered, backward, forward, lateral (right and left), syncope
(fainting) and neutral. The reported system accuracy was 96% after was tested using twenty six

video clips recorded in real home environments.

Amandine et al. (Inria Nancy Grand East)

In 2014, Amandine et al. propose a simple system based on the MicrosciD&iBCamera
to promotehome support for the elderly [p3t is based on the analysis o&tparameters extracted
from the depth of images provided by the camera (the center of the mass of the person and the
vertical distribution of the points of the silhouette). From these indicators, it is possible to secure
a person's environment by detectifadjls and dangerous behavior, and assess elder degree of

fragility by analyzing the gait progress and activities.

Recently, fall detection based ondrtial accelerometers embedded in smart phones has become
increasingly popular. The advantage of usirsgrart phone for fall detection is that it can also be

used to send out warning messages and/or track the location of a faller.

PerFallD

In 2010, Dai et al. introduced a fall detection system named PerFallD using abpalse
smartphoned@)]. It takes adantage of the communication technologies embedded in a smartphone
and the sensors (e.g., accelerometer, gyroscope, etc.) to detect falls and send alerts automatically
when a patient is not responsive within a-ppecified time after a fall. The acceleostiand
angular data are used to set thresholds that determine if a fall has occurred. PerFallD represents a

userfriendly fall detection system for elderly.
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iFall

Another Android Application for smartphottsed usingyi-axial accelerometdo detect falls
is iFall (Android Application for Fall Monitoring and Respons&j][ which is available at Google
Play Store.Data from the accelerometer is evaluateith several adaptive threshold based
algorithms and position data to determine a Ttle theoretical basis for the employed detection
algorithm is similar to those of PerFallD, as the utilized algorithm is also grounded on the same
acceleration threskatechnique. Unlike PerFallD, the fall detection criterion considered by iFall

uniquely depends on the global acceleration.

uCare

In 2012, Shi et al. proposed a fall detection system based on an apaseitl smartphone
named uCaregg]. It detectsfalHYHQWYV XVLQJ WKH DFFHOHUDWLRQ GDWD |
A threshold is used to trigger five states (normal, unstable, free fall, adjustment, and motionless).
Normal refers to ADLs, unstable is related with the moment prior the fall, free &dpierimented
when falling, adjustment deals with the impact of the fall, and motionless is the period of time
after the fall when the subject is not moving. The data collection and experiments were conducted
in a lab environment using a Google Nexus 8nghand MATLAB. The precision obtained on the
conducted experiments was 95.7% and the recall was 90%.

Wu and Tsai

In 2014, Wu and Tsai proposed a system which utilizing mobile phones tectodé detect
the falling [69. The proposed system is compos# a server (computer that calculate the value
of accelerometers) and a client (mobile phone containingaXial accelerometers). The data of
the 3 triaxial accelerometers are converted to Sum Vector Magnitude (SVM) and transformed
with the GPS locabn of the mobile phone to server that judges the falling case or not based on an
adaptive threshold including height, weight and gender. An automatic text message will be send
to caregivers and an alarm sound will trigger from the mobile phone alertiai avent.

Experimental results show that this method can detect the falls effectively.

Fall Detect
In 2014 ,Aguiaret al. proposed a smartpheieDVHG IDOO GHWHFWLRQ QDPHG 3)

purposes to identify risky fall events and consequently alert emergency contacts when the user
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does not recover [0 The fall detection algorithm developed continuously ssdba data from

the smartphone buit Q DFFHOHURPHWHU ZKHQ WKH SKRQH LV LQ WKI
GHWHFWLRQ RI D IDOO HYHQW WKH XVHUYV ORFDWLRQ LV WL
a set of contacts. The accuracy of thedallection algorithm proposed was 97.5%.

[1.1.5 Commercially available fall detection systems

There exist several fall detection products currently available in the market. Most of them are
wearable devices with easéuse designs. The most common dep&ement position is the
waist, but some devices are designed to be placed on the wrist, or around the neck. Most products
use an acceleration sensor and lithium battery, which has a maximum lifetime of up to 2 years.
They usually come with an alarm butt@llowing a manual call for help when a fall is not

automatically detected.

Some fall detection systems are already commercially available today. Products like the
9LJLT)OEATE[72], SensorBand [73], VitalBase [[{4nd othersre being commerciaked

by companies mainly for the senior care industry.

9LJLT)DOO

9LJLY)DOO zZzDV FUHDWHG LQ FROODERUDWLRQ RI 9,*,/,2 7H
Noury (INL Lyon), and it came otihe market in November 2012 [[71t is the first domotized fall
detector maintained directly on the human body via a patch that can be worn by the user in a non
LQWUXVLYH SHUPDQHQW PDQQHU 7KH 9LJLY)DOO LV EDVHG
WKH XVHU WK D W nidvahtéisan tHe Sdtidia/ riRyghf\Avhile a number of other sensors
are wirelessly attached to walls around ltleene. If the user suffers a fall, in addition to the fall
signal emitted by the biosensor, the walbunted sensors detect the absence of moveameht
wirelessly relay a signal to a central control box, also located within the home. The system send
WKH SHUVRQYV PRYHPHQWY DQG WKH FDUGLDF UK\WKP WR D
box connectawutomatically, via telephone, to a nursetmia call center if the fall occurs in the
XVHUYVY RZQ KRPH ,Q RUGHU WR GL YV W4drgs) ke dévcaisidglibped Q UH D
with datafusion software which allows it to analyze the nature of the fall (with or without impact)
and the reXOWLQJ SRVWXUH RI WKH SDWLHQW 9LJLY)DOO KDV |
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demonstrated a 90% successful detection inweald environments with false alarms practically

eliminated.

(a) Biosensor (b) Monitoring box
Figure 2.7t7KH 9LJLY)DOO V\VWHP

FATE

The European Commission and t@empetitiveness Innovatioftamework Program (CIP)
support the project named FAIl DeTector for the EIJEFTE) with the main objective offl
detection and prevention [T2FATE has been designed to be comfortable to wear, easy to use,
and noninvasive. It was deployed in June 2015 with the focus on improving the elder's quality of
life by an accurate detection of falls in ageing people, bothrattand outdoors. This has been
done by implementing an accurate, portable and usable fall detector incorporating accelerometer
that runs a complex and specific algorithm to accurately detect falls, and a robust and reliable
telecommunications layer based4digBee and Bluetooth technologies, capable of sending alarms
when the user is both inside and outside the home. The system is complemented by secondary
elements such as a bed presence sensor oittadker, an intelligent robotic walker, with the

entiresystem ensuring successful prevention and detection of falls in all circumstances.

[1.1.6 Conclusion

This section presents a detailed review of research work achieved in the fall detection systems
domain. Different approaches are thoroughly reviewed aatitgtively compared regarding the
performance and the precision. Also, the most important aspects that need to be considered when
designing FD systems are described (obtrusiveness, occlusion, multiple people in the scene,

privacy, computational cost, enggr consumption, noise, etc.).

However, all fall detection and prevention systems relying on only one data provider

(movemenisensor, camera, accelerometer, etc.) have their own limitations and do not ensure
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100%reliability [75]. Additionally, therestill is a lack in experience and systematic knowledge to
intelligently assemble theomponents into a robust, udaendly and effective system, making no

false alarm and detecting each fall case, without affectdeglg daily living patterns [7p

Multi-sensors data fusion is the area focusing on creating-mattal systems, which receive
data from several providers and perform correlation or fusion upon it in order to increase the
accuracy and reliability of the proposed systems. Moreover, a colobidtmovement sensors
and signabprocessing technologies can provide more accurate and precise fall detection and

prevention approaches.
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Section 2: Sensing floors

[1.2.1 Introduction

Sensing floors are floors equipped with sengors/arious ambient intelligence applications,
like human tracking, ADLs recognition, perception of the environmehgadth, etc. They offer
many advantages in terms of privacy, perception andimtamsive for users. They could also
provide many usefubarameters extracted from human ADL (velocity of walking, stride length
and cadence, number and type of interactions with objects, etc.). These parameters serve as medical
indicators of the state of human gait that can serve for both fall detection hpdefadntion
systems. Two types of a sensing floor were identified: modular floors (e.g. tiled floors), and
monolithic sensors (e.g. carpets). The installation of monolithic sensors is quick, as they have to
be simply unrolled onto the floor and pluggadcbmparison, the installation of modular floors is
more complex, as each component needs to be installed and connected separately. On the other
hand, modular floors offer many advantages concerning the maintenance part: module breakdowns
can be easily lalized to be replaced or fixed. Regarding sensing capabilities, the smaller the floor
tiles are, the higher is the sensing resolution, and the better is the segmentation of objects on the

floor.

Different projects using the sensing floors in ambient iigeetice contexts since 1990, for
instance, the Oracle Research Laboratory (ORL)ivaAcFloor by Addlesee et al. [}, 7the
MagicCarpet by Paradiso et al. |[78e LiteFoot by Fernstrom and Griffish [J@nd the Smart
floor by Orr and Abowd [§0These floos provided information for reasoning about the observed
space, and were later on integrated into smart environments, aimed at delivering assistance services
to users. These smart environments also integrated assistive robotic technologies with sensing
networks like the Gator Tech Smart House magethe University of Florida [§]1 the Aware
Home introduced by the Geagpa Institute of Technology [§2the RoboticRoom system develape
by the University of Tokyo [83,94 and the ActiSen activitpware sensoretwork jointly
developed by researchefm several US universities [B5Additional improvements were
brought by researchnohuman footprint biometrics [&&7], which allowed sensing floors to

identify humans by extracting features from human gait aogbfmts.
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This following section shows ra overview of existing floor prototypes, their strengths,

weaknesses and their practical applications.

I1.2.2 Existing prototypes

In this section, we present the prevailing sensing floor prototypes in chronologieal
subdividing them into monolithic and modular prototypes with the capacity to measure the
intensity of the applied pressure. We also present the floors on which more advanced applications
have been developed, such as raaltget tracking and humamaognition, together with the
features they extract and the methods they employ for human and object recognition.

[1.2.2.1 Monolithic pressure-sensing floors

MagicCarpet

In 1997, Atlantic Paradiso et al. developed the MagicCarpet, a presnsiag floothat detect
KXPDQTV IRRWVWHSY LQ WHUPV RI SRé&eHWE RQicll @QHuUmenEDFW | |
[78]. It uses a pair of Doppler radars to measure uppdy kinematics (velocity, direction of
motion, amount of motion) and a grid of piezoelieatvires. The MagicCarpet is rectangular, (3m

x 1.8m) and is easy to transport as it can be rolled up like a normal carpet.

LiteFoot

In 1998, Fernstrom and Griffish developed the LiteFoot, a floor slab with embedded sensors
WKDW GHWHFWHG XPThedysteirRfRAaser envirtfr&red optical proximity sensors
placed approximately 40mm apart in a grid in a floor sgdoe x 2m) to detect objects [[(9

LiteFoot is a rigid floor slab weighting around 100 kg, so it is not easily transportable.

Schmidtet al.

In 2002, Schmidt et al. developed a moriditpressuresensing surface [$8(2.4m x 1.8m) in
size, mounted on 4 load cells located in the corners (see Figurét®g&ystem permits to locate
and track a single person in the environment, idethigyaddition and removal of single objects

from the scene, as well as recognize when objects were being knocked over
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(a) The floor in upright position. (b) An enlarged view of the load cell supporting
the floor

Figure 2.8 £The monolithic sensing floor presented by Schmidt et al.

Alwan et al.

In 2006, Alwan et al. designed a fall detection system based on floor vibradiog a
piezoelectric sensor [§9The performance of the detector is evaluated by comducbntrolled
laboratory tests using anthropomorphic dummies. The results showed 100% fall detection rate with

minimum potential for false alarms.

Glaser et al.

The developed system is a textilased largarea sensor network, integrated into a carpet of
size (2.4m x 2m). Flexible textdeased conductive material (Microprocessor modules integrated
into a fabric with interwoven silvegplated copper wires) is shaped into (15cm x 15cm)

constructions (see Figure 2.9).

Figure 2.9- The sensing carpet presented by Glaser et al.
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This system is used for detecting footsteps ahcutating user trajectories [31]. A light will
be switched on automatically if a person presses the carpet. If a person falls down opethe car
DQG GRHVQYW PRYH IRU D WLPH SHULRG RU WKH SHUVRQ GL
emergency call will be activated. Such functionality would give elderly or handicapped persons a
chance to live a selfetermined life, without feeingBEDQGRQHG 7KH 3)LJXUH o\

sensor signals derived from the smart carpet with a person lying on the floor as depicted.

Figure 2.10 Sensor signals (left) derived from a person that lies on the smart carpet prototype like depicted in the
right picture.

Shen and Shin

Shen and Shin designed a sensing fl@mgian optical fiber sensor [P’ he system is based
on Brillouin optical correlation domain analysis (BOCDA) to detect the strain deviation along a
fiber caused by pressure events (see Figure 2.11). A 40m fiber was embedded between two layers
of soft material, forming a sensing sudagf size 1.6m by 4m. The floor was divided into 160
blocks, each of size (20cm x 20cm). The floor was able to detect and track human occupants by
applying suitable datprocessing algorithmsThe success rate of location detection was 96%, and

the estiméon error for the weight of the occupant was =5 kg.

(a) The sensing floor prototype (b) Structure of the sensing floor

Figure 2.11+The sensing floor which employs BOCDA technology.
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[1.2.2.2 Modular pressure-sensing floors
Reilly et al.

In 1991, Reilly et al. developed clinical walkway for imaging foot placement with high
resolutionthat is capable of sensing fetmtground contact for gait analysis. The system uses
magnetostrictivelelay lines that were originally developed feemoly storage in early computers
[93]. The prototype was a modular floor, consisting of panels 0.32m by 0.64m, assembled into a

2.5m by 0.64m walkway.

Morishita et al.

A modular floor sensor with high resolution, composed of 0.5m square tilegro@sse by
Morishita et al. [9% Each equipped with 4096 pressure switches in a 64x64 array, which provided
about the presence or absence of load on them. The system allows obtaining sharp images of the
surfaces in contact with the floor such as footprinthoesandinconstrained measurement of the

locations of humans, robots and objects.

Yun et al.

Yun et al. worked on several sensing floor prototypes. Thstrgrototype, the UbiFloorl [95
consisted of 144 ON/OFF switch sensors fitted onto a cushionget caith a walking area of 3m
by 1m (see Fige 2.12 (a)). The UbiFloorll [96was a (12x2) array of wooden tiles, each
measuring (30cm x 30cm) and each containing 64 uniformly distributed-ptietoupter sensors
(see Figure 2.12 (b)). The system waedito identify users based their stepping patter(gait
OHQJWK IRRWDQJOH KHHO VWULNH WLPH HWF ZKLOH WUL
sensors. The system can provide the natural interface since it does not require usgrseostas
and to pay attention to anything. Experimental results show that the proposed system can recognize

the registered users at the rate of 92%.

(b) The UbiFloorll presented by Yul
(a) UbiFloorl, presented by Yun et al et al. in [19,20] (c) Acloseup of a tile

Figure 2.12+The UbiFloor series of prototypes presentedfbow et al.
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Addlesee et al.

Addlesee et al. developed the ORL active floor, which is a modular sensing floor made of tiles
with load cells in the corners. The tiles are (0X5015m) in size, rigid, being made of 18mm thick
plywood with a 3mm mild steel plate on top (see Figure 2.13). The system uses the Hidden Markov

Models (HMMs) to classify the detected footstep traces, in ordectmnize the walking persons

[77].

Figure 2.13 Prototype Active Floor with test weight developedAddlesee et al

Pirttikangas et al.

Pirttikangas et al. designed a presssgasitive floor as part of a smart living room at the
University of Oulu [97. A 100 square meter floor was maufestripes of Electro Mechanical Film
(EMFi) material (30 vertical and 34 horizontal stripes, each 30 cm wide), which make up a (30x34)
matrix of cells of size (30 cm x 30 cm), with a sampling rate of 100Hz (see Figure 2.14). The
system is used for the tmatic human recognition using their gait pressure pattern and the
discrete HMMs. The results are promising (78% overall success rate of footstep identification),
but the problem of identification will be more difficult with several persons walkingemdgbm

at the same time.

Figure 2.14+The sensing floor composed of EMFi stripes presented by Pirttikangas et al.
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Gouwanda and Senanayake

Gouwanda and Senanaygheesent a real time foresensing instrument that is designed for
human gaitanalysis purposes [98The system uses forsensing mat that contains 144 Force
Sensing Resistors (FSR) which are distributed evenly over a 0.48m x 0.54m acrylic board (see
Figure 2.15). It is capable of recording and monitoring ground reaction foregsady human

foot during various activities such as walking, running and jumping in real time.

Figure 2.15+The structure of the FSR floor presenteddmuwanda and Senanayake

Richardson et al.

Richardson et al. developed a modular floor composed of a tessellation of interlocking tiles
connected together to create a pressersitive area of varying size and shape, giving it the
potential to be integrated into an interactive environnf@@lit The floor space uses an array of
force-sensitive resistors on each node to detect pressure, and that pressure information is output
by way of a selHorganized network formed by the floor nodes (sgeife 2.16)

Figure 2.16+Prototype tiles in amall ZTiles floorspace presented by Richardson et al.
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Rangarajan et al.

In 2007,Rangarajan et al. developed floor consisting of 96 networked pressusag mats,
arranged in a rectangular matrix of (12x8), covering a surface of 16 m2 nearly, andamighling
frequency of 43Hz [1JOEach sensing mat is (0.48m x 0.43m) in size, and is embedded with 2016
FSRs (see Figure 2.17). The floor has a high sensing resolution that allows the direct detection of
the heel and toes. The system was later useddyeal. [101107 to identify humans based on

their gait features.

Figure 2.17+The Subfloor steel framework (top left), the surface floor wooden framework (top right), the
complete view of AME Flootll after assembly (bottom).

Liau et al.

In 2008,Wen-Hau et al. developed a floor containing 25 sensing tiles (60cm x 60cm) of size,
with a spacing of 20 cm between neighboring tiles, and with a dwadiesensor under each tile
[103]. This spacing left blanks in the sensing surface of trer .flbo counter this, tracking of the
inhabitants was performed using an algorithm called Probability Data Association (PDA), which
is based on the Kalman filter. The system was able to track humans wi28jedih error between

their estimated and realdation, alsat cannot differentiate different persons having close weight.

Bose and Helal

Bose and Helal presented a tiled floor for detectingdnsmand analyzing their gait [104
developed fo the Gator Tech Smart House [8The floor hadpiezoelectric force sensors

embedded under the tiles and attached to their central support (see Figure 2.18).

36



Ph.D. Dissertation High Integrity Personal Tracking Using Fault Tolerant M&&nsor Data Fusion

Figure 2.18+The pressursensing tile presented by Bose and Helal.

Rajalingham et al.

A tiled loadsensing floor that acts as a hun@mputer interface was developed by
Rajalinghamet al. where an image of the interface is overlaid on the floor, on which users can
press virtual buttons with their feet (see Figure 2.T8g floor wascomposed of 36 tiles, each
(0.3m x 0.3m) in size, equipped by 4 fosEnsing resistor (FSR) sensors in the corners of the tile
and by vibretactile actuators beneath the plate, which could provide feedback to the users. The

system was used for three dirs@ns human posture tking using Bayesian filters [1D5

(a) The floor pressursensing interface. (b) A user interacting with floebased interface
widgets.

Figure 2.19£The sensing floor presented by Visell et al.
Rimminen et al.
In 2010, Rimminen et al. presented the use of-fiel imaging floor sensors for fall detemt

[106]. Fall classification was performed using a tstate Markov chain and posgienation based

on Bayesian filtering.

Tzeng et al.
Tzeng et al. used a floor pressure sensor for detecting high impact on the floor and an infrared
camera to identify SUMHFW YV DFWLRQV >
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Lombardi et al.

Lombardi et al. developed a (0.6m x 0.6m x dbrtiled sensing floor, where eadle tcontains
sensing stripes [108(see Figure 2.20). The system uses Randomized Tree classifiers to
discriminate between the presence of an object and a human on a tile, as well as between human
postures (standing, wailg, jumping, lying), based on the matrix of pressures sensed by the tile,
WKH PHDQ SUHVVXUH YDOXH DQG LWV YDULDQFH RYHU D WHP

(a) The installed floor prototype (b) The contaesensing stripes

Figure 2.20+The sensing floor presented by Lombardi et al. in [85].
Smartfloor

In 2014, Heller et al. developed tt@martfloor, a modular sensing floor consisting of 36
interconnected foresensig wooden tiles (0.5m x 0.5m) [1PQvith strain gauge single axis load
cells in each of the 4 corners (see Figure 2.21). A short throw projector was used to project a visual
interface on the surface of the floor. The system was used basically to study and train the dynamic
balance of athletes. Interactive applications wese developed to fight child obesity, and to help

rehabilitate elderly people for preventing falls

Figure 2.21- The complete Smartfloor and detail of a pair of tiles.
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Inria SmartTiles

In 2015, Andries et al. presented the Inria SmartTiles sefismrgor tracking and recognizing
people and objects in the environment using the weight information pdolndpressure sensing
floors [18]. The system can record the pressure profiles of static and dynamic entities (objects and
people) evolving on théloor. The pressure profiles allow tracking, localizing and recognizing
these entities. The system also aid to robotic navigation, by generating and providing the safest

navigation paths through the environment.

[1.2.3 Commercially available sensing floors

There exist severalensing floorgoroductscommercially available todayroducts like the
SensFloor [11411]], a floor network of capacitive proximity sensors, and Floorinbtofi113

by Tarkett are being commercialized by companies mainly for therssar® industry.

SensFloor

In Germany, the enterprise Future Shaffers VHQVRU IORRU V\VWHP FDOOHG 3
fields of Ambient Assistediving (AAL) and Smart Home [10,111]. It is a textilebased underlay
with integrated microelectronics and proximity sensors that can be installed underneath practically
any type of floor covering (sdéigure 2.22 (a))Whenever a person walks across the floor, the
integrated sensors in tteensor underlay are activated and a sequence of locationtime
specific sensor events is sent to the central control unit (see Figure 2.22 (b)). With the aid of pattern
recognition and computation, these signal patterns can be used to identify thjfieesrof events.
It is possible to detect the presence of people, the direction of their movement, and to recognize a
person lying on the floor after a fall. The SensFloor system is suitable for various comfort, safety
and security applications such agitshing of orientation lights, controlling of automatic doors,
fall detection, intrusion alarm, activity monitoring, leakage water detection as well as presence
recognition. In production areas the sensitive floor supports the interaction of humans and

machines by detecting the exact location of people and uses this to control the robots.

39



Ph.D. Dissertation High Integrity Personal Tracking Using Fault Tolerant M&&nsor Data Fusion

(a) The sensing floor of Future Shape. (b) The footsteps trigger sensor events, which are !
wirelessly to the processing unit for evaluation.

Figure 2.22+The SensFloor, presented by Lauterbach et al.

FloorInMotion

In France, the company Tarkett offers an intelligent and connected floor, coupled with an alert
service and monitoring of abnormal stioas called "FloorinMotion" [11R Due to its knowledge
of the healthcare market, Tarkett has developed an innovative solution that detects abnormal
situations or unusual behavior of elderly people or residents of healthcare institutions. This major
innovation is the result of studies carried out among experts irsehbisr, and listening to the
needs of patients, families and professionals. The system provides caregivers whibua &l
time information service on residents' activity in their connected living space. In addition to its
function of alerting in casef incident (fall, exit, intrusion), FloorInMotion Care, by the relevance
of the information transmitted, participates in a proactive support oriented towards theiwell

of the resident.

[1.2.4 Conclusion

The domain of sensing floors has been in dagxpansion in the last twenty years, with
applications evolving from entertainment to health monitoring and surveillance. They offer many
advantages compared to other types of sensors, in terms of privacy, perception -iatdisiva
due to their inviddility to users. Although existing floors have limited capabilities, being able to
detect people lying on the ground and tracking those walking in the environment, they have the
potential to become a versatile sensor for Aml. They can provide space agcupfarmation for
robot navigation, data on human localization, and derivate analytics like activity monitoring, and

health diagnosis for the continuous supervision of human.
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This section presents a detailed review of research work achieved in theg $lesisystems
domain, including descriptions of the sensors they use andRiRIG XODULW\ 7KH S6HFWL]I
introduce the sensing floor prototype designed by the research team at Inria, developed both for
the perception and analysis of human ac#sitiand for interaction with robots in their navigation

and exploration tasks. This floor is used for all the applications presented in this thesis.
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Section 3: The Inria Nancy £Grand Est sensing floor prototype

[1.3.1 Introduction

We have surveyed the states of the arts on existing fall detection systems and sensing floor
prototypes in the two previous sectioge will introduce now the Inri&mart apartment and its
sensing floor prototypeaveloped by LARSEN Team at Infdancy =Grand Est, which will be

used throughout this thesis.

[1.3.2 Origins of the Project

The Inria Nancy Research Center has been supporting since 2010 the design and the
construction of an innovative platform for favoring research in indoor assidtaneléerly. This
artificial apartment platform has been funded by the CPERSN! (Contrat de Projet Et&Région
20072013- Modélisation, Informations et Systéme Numérique) of the Lorraine region, with the
project InfeSitu (20162013). It consists oh standard apartment (kitchen, bathroom, bedroom
and living room), with several smart and connected dedsagnsor networks. A schematic view
RI WKLY DSDUWPHQW FRPSRVHG RI VPDUW WLOHV LV VKRZHG

The platform has been desigh® make technical experimentations easier in an environment,
which is as close as possible to reality. Many technical developments have been done during the
IPL - PAL (Inria Project Teams Personally Assisted Living)in particular, the team led by F.
Charpillet has been working both (1) on the development of new algorithms to exploit/connect the

sensors and the devices, and (2) on the effective deployment of different kind of connected devices:

f A network of depth cameraghese depth cameras are eitfveed on the wall or are placed
ontboard wheeled mobile robots. One important achievement has been to connect these
cameras to the Ethernet network, each camera being considere®a@staOperating
System(ROS) node with computation capabilities. Another achievement has concerned the
automatic calibration of theses cameras. Today eight infrared cameras and ofi2 RGB
.LQHFW FDPHUD FRYHU FRPSOHWHO\ WKH PDLQ OLYLQJ DC

apartnent. A network of Qualisys motion capture cameras is also covering the apartment to

L http://www.enseignementsugcherche.gouv.fr/cid65962/contidé-projetetatregion20072013enregion
lorraine.html#c2007
2 www.ros.org/

42



Ph.D. Dissertation High Integrity Personal Tracking Using Fault Tolerant M&&nsor Data Fusion

provide ground truth and precise robot and human tracking. The Qualisys system works at

300 frames per second (FPS) and with a millimeter precision, which will enablehisito

with a high precision the 3D position of the joints of the person we will use as a ground truth

to evaluate our approach. The frame rate of the Kinect cam is 30 FPS. The location of the
4XDOLV\V DQG WKH .LQHFW FDPHUDVWIDIKWVKRZQ LQ WKH 3

Figure 2.23 The InriaNancy smart apartment (lefthe location of the 8 cameras of the Qualisys system and
the Kinect camera (right).
f Smart tiles composeaf 104 rigid tiles (60*60 cmjepresenting a sensing floor prototype
Each tile isequipped with an accelerometer, agnetometerand four load sensors
SRVLWLRQHG DW HDFK 7KRHY KDWY R) EHHIH GHVLJQHG E\ &KD
cooperation witiHikob®*and the Inria SED (Services d'Expérimentation et de
Développement) of Gremble during the PAL evaluation period. The pressure sensors
employed (strain gauge load cells) measure the load forces exerted on the floor. The
HPEHGGHG DFFHOHURPHWHUY GHWHFW VKRFNV WKDW FDQ
the ground. The magtometers serve to detect metallic masses located on the tiles, such as
robots. Each tile also has 16 lighnitting diodes that provide visual feedback. The sensors

are queried periodically for measurement data, with a frequency of 50 Hz.

3 http://www.hikob.com/
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(&) Smart tile bottom view (b) Smart tile top view
Figure 2.24+The smart tiles. The bottom view (a) shows the pressure sensors located in the corners, as well as the
accelerometer and the CPU visible in the center. The biztalles feed 16 light emitting diodes (LEDs) that are used
for providing visual feedback and shown in top view (b).

Cartography of this apartment composed of smatrt tiles with their identifiers is showed in the
3)LJ X UH The red dotsn the corners of tiles indicate the positions of the pressure sensors.
The walls are shown in black. The tiles under the furniture in the sleeping room (top left room),
under the toilet in the bathroom (top middle room), and under the kitchen furroforegtit room)

have been left unequipped with sensors, and are shown here in grey.

Figure 2.25 Cartography of the tiles composing the sensing floor, with their identifiers.

I1.3.3 Research projects of the Inria Nancy+Grand Est research center

The Inria Nancy Grand Est center conducts sustained activity in the sector of information
science and technologies, including computer science, applied mathematics, control engineering

and multidiscipline themes situated at the crossroads between ititormscience and
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technologies and other scientific areas, including life sciences, physics and human and social

sciences.

Many research projects have been achieved in partnership with the French National Centre for
Scientific Research, the University obiraine, the University of Strasbourg and the Univesity

Franche Comté.

f Living Assistant Robot (LAR) (2022016): The goal of LAR is to design a mobile assistant
robot to improve the autonomy and quality of life for elderly and fragile persons at home.
The LARSENteam is contributing to the project studying the robot navigation, perception
and interaction, user modeling through machine learning, human tracking and human activity
tracking and recognition.

f MUROTEX (20142015) (Multi-agent coordination inrobotics exploration and
reconnaissance missignd’he main objective of the project is to develop a distributed
planning framework for efficient tasklocation planning in exploration and reconnaissance
missions by a group of mobile robots operating nnuaknown environment, considering
communication constraints and uncertainty in localization of the individual team members.
One main challenge is to decentralize the decision, in order to scale up with a large fleet of
robots (existing solutions are cealized or depend on full communication).

f ANDY (20172020) Advancing Anticipatory Behaviors in Dyadic Hum&obot
Collaboration AnDy influences theobotic technologies by providing robots with the ability
to control physical collaboration througitentional interactionThis projectrelies on three
technological and scientific breakthroughs. First, AnDy will innovate the way of measuring
human wholebody motions by developing the wearable AnDySuit, which tracks motions
and records forces. SecoraDy will develop the AnDyModel, which combines ergonomic
models with cognitive predictive models of human dynamic behavior in collaborative tasks,
which are learned from data acquired with the AnDySuit. Third, AnDy will propose the
AnDyControl, an innovate technology for assisting humans through predictive physical
control, based on AnDyModel. AnDy paves the way for novel applications of physical
humanrobot collaboration in manufacturing, heatthre, and assisted living.

f CoDyCo (20132017) |WholeBody Compliant Dynamical Contacts for Cognitjve

Humanoid$ The CoDyCo project aims at advancing the current control and cognitive

understanding about robust, godirected wholébody motion interaction with multiple

45



Ph.D. Dissertation High Integrity Personal Tracking Using Fault Tolerant M&&nsor Data Fusion

contacts. GDyCo will go beyond traditional approaches: (1) proposing methodologies for
performing coordinated interaction tasks with complex systems; (2) combining planning and
compliance to deal with predictable and unpredictable events and contacts; (3) validating
theoretical advances in reabrld interaction scenarios with @humanoid robot

engaged in wholeody goaldirected tasks. The evaluations will show the iCub exploiting
rigid supportive contacts, learning to coemgate for compliant contacts, and utilizing
assistive physical interaction.

f SATELOR (20142018) (Region Lorraine industry & research project): The aifatélor
project is to develop services for maintaining safely elderly people with loss of autonomy at
home or people with a chronic diseadesvorks toward developing a technology for an
augmented and sensorized environment (including actistymobile robot) that can monitor
the patient activity at home and inside public/private healthcare facifigscularly to
detect anomalies and discontinuities in the rhythm of daily activities, and to detect falls of

elderly people.

More projects are also offered suchSGIARAT (20162018} |PsyPhineg(20152018) with
details on https://team.inria.fr/larsen/projects/ @RESIBOTS (20158020} with details on

http://www.resilientrobots.net
Additionally, many theseare also presented such as:

f Amandine Dubois uses Camera RGBN her thesis entitled "Fragility measurement and
elderly fall detection system that can serve elders at home". She proposes a system to detect
falls and prevent the filay of the elderly{65].

f OLKDL $QGULHV ZRUNV RQ WKH ORDG VHQVRUV LQ KLV WK
DQG URERW FRQWURO WKURXJK D @rDgedéhtighrdd@ed ne@RR U’
techniques for tracking and recognizing peopid abjects in the environment, using the
weight information preided by loadsensing floors [13].

f AbdallahDib proposes in his doctoral thesis a system for capturing human movement in 3D
for a mobile robot evoing in a crowded environment [4]L The proposed system uses a
low-cost RGBD camera being able to be embarked on a mobile robot capable of locating
and following the person in motion and of estimating its posture even when the person being

followed is partially obscured by objects.
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This thesiswill explore and analyze the capabilities of such sensing floor. More formally, it will
explore the paradigms applicable for the analysis of sensing information coming from an
omnipresent floepressure sensor, located inside a delimited physical spacdomain of
application, we will focus on assisted living facilities for elderly people by detecting elders' falls,
locating and tracking them, as well as recognizing their main ADLs. The purpose is to allow elders
to age comfortably at home, and also tuae the workload of the medical persorindiospitals,
retirement homes and similar faciliti@he main sensors used in this work are the Gauge pressure
sensors and LSM-8xis accelerometers concealed under intelligent tiles.

[1.3.4 Intra and inter tile s communications

Besides being equipped with a set of sensors, each tile also hav@ardmprocessing unit, as
well as a ZigBee wireless technolog¥EE802.15.4 basednd wired connection, which also
provides electric power and supports a-t@ak process communication with its neighbors and
any agentaid on it [113. Moreover, nodes use the ROS for intercommunication between multi

agent models to provide for instance, a navigation system for mobile robots (see FigUterR.26)

Figure2.26 +PeKeell robot communicating with an interactive sensing floor.

[1.3.5 Inria sensing floor capabilities

The main objective of our research on this floor sendocating and tracking elders at home,
recognizing their main ADLs, as well as detectfalling down cases. Yet large number of
applications have already been implemented including mobile objects localization, footsteps
extraction and tracking, human frailty evaluation, weight measurement, visual guidance, breathing

tracking, asvell as games entertainment [1]L3
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[1.3.6 Conclusion

We have presented in this section, the sensing floor prototype developed at Inria earoy
Est. Compared to the previous sensing floor prototypes, it requires a lower number of sensors per
piece, and havedditional capacity to store information and perform distributed computations on

the tiles of this modular floor.

We also provided an overview of the preliminary applications already implemented in this
platform. Supplementary advanced applications deeel@m this floor during this thesis will be
presented later, together with directions for future work.
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General conclusion

This chapter surveys the state of the art of FD systems and sensing floors domain, including
performance and accuracy evaluations for several studies. It aims to serve as a point of reference

on elderly falirelated and assistive living systems.

Many suportive technologies and systems have been developed to track and monitor elderly
ADLs in order to assist their independent living and reduce the cost of premature
institutionalization. However, most of these systems are relying on only one data provider
(movementsensor, camera, or accelerometer, etc.) that have their own limitations and do not
ensure 100% reliability. Additionally, there is always a lack of experience and systematic
knowledge to intelligently assemble the components into a robustfrigsetly and effective
system, making no false alarm and detecting each fall case without affecting elderly daily living

patterns.

Consequently, this work is geared towards offering a novel system for elderly tracking, ADLs
recognition, and fall detectionsimg a set of naimtrusive sensors networks that provides more

accuracy, reliability and efficiency, as well as system fault tolerance.

In the next chapter, we will explore the Inria Nanr€yrand Est sensing floor as an innovative

smart home for favoring research in PAL domain as an Aml application.
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Chapter Ill - Processing and simulating data fronthe Inria Nancy +
Grand Est sensng floor

Overview

This chapter focuses @mocessing and simulatiratacollected fronthe InriaNancy +Grand
Estsensing floor. The aim is to explore the abilities of such floor to serve as a smart home in the
Aml domain that offers localization amichcking of elderly, ADLs recognition, and automatic FD
system, using a neimtrusive sensors network (load pressure sensors and accelerometers)

concealed under tiles.

The chapter is composed of three main sections and a general conclusion.

f Section lintroduces the technique for scanning the load pressure distributions on tiles that
DUH XVHG WR ORFDWH DQG WUDFN HOGHUYV DV ZHOO DV U

f Section 2presents the methodology of accelerometer data collection, features extraction,
features selection, signal changing detection, and classification methods that are used to
detect falling cases

f Section 3 shows how can the merging between the load pressure sensors results and the
accelerometers decisions serve to enhance the system accuracy,

f General conclusion recapitulates all the three previous sections.
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Section 1: Processing and simulating data from the load sensing floor

[11.1.1 Introduction

This section describes the ongoing work of huméocalization and trackingactivities
recognition and fall detection in independent living senior apartments Usathpressureensors
and 3axis accelerometers concealed under intelligent tiles.|Iddek pressursensors permit to
locate and track elders as well as recognineesADLs. However, the fall detection accuracy on
real data contains false alarms coming from lying down postlicesolve this issue, we propose
merging between the load pressure sensors measurements and the accelerometersAkeaisions.
consequence, theystem accuracy is satisfactory and the results show that the proposed methods

are efficientand can be integrated in a r€alL system

[1l.1. 2 The load pressure sensors of the Inria NancygGrand Est platform

$V PHQWLRQHG L €6 WKW Lé&cK ideSs3kddiigped with four load pressure sensors
located at the corners and concealed under the tiles (see Figuréhgdgload sensorsf the
brand SparkFun SENO0245 measure the load forces exerted on the fldbe specification of
the sensord V VKRZQ LQ WKH 3)LJXUH ’

Figure 3.1+£The smart tiles. The bottom view shows the pressure sensors located in the corners.

4 https://www.sparkfun.com/products/10245.
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Figure 3.2+Specifications and image of the SparkFun SEI45 load sensor.

[11.1.2.1 Load frequency distribution and sensors calibration

The load frequency distribution measured by the sensors sesr@&aussian for each sensor
individually, while it has approximately normal distribution shape for the combined 4 sensors.
Moreover the sensor has a randomly offset when no pressure is ekistadke the values more
comprehensible, a calibration of tlead sensors has to be performed and a function converting
arbitrary sensor units to newton must be determined. Two calibration values are needed to
determine the linear function of data conversion on each tile: the first is gotten by measuring the
presswe when there is nothing on the floor, where the second will be calculated after placing a
known weight on each til&his function showed a linear correspondence between the measured
and real values with a slope of 0.13B8. 1 pressure unit measured by the load sensor corresponds
to 0.1335 kg or 133.5 g) (see Figure 3.3). These measures were obtained with a combined noise
ratio of the four sensors nearly +2 Kipp obtain maximum precision, each sensor should be

calibratel separately, which makes this procedure long. Supposing that all tiles have the same
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slope of their conversion functions, a faster joint calibration method of the 4 sensors of a tile can
be easily madgl13].

Figure 3.3£The load measuid@earity for a tile. The intervals that can be seen instead of expected dots are due to
measurement noise.

[11.1.3 Load data collection

The data collection is in charge of recording specific variables in a methodical method that
ensure the accuracy amdlidity of the colleted information 116. This procedure starts by
identifying the variables needed and determining where and how this data can be gathered. Data
can be compiled in different ways such as measuring items, weighing items or observgggchan
Meaningless information or noise is removed from the data and only useful values are used to form
the final output database. These values have to be normalized before being used. Attributes are

adjusted to share a common measurement scale.

During thiswork, six different volunteers at the ages of 28, 30, 39, 42, 44 and-GQ@ere
participated to make ten different scenarios repeated five tBgetem test contains four kinds of
the main ADLs (i.e.walking, sitting, standing, and lying dowajhd divese kinds of fallings.
Activities were made with different ways like soft and hard falls, fast and slow walking, falling
from sitting and falling from walking, etc. Some scenarios contain 1 subject and others contain 2
different subjects. From the signgsnerated by the load sensors and the accelerometers under the
tiles, a raw database was built to be used in this work. In this chapter, we will proceed with the
load data to track and recognize elder ADLs.

54



Ph.D. Dissertation High Integrity Personal Tracking Using Fault Tolerant M&&nsor Data Fusion

The data generated by the load sensing floobegpassed to a data processing software either
as a recorded .txt file, or through a ROS publisher/listener interface by publishing it on the
corresponding topic. The software treats the data packets sent regularly by the tiles every 20
milliseconds. Datas finally converted to .mat file (which is readable by Matlab) andthas

following format
Gauge [IP/ID] [msg_I0 [Timestamp] [ValA] [ValB] [ValC] [ValD]
Where

f Gaugeis the type of sens@ending these data

f [IP/ID] is the IP/ID addressf the tile,

f [msg_ID] is the identification number of the message

f [Timestampl]is the timestamp (in milliseconds) recording,

f [ValA] is the value for the first gauge sensor (arbitrary units) (force),

f [ValB] is the value for the second gauge sefiaditrary units)force),

f [ValC] is the value for the third gauge sensor (arbitrary u(fiisge),

f [ValD] is the value for the fourth gauge sensor (arbitrary u(fas}e).

2QH FDQ VHH WKH IRUPDW RI WKH GDWD VHQW E\ WKH ORDC

Information Load Data
Sensor type IP/ID msg_ID | Timestamp| ValA | ValB | ValC | ValD
Gauge 192.168.1.40 4648 | 1.455E+12| 1920| 1919 2174 | 1212

Table 3.1tFormat of data packagm®mntaining pressure measurements.

[11.1.4 Elder tracking and ADLSs recognition using the load data

The load sensors measure the load forces exerted on the floor that can belassdiioe for
examplewhere you are stood on the floors surface and the way you are stood. In addition, we will
proceed in this work to determine the posture of the monitored person (walking, sitting, standing,
lying down, falling down, etc.) by combining the pressure amoheatptessure duration on a tile,
and the tiles proximity (the floor surface exerted by load forces) using a relatively simple algorithm
that represents one of the contributions of this thesis. As a result, omecognize the main
elderly ADLs, localize ad track them, as well as detect their fall®nsequently, tiles can be
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HISORLWHG WR HIWHQG DJHQWVY SHUFHSWLRQV DyQi¢ck FRPP XC

assistance after fall detection algir17,118].
[11.1.4.1 ADLs definition

ADLs are rautine activities that people tend do every day without needing assistérecmain
ADLs studied in this work are: walking, sitting, standing and lying down. This work aims to
recognize each activity and equally the transitions between them by deterthenpasture of the
monitored person, as well as detect falling down cases. The following diagram shows the main
ADLs and falling states, as well as the transitions among them (see Figure 3.4).

Figure 3.4- State diagram of the main ADL with tleansitions among them.

[11.1.4.2 Characteristics of all postures

In this section, the characteristics of different kinds of posture were defined based on the load
forces exerted on the floor and other information (the tiles proximities and the duidéisejl on
the scenarios of all occurrences, we experimentally identified the characteristics of each activity

and we can note the following:

f Walking: the load forces exerted on the floor are high and move on neighbor tiles within a
short time period.

f Standng: the load forces exerted on the floor are high and they are fixed on the same tiles
for a time period.

f Sitting: the load forces exerted on the floor are split between less than 2 linear tiles and they
are fixed on the same tiles for a time period.

f Lying down the load forces exerted on the floor are split among at least 3 linear tiles and

they remain on the same tiles for a time period.
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f Falling down this posture has the same characteristics of the lying down one regarding the
load forcesexerted orthe floor.

f Unknown: we also take in consideration the situation where the person is going outside or
existing in an area that is unequipped with sensors (i.e. taking a bath or a shower in the
bathroom), and the case where there is a sensor defect. lnasas) there is no load force

exerted on tiles, and they are deno2dUrknown’

Note that the number of linear tiles is the number of tiles in a same row or in a same column

(straight line).

Number of linear tiles = 2 Number of linear tiles = 3 Number of linear tiles = 3

[11.1.4.3 Load data processing

From the gauge database tables, we obtain 4 matrices (nxm) where their values correspond to
the load forces exerted time 4 load pressure sensors of each tile. The matrix dimensions n and m
correspond to the number of tiles per row and per column respectively of the platform. Also we
calculate another matrix (nxm) where their values correspond to the mean load fortess @xe
the 4 force sensors of each tile. The load forces were calculated after being normalized and filtered
from noise, and they were reset to zero where no person exists on the tiles. The algorithm searches
the maximal value of the mean load forced tegon each tile and then compare this value with
two predefined thresholds. The first (thresholdl) can distinguish the walking/standing postures
from the sitting/falling/lyingdown/unknown ones. Then the proposed method differentiates
between walking andtanding up postures regarding the duration of load force exerted on a tile
using its identifier and comparing it with the previous one. On the other hand, the second threshold
(threshold2) distinguishes between the unknown posture and the sitting/Mfiahigglown. Then,
the sitting was differenced from falling/lying down based on the number of linear tiles exerted by
load forces (tiles' proximity)1[9]. See thecharacteristics of all postures defined in the previous
paragraph.
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The threshold1 and titareshold2 are estimated to 3/4 and 1/4, respectively, of the maximum
value of the load forces exerted on tiles. Since, we found when observing the forces exerted on the
tiles that the maximal values were obtained when the person is walking or standsoywe,
choose the threshold 75%. Whereas these values are lower in other postures because the load force
is distributed on different tiles, so we choose the threshold 25%. The detailed flow chart of the

DOJRULWKP LV VKRZQ LQ WKH 3)LIXUH ’

Figure 3.5 Flow chart diagram of the algorithm.

This system has shown high accuracy to locate elder and estimate the main Activities Daily
Living (ADL). Unfortunately, the pressure sensor is insensitive to lying down posture, and it
generate a falsslarm of falling since more than three linear tiles are exerted by load forces for the
both postures. An alarm from the force sensor will signify that someone was falling; even the

person was lying down.
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[11.1.4.4 Experiments and results

To illustratethis procedure, a program was developed using Matlab, which shows the different
information and decisions depending on the video sequence (several sequences have been
processed but only one is presented h&e$ults showhat our proposed system can differentiate
among the different ADL postures with a good accuracy, unless the cases of falling and lying
down.6L] SRVWXUHYVY DUH VKRZQ LQ-WKH FHDPRZIXTUKH XPNFBHAY S
means that there is mpe&rson on the floor.

Each figure contains four pictures that represent:
(a@): the video snapshot taken from an RGE.ameras fixed on the wall.

(b): the exerted force on a tile for a period of time. Zero level of exerted force indicates that
there is no peson and denoted as unknown posture. High level of exerted force for a short
time on a specific tile indicates a walking posture. High level of exerted force for a long time
on a specific tile indicates a standing posture. Moderate or low level on leghrialinear
tiles indicates a sitting posture. Moderate or low level on more than three linear tiles indicates

a lying down or falling posture.

(c): the cartography of the apartment represented as ingelarities can be identified
between the pregsee sensing and imaging domains. The pressure perceived by-a load
sensing surface is analogous to the amount of light perceived by anrecagging sensor.

Both in imaging and pressure sensing, the sensor can be shifted by less than a pixel width to
register a slightly different part of the incoming light or pressure. In this work, the dark cells
have identified as free (due to the absence of pressure on the tile), while the white cells are

cells that are identified as occupied (see Figure 3.6).

(d): the posture estimated by our system (as a caption for the picture in red color) with the

trajectory followed by the person (content of the picture).

Figure 3.6 tAmount of pressure representation.
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One can see the estimated postures of different ADLsthgthuman movement tracking in
WKH 3)LIXUHV

Figure 3.7- Unknown posture.

Figure 3.8 Walking posture.
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Figure 3.9 Sitting posture.

Figure 3.10- Standing up posture.

Figure 3.11- Lying down posture.
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Figure 3.12 Falling posture.

2QH FDQ VHH REYLRXVO\ WKDW MWXMW KN WULRBBWHE SRVWXUH
the same as the real posture shown in the picture (a), and this result validates the proposed approach
for ADLs recognition using the load sensors. Onthe okb& QG LW LV FOHDU WKDW LQ
WKH UHDO SRVWXUH LV 3)DOOLQJ" VHH SLFWXUH D ZKLOH
picture (d)). Thus, one can st®t the proposed methods are accurate to recognize ADLs. To
prove this accuracy, the mass center localizagdracted from a Kinect camera fixed on the wall
of a subject playing a sequence of (walkisitting £alling-standingwalking) is drawn in the
3)LIXUH " WR YDOLGDWH1WYKH HVWLPDWHG SRVWXUHV

Figure 3.13 Localization of the mass center of a subject with the estimated postures results.
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To generalize this result, ten different sequences with six different subjects were tested to show
theaccX UDF\ DQG WKH HIILFLHQF\ RI WKH SURSRVHG V\VWHP 37
Rl $'/V]f SRVWXUHYVY HVWLPDWLRQV

Real postures Estimated postures Sensitivity
60 Unknown 60 Unknown 100%
150 Walking 148 Walking + 2 Standing Up 98.7%

65 StandindJp 60 Standing Up + 3 Sitting + 2 Unknown 92.3%

42 Sitting 40 Sitting + 2 Unknown 95.2%
20 Lying down 19 Lying down + 1 Sitting 95%
34 Falling down 32 Lying down + 2 Sitting 0%

Table 3.2+6HQVLWLYLW\ RI $'/V] SRVWXUHYV HVWLPDWLRQV

The first columrdescribes the real postures of the six subjects in the ten sequences. The second
column shows the estimated postures of the proposed methods. The third column shows the
sensitivity or the True Positive Ratio (TPR = TP / (TP+FN)) of the proposed systene, Whe
and FN are respectively the numbers of valid and invalid estimated postures, 100% indicating that

all real postures were truly estimated.

[11.1.5 Conclusion

In this section, we have seen how a network of load pressure sensors can be exploitaurto perf
ADLs recognition and human movement tracki@ge can see by using the load sensors concealed
under tiles, we can track humans and distinguish between the main ADLs postures defined above
(unknown, walking, standing, sitting, and lying down) with ahhégcuracy, but it is impossible
WR GHWHFW WKH IDOOLQJ GRZQ FDVHV DQG (s¥eHigure3n4) HVWLP |
Therefore, wepropose the usage of theais accelerometer measurements witreshold
based algorithno detect falls sice they aravidely used in fall detection systems
Section 2 will present how to process the accelerometer data to distinguish between lying down

postures and falling down cases.
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Figure 3.14 ADLs recognitionusing simple pressure sensors.
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Section 2: Processing and simulating data from the accelerometers

[11.2.1 Introduction

In the previous section, we have seen how a network of simple load sensors can be exploited to
perform elder tracking and ADLSs recognition. However, results contisi@ &arms coming from
elder fall cases that are estimated as lying down postures. These results prove that load sensors

cannot distinguish between lying down and fall postures.

On the other handqutomatic fall detection is a major issue in PAL and hasptential of

increasing autonomy anddependence while minimizing the risks of living alone.

Consequently,a provide reliable system with minimum false alarms rate in ADLs recognition
and detect each case of fall, we propose the use of the accelerometers especially that they are

usually used to detect elderly falls.

This section describes a novel approachdefecting elderly falls in independent living

apartments using accelerometer concealed under tiles

[11.2.2 The accelerometers of the Inria Nancy+Grand Est platform

Each tile of the Inria platform is equipped with an LSMu3s accelerometer of the brd
LSM302 that measuréhe acceleration of a moving or vibrating body in the X, Y and Z axis.
Centrally located and concealed under the smart tile¢ VKRZQ LQ WKH 3)LJXUH
accelerometers can detect impacts with the floor (e.g., falls, ball boursteg)thresholdased
algorithms The LSM303breakout board combines a magnetometer/compass module with-a triple
axis accelerometer to make@pact navigation subsystem. The I12C interface is compatible with
both 3.3v and 5v processors and the two pins can be shared by other 12C dénaasbles are
DV VPDOO DV SRVVLEOH WR PLQLPL]JH WKH HIIHFW RI WKH F
shielded to reduce the noise generated by external siihalspecification of this sensor is shown
LQ WKH 3)LIJXUH

5 https://learn.adafruit.com/Ism3@&celerometeslashcompassbreakout
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Figure 3.15+The smart tiles. The bottom view shows the accelerometer and the CPU visible in the center.

Figure 3.16+Specifications and image of the LSMaRis accelerometer.

[11.2.3 Accelerometer data collection

Every accelerometer generates data that can be passed to a data processing software either as a
recorded .txt file, or through a ROS publishistdner interface by publishing it on the
corresponding topic. The accelerometers are queried for measurement data with a frequency
around 50 HzThe sampling frequency of 50 Hz was chosen because it has been shown to be high
enough for acceleration daaadysis in fallFrelated motions120121]. Data is finally converted

to .mat file andollows the following format:
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Lsm [IP] [msg_I0Q [Timestamp] [AccelX] [AccelY] [AccelZ]
Where
f Lsmis the type of sens@ending these data
f [IP] isthe IP address of the tile sending these data,
f [msg_ID] is the identification number of the message,
f [Timestamp]is the timestamp (in milliseconds) of recording,
f [AccelX] is the X value of the tile accelerometer,
f [AccelY]is the Y value of the tile accetameter,

f [AccelZ] is the Z value of the tile accelerometer.

2QH FDQ VHH WKH IRUPDW RI WKH GDWD VHQW E\ WKH DFFH

Information Accelerometer Data

Sensor type Tile ID msg_ID | Timestamp X Y Z

Lsm 192.168.1.2§ 15786 | 1.45562E+12| 46 18 | -72

Table 3.3tFormat of a data package containing acceleration measurements.

[11.2 .4 Fall detection using the accelerometer data

The main objective of usingccelerometer is to (1) detect human fall thatare of the major
causes of morbidity and mortality in elderly population, and (2) enforce the accuracy of the
proposed system by reducing the false alarms rate derived from falling cases estimated as lying
down postures. Raw data collected from accelerersetoncealed under tiles is proceeded by
someprocessing taskis order to obtain meaningful information to be used in fall detection. In
this view, PAL would widely benefit from neimtrusive, reliable, eftient, and affordable system
[20]. The acceler® HWHU GDWD SURFHVVLQJ VWHSV LV VKRZQ LQ WKt
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Figure 3.17+The accelerometer data processing steps.

[11.2.4.1 Accelerometer data preprocessing

After collecting data from the accelerometers, a preprocessing phase takebpkauagless
information or noise is removed from the raw data and only useful values are used. These values
are normalized to share a common measurement scale. After that, data tables are fragmented into

fall and nonfall fragments to obtain two differentasses, and then followed by windowing step.

[11.2.4.1.1 Data fragmentation

The start and the end of each fall action have been annotated based on the pictures and the
videos taken fronrRGB-D cameras fixed on the wall. Similarly, for each normal activage,
suitable start and end times have been chosen so that the delimited time span contains activities as

similar as possible to falls, i.e. with highly varying signals

111.2.4.1.2 Windowing

Each signal is divided into smaller time segments calledlows of fixed length and with a
fixed overlap. Overlap is normally used to avoid an arbitrary, rigid partitioning of the signal, which
could result in sample boundaries cutting across important features. Good values for both window
size and overlap haveeen found through preliminary experiments as 50 samples and 25 samples,
which correspond to 1 second and 0.5 second respectively. The windowing process is shown in
3)LIXUH ’
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Figure 3.18 Windowing process

[11.2.4.2 Features extraction

7KH QXPEHU RI IHDWXUHYVY RU SDUDPHWHUYVY LQ D GDWDVLE
descriptive power. The more features a dataset has, the more expressive it is. However, finding
meaningful relationships among the instances and the class can beifincult decause the
feature space grows exponentially with the number of features. Features extraction is the process
by which relevant characteristics or attributes are identified from the collected data. It is also
known as dimensionality reduction besa only features that best describe the input data are
selected from the raw data, and meaningless information or redundant features are discarded.
Therefore, the size of the dataset is reduced, and this reduction usually lowers the work of the
subsequennodules 122]. In this view,20 features (16 linear and 4 nonlinear) are extracted from
each window dataFeatures have been cautiously picked in order to get a more descriptive and
smaller output datasetean Power Frequency (MPF), Peak Frequency @€ Deciles which
contain the Median Frequency D5, parameters extracted from the wavelet packet decomposition,
Time Reversibility (TR), Detrended Fluctuation Analysis (DFA), Lyapunov Exponent (LE), and
the Sample Entropy (SE).

[11.2.4.2.1 Linear parameters

a) Parameters related to power spectral density

In statistical signal processing, the goaltled $ectral Density EstimatiofEDE) is

to estimatehe powerspectral density that characterizesftieguencycontent of the signallpP3].
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TheWelch's method iased in this worklt is based on the concept of usipgriodogranmspectrum
estimates, which are the result of converting a signal from the time domain to the frequency
domain. Welch's method is an improvement on the stamp#arodogranmspectrum estimatm
method and oBartlett's method, in that it reduces noise in the estin@iaer spectrin
exchange for reducing the frequency resolutidmns Welch Periodogram uses a window of type
Nonequispaced Fast Fourier Transform (NFWwith a size equal to thialf of signallengthand

50% overlap

f Periodogram is the basic modusguared of the discrete Fourier transform.
f Bartlett's methods the average of the periodograms taken of multiple segments of the signal
to reduce variance of the spectral densityreste.

f Welch's methods a windowed version of Bartlett's method that uses overlapping segments.

In our work, 11 frequency parameters are extracted from the power spectral density PSD: mean
frequency MPF 124], peak frequency PF [B2126], deciles D1.-D9 [127] that corain the
median frequency D51P6,127,12§. Deciles correspond to frequencies-DD9 that divide the

power spectral density into parts containing 10% of total energy.

o 5:B@RB &I, 5 B@B (3.1)
b) Parameters extracted from wavelet packet decomposition

The decomposition of signals into orthonormal bases (discrete wavelet transform) is based on
the theory of multresolution analysis. This theory provdsat we can analyze a signal by
decomposing it into approximation and detail coefficien9[1The wavelet packet transforms a
signal from the time domain into tirfeequency domainSeveral families exist in wavelets such
asHaar, Daubechies, and SynddEach windowsignal is split into an approximation and detail
coefficients that are divided afresh into a sectawal approximation coefficients and detail
coefficients, and so of130]. The approximations correspond to smoothed versions of the low
pass filtered signal, and the details contain only the information of high frequencies or
discontinuities. As a final point, we calculate the variances on the following details levels 2, 3, 4,
5 and 6 (named W1, W2, W3, W4 and W5), which are used for clasghas proposed by Diab
et al. in[131] (see Figure 3.19).
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Figure 3.19 Wavelet packet decomposition.

The sampling frequency used in our work is 25 Hz. Therefore the detail coefficients bandwidth
are: Detail 2 [6.26+12.6 Hz], Detail 33.13 £6.26 Hz], Detail 4 [1.57+3.13 Hz], Detail 5 [0.79
+1.57 Hz], and Detail 6 [0.4:0.79 Hz] (see Figure 3.20). These selected details contain more

than 96% of the signal energy and cover the frequency band of interest.

Figure 3.20 Treeof the wavelet packet transform. The highlighted packets are the ones selected in this study.
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[11.2.4.2.2 Non-linear parameters

a) Time Reversibility (TR)
TR tests if the process dynamics stay well defined when reversing thatames' sequence. It
is a good indication of nonlinearitythe TR characteristic of a signalis then calculated as

following:

6Ni;LC—5?A§§@>5:T:@FT:@Fi;;7 (3.2)

Where N is the signal length ands the time delayk-or more details sg&32].

b) Detrended Fluctuation Analysis (DFA)

DFA is an important method for measuring the autocorrelation ofstadionary signals by
calculating the signalomplexity using the fractal propertyL83]. It was first proposed by Peng et
al. in 1995. This method is a modified root mean square method for the random walk. Mean square

distance of the signal from the local trend line is analyzed as a function ®pstameter.

c) Lyapunov Exponent (LE)

LE studies the stability and the sensibility on initial conditions of the system. It measures the
rate of trajectory separation betweenaadnt tracks in phase spade4,135]. In our study, we
have used the equatioB)to calculate LE described in34:

aAaLHEIHEI
AT e &4

@AH K@@ ixsde (3.3)
Where & .4 aepresents the Euclidean distance between two states of the system to an arbitrary
time B, and ae¢« c;eeorresponds to the Euclidean distance between the two states of the system at

a time latet.

d) Sample Entropy (SE)

SE is used to identify the regularity of signals. In our work, we have us&athple Entropy
described in135]. They indicated that a least predictable time series have higher sample entropy.
Considering a time serieswhich represents a signal of lengttand patterngaj :r& d F s;of
lengthm, withm< N,and=FE L T.:EEF, :EL r&@ d FsaFL r& & F | ; The tine series
xin atimet =ts, x (ts,...,tstmil) as a match for a given pattaapif T:P @ E F = FE Q Nfor

eachr Q EO | . Sample Entropy is then computed as follows:
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FHKIGZ—path Mr & %, 5 Mr
4D7-;

5,4 T L P -
FHK@%A&% Lr é %o L1

(3.4)
Where the four parametels m, r andCmrepresent, respectively, the length of the time series,
the length of sequences to be compared, the tolerance for accepting, and the number of pattern
matches (within a margin foy that is constructed for eaom The value of equals 0.2 according
to the literature ananis determined by the method of tlase nearest neighbors (FNN) [128

111.2.4.2.3 Results of features extraction
As mentioned above, 20 parameters have been extracted from the original signals that can be
used in order to improve the HUIRUPDQFH 7KH H[WUDFWHG SDUDPHWHU
LQ IXQFWLRQ RI WKH QXPEHU RI ZLQGRZV 7KLV VLJQDO

Figure 3.21- Some Extracted Parameters (1: TR, 2: DFA; $Vavelet Packet decompositioarameters, 8: MPF,
9-18 Decil, 19: SE, and 20: LE).

It is clear that most of extracted parameters have a high peak in case of fall. So, the new target
is now to select the most relevant one that separates between falling adingrcase and then

detec¢ the modification on the signals when fall took places.

[11.2.4.3 Feature selection

7KH QXPEHU RI SDUDPHWHUY LQ D GDWDVHW KDV D GLUHFV

The more features a dataset has, the more expressive it is. However, finding meaningful
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relationships among the instances and the class can be more difficuisdelca feature space
grows exponentially with the number of features that causes problems in pattern recognition and
classification techniques. On the other hand, by selecting only the features that best describe the
input data and discarding redundand awoisy features, the size of the dataset is reduced and it is
very helpful in improving the performance of learning algorithms regarding the speed of learning

and the predictive accuracyJg.

In other words, feature selection is generally defined &aecls process that is used to find a
"relevant” subset of featurgssafrom those of the starting subset of featufgsee Figure 3.22).
The notion of relevance of a chosen subset of features always depends on the objective function
that evaluateD SSOLFDQW VXEVHWY DQG UHWXUQV D PHDVXUH RI W

by the search strategy to select new applicants.

Assume that(={ B,B « B « B }is a set of features of size, wheremrepresents the total
number of originafeatures ancE1 to | . ,is an evaluation function of a chosen subset of features.
We assume that the greatest valuewill be obtained for the best subset of features.

The aim of the selection is to find a subg¢etc={ Ba,Ba « Br « Bp}ofsizep (p<l), GF
P" «l}, and (sa»C(such as:
( (sa®) = Max (5% (3.5)

Where 5%s a candidate subset of featur&pC( and the size ob6%can be a number, either
already defined by the user, or controlled by one of the generation methods of subsets which will

be described in the next section.

Figure 3.22 Feature selection technique.
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[11.2.4.3.1 Feature selection process

Thegeneral process for a feature selection method is composed of four steps: subset generation,
subset evaluation, stopping criterion, and result validation.

The subset generation is a research strategy that is used to select cardlidatsubsets for
evaluation [13}. Then, an evaluation criterion measures the goodness of this candidate subset,
and then compares it with the previous best one in order to determine whether this subset is suitable
or not. If the new candidate subset is found to be bétteplaces the previous best subset. These
two processes are repeated until a given stopping criterion is satisfied. Finally, a validation part is
used in order to check the valilitf the selected best subset [L88e Figure 3.23).

Figure 3.23 Featre selection process.

a) Subset generation
The subset generation step in feature selection process udallaligto three categories [1B5

f Exhaustive or complete searchn this approach, a complete research on all subsets of
features is performed gelect the "best" subset of features. This research strategy ensures to
find the optimal subset. The main problem of this approach is that the number of the possible
subsets increases exponentially with the number of features, so it requires too much
compuing and time.

f Heuristic search:In this category, a heuristic approach to guide research is used. The
algorithms that use this approach are usually iterative algorithms which each iteration allows
selecting or rejecting one or more characteristics. Taeregearch can start with an empty
set and successively add features (i.e., sequential forward selection), or start with a full set

and successively remove features (i.e., sequential backward selection), or start with both ends
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and add and remove featursgnultaneously (i.e., bidirectional selection or stepwise).
Algorithms based on heuristic search are simple to implement and fast in producing results
but they can complete the process with some risks of losing optimal subsets.

f Random search:The procedre of random search (also called stochastic or- non
deterministic) is to randomly generate a finite number offealures sets to select the best.
In addition, random search strategies converge quickly to a generaldgemal” solution,

which is preferhle to avoid the phenomenon of oVearning.

b) Subset evaluation
The methods used to evaluate a subset of features in the selection algorithms can be classified

into three main categories: "filter", "wrapper" and "embedded".

i) Filter methods

The filter methodswere first used for the features selectitm.such methods, the subset
selection procedure is independent of the learning algorithm and is generallyrageesing step.
The approaches that are based on this model often use a heuristic approach as a research strategy,
and a feature relevance score is calculated to indicateeléneance [19]. The best subset of
features obtained by this technique is presented as inthe tdassification algorithm. The main
disadvantage of this method is that it disregards the influence of the selected feature on the
performance of the classifie@bviously, this leads to a faster learning pipeline but it is possible
for the criterion ued in the prgrocessing step to result in a subset that may not work very well
downstr@m in the learning algorithm1f0,141147. The procedure of the filter model is
LOOXVWUDWHG LQ WKH 3)LJXUH

Figure 3.24 Procedure of the filter model.
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The mos important measures used in the literature as score or evaluation criteria are:

f Distance measure$or a twaclass classification problem, a featurésfmore relevant than
another featurexfif f1 leads to a greater difference between the conditipreddabilities of
the two classes thapn Euclidean or other distances can be used here.

f Information measures or entropgetermine the information gain of a given feature. A
feature f is scored more than if the information gain is greater for thanfor f..

f Measures of dependences or correlatiatescribe the ability to predict the value of a feature
from another. In feature selection for classification, a featuseetter than the featureiff
the correlation between the featuramd clas€ is greater than the correlation of the feature
fand C.

i) Wrapper methods

Unlike filter approaches, the subset selection takes place based on the learning algorithm used
to train the model itself, and these methods allow detecting the possible intesdmtitween
features. The two main disadvantages of this methotharecreasing of oveitting risk when
the number of observations is insufficient, and the significant computation time when the number
of variables is large. Obviously, this means thatputationally intensive leamg algorithms
cannot be used [1434]. 7TKH SURFHGXUH RI WKH ZUDSSHU PRGHO LV LO

Figure 3.25 Procedure of the wrapper model.

iii) Embedded methods
Recently, embedded methods have been proposed to reduce the classification of learning by

combining the advantages of both previous methbds.search for an optimal subset of features
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is included in the classifier construction and can be regarded asch sethe combined space of
feature subsets and assumptiffi#b].

In this work, several wrappdd QG ILOWHU PHWKRGV ZHUH XVHG 7KH 37DEOH
disadvantages of these two techniques.

Method Advantages Disadvantages

Fast, Independent of classifier, Ignores interaction with classifier

Filter Better computational complexity

Simple, Interacts with classifier, Computationally intensive, slow
Models feature dependencies, execution, isk of overfitting
Good classification accuracy

Wrapper

Table 3.4- Advantages and disadvantages of the filter and wrapper methods.

c) Stopping criteria
Some criteria must be defined to stop the search process such as:
f The search is completed
f A threshold is reached, like good rate of classification, minimum number of features or
maximum number of iterations.

f There is no possibility of finding a subset better than the current subset.

d) Validation

A simple way for result validation is to directigeasure the result using prior knowledge about

the data. As in the case of synthetic data where the relevant features are known in advance, we can
directly compare this known set of features with the selected features. However;viondal
applicationsvhere no prior knowledge are existed, we have to rely on some indirect methods by
monitoring the change of mining performance with the change of features. For example, for a
selected feature subset, if we use the classification error rate as a perfordarater, we can

simply conduct the before and the after experiments to compare the error rate of the classifier

learned on the full set of features and that learned on the selected $88set [
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l11.2.4.3.2 Review of a few selection methods

In this pat, we present some features selection methods of literature used in this work. We
chose to present methods based on different research techniques defined previously as well as
different techniques of evaluation. We also develop and theoretically exanememaethod called
Histogram Comparison Method (HCM), and a combination of this method with another well
known method called Sequential Forward Selection (SFS); HCM combined to SFSSHASM

these two methods are considered as contributions to this thesis.

a) Sequential Forward Selection (SFS)

SFS is the first method proposed in 1963 by Marill and Green for features selection. SFS starts
with an empty data set and proceeds by expanding the data set with the feature, of which addition
to the data set boostse wrapped model performance most. The algorithm adds features in such
manner recursively until stopping criteria is niet]. The pseudo code of this method is presented

LQ WKH 3$O0OJRULWKP

Algorithm 3.1: SFS

1. Input:

(={ B, B « BE « Bl }, m: size of featuresBAs a vector of values for feature i of all
observations O

% "~ F 4}, [ is vector of classes corresponding to eabkervation

2. Output:

(Bar={ BO « BOF« B, P: size of features selectddx /), FO" «/}

3. Initialization:

Start with an empty set of featurésae= 1, ; =1, ' =1
4. While |; _1 B=@& argmaxBN; (; éB

=" &{ (; éBa}

;= € Ba

End while

(sais the subset corresponding to mir) (

5. Return (g m

Starting with an empty subset, the value of the criterion functlpms(calculated for each
feature by using a classifier. The feature presenting the best classification perfornsateces
(fadd) and then added to the subse) (The next step consists of adding sequentially the feature
B=@®hat has the highest criterion function €fasd) when combined with the set of featuhes
that has already been selected. In this WBAS is implemented starting from a single parameter
subset to the full parameters set in order to plot and analyze the classification error along the
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complete procedure. Finally, the combination of features that have the minimum classification

error is closen.

b) Relief

Relief is a feature selection algorithm used in binary classification proposktebgt al in
1992 [147. This method can estimate the quality of features through a type of nearest neighbor
algorithm that selects neighbors (instances) ftbensame class and from the different classes.
From the whole instances, a random samp§ (s firstly chosen. An instancéffis selected
UDQGRPO\ 1HDU +LW DQG 1HHpdoe Gdlcvisted RdingwikeHnmdaQuxeWwD Q F H
Euclidean distancéNear Hit ()" is the nearest instance that belongs to the same class of the
selected instance (having the minimum Euclidean distance with this instance). "NeaviMiss (
the nearest instance that belongs to a different class of the selected indt@nefard, weights
(W) for each featurdfi are estimated based on these Near Hits, and the Near Misses according to
the following equation:

U«N‘ A & E XUUU&@J%@ (36)

x0U
9yL 9yF ol 3

Where:
B4js the value of the featurBEor the instanceH

B i) @ Bggare the neighborhoodsand / for the featurdi

B BEs +

. » 4UBOREDUHO 4 RgOABEaOR
x Nominal, @ E B atgO0L < yopeonepasi0oaoac

10 KUp?1 O R Asg;

k_viUs?kgl:Us

Where | =T( Bleis the maximum value of the featuBEand 8=H Bl is the value of the

x Numerical, @ E BEgatgoL

feature BEor the instanceH

This adjustment process of weights is repeatetlifinstances. The Relief algorithm
produces weights for each feature, and selected only the features having weights greater than or
eqgual to a threshold. The Relief pseudo code BYrHQWHG EHORZ LQ WKH 3$0OJRUL\
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Algorithm 3.2: Relief

1. Input:

(={ B, B « BE « Bl }, m: size of featuresBEs a vector of values for feature i of all
observations O

% {cl, c2},Cis vector of classes correspondingsich observation

NS = Number of sample by default equal to 0

2. Output:

(ea={ BO « BOF « B@}, p: size of features selectgg<I| ), D" «I}
3. Initialization:

Start with an empty set of featur¢sae= 1

Initialize all weights9 EO

4. for j=1:NS

Randomly selecting an instance (observatiiof the set of observations
Find their Near Hi{fH) and Near MisgM)

for i=1:m

o Lo p QEERBY  OQF BRSO
vE=u 05 05

end for

endfor9 ={9 «9E «91}

for i=1:m

if 9 B Threshold

Add featuresBEto (g a®
end if

end for

5. Return (g a»

c) ReliefF

Kononenko et al. propose a number of updates to Relief methach works only with the
two-class problems to the multiptdass problems. It aims to estimate the quality of features
according to how well their values separate the instances according to their distance in the problem
space. Given randomly selected instances, the algorithchssdor the k nearest neighbors from
the same class and k nearest neighbors from each of the other possible classes. Based on which
class do the neighbors belong to, the algorithm updates the feature quality information by
increasing its value if the faae separates instances with different classes well and by decreasing
its value in the opposite scenario. The process of random instance selection is repeated for several
times, where the number of iterai®is prechosen by the user [1}7The pseudo caxof this
PHWKRG LV SUHVHQWHG LQ WKH 33$0OJRULWKP © ,Q WKLV Z

value larger than the average value of all weights after being obtained.
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Algorithm 3.3: ReliefF

1. Input

(={ B,B «BE « Bl }, m: size of featuresBks a vector of valugfor feature i of all
observation O

%" F  «}F Cis vector of classes corresponding to each observation
NS =Number of sample by default equal to 0

2. Output:

(e a={ BO « BOF « B@}, p: size of features selectg@g< /), FO" «/}

3. Initialization:

Start with an empty set of featur¢sae= 1

Initialize all weights9 EO

4. for j=1:NS

Randomly selecting an instané®f the set of observations

Find their MNear Hit *={ *1,*2 « *p « *y

and theirMNear Miss/ ={ /1,/2 « [ p « /[ »}

fori=1:m
) R .6
a ) 2:% Ad @ E BEBg 45
. @EBRER.° ) SF2:?H=ELO" @ 05
9yL 9 F | = E | -
O5UM . O05UM
c@ Y» ORQBgee

% 2 %is the probability of the clas%oZ KLFK EHORQJV WK REKH SQHDU
end for

end for

9={91 «9Ee« 9}

fori=1:m

if Wi> 6DNADKHD

Add featuresi to Fgest

end if

end for

5. ReturnFgest

d) F-score
F-scoreis a simple and effective criterion to measure the discrimination of each fdzdges

on statistic characteristics, it is independent of the classiftessore is given by the following

equation:
Y S AT
. . i) -U>. i) .U
F-score(i) = — - == Uy,
U g'6. 8i,=6i g U "7 . :7i,=7ig '
”GYUA‘BU'"‘é?". ’U>TYUA‘8L'J'”‘é?”' «U
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—>; =17, — . ., .
Where : 3 , : ¢y and : pareare the averages of the ith feature of the positive, negative and

whole datasets). and J, are the number of positive and negativeanses respectively; artq;j

and p; are the ith feature of the kth positive instance and"Hedture of the kth negative

instanceA largerF-score(i)indicates that the feature is more discriminative. A known deficiency

of F-score is that it considers each feature separately and therefore cannot reveal mutual
information between features. Howeversdéore is simplerad generally quite effective [8. In

our work, we selected the feature with the highestdie value. The pseudo code of this method

LV JLYHQ LQ WKH 3$0OJRULWKP

Algorithm 3.4: F-score

1. Input:

(={ B,B « BE « Bl }, m: size of featuresBEs a vector of values for feature i of all
observations O

%" F «1}F Cis vector of classes corresponding to each observation

2. Output:

(Best={ BO « BQ. «B@}, p: size of features selectgg<I1), D" « |}

3. Initialization:

Start with an empty set of featurésas= 1

4. for i=1:m
E (.) _.6 7, .05 _'.7 7, .0
-score(i) = —— e - ——
df “6U7uA‘gu¥-f§’?"' O 7U7UA ATHA I
end for
f(- OKNA={ (-OKUH («OKNKE « (- KNI )}
or i=1:m

if (- CKNK [E> Threshold
Add featuresBHEO ( gest
end if

end for
5. Retum (Best

e) Histogram Comparison Method (HCM)

The histogram is an important tool that represents the statistical characteristics of data. The
histogram is used to represent the distribution of each feature extracted from the signal to be
classified. HCM was proposed to measure similarity or dissityildor a given feature by
comparing the distance of theo histograms. It is a novel filter model, which calculates the
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discriminative ability of each featuseparatelyThat is to say, features with higher distance have
better separation ability in daification problems. The algorithm of HCM is defined as the
following: We assume twalass classification problems. An instance is represented by a vector
composed of m features values. For each fedyvee calculate the distance valu&; by gang

from the maximum valug/ = T; to the minimum value (E J;with a fixed threshold, and for

each step, we count the difference between the numbers of instances of each class that are above
the threshold (i.e.@B; ;. Finally, we accumulat¢he differences denoted score valugy L

A @B;). The parameter that has the higher distance value is the most discriminant, and it was
selected. HCM is computed as the follows:

& L AA@SE&MOG F 0§ Lud;
Where 0 and 0 are respectively the number of instances of the ith feature belong the first and
the second class, that are abovettineshold 21]. The pseudo code of this method is given in the
S$OJRULWKP

Algorithm 3.5: HCM

1. Input:

(={ B, B,....BE« Bl }, m:size of featuresBEs a vector of values for feature i of all
observations O

%{ cl, c2},C is vector of classes corresponding to each observation

2. Output:

(Best={ BO « BOM 8@}, p: size of features selected, (p¥% FH* « /}

3. Initialization:

Start with an empty set of featurésas= 1

4. for i=1:m
yiiqs

pglL i i z2 Fz?
§7<«™7e'S§

end for

D={pg « Pe « P&}
(sa= the features having the most high value®ef
5. Retum ( Best
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f) HCM-SFS

HCM can only examine the discriminative ability of each individual feature. Hence, features
with low scores will be disregarded, even if they@mplementary to the top features and might
be very useful when they have combined with others parameters than were considered each one
lonely. In the other hand, SFS yields the discriminative capacity of multiple features but it also
suffers from the nestg effect; a parameter added in a given step cannot be removed during the
next step. Hence, we introduce the H@®S method, which combines the two previous methods
HCM and SFSZ1]. Relevant features selected by HCM are afresh passed to SFS for pic& out
most pertinent features group of theBonsequently, we get rid from the problem of choosing

features individually presented in HCM and also from nesting problem of SFS.

[11.2.4.3.3 Results of feature selection

First, the developed HCM is testeds&lect the discriminative parameters on synthetic data and
evaluate its efficiency compared to wkliown methods in literature. Second, we will show the

results of parameters' selection to select the most relevant parameters from the extracted set.

In this view, a synthetic database is generated with a Gaussian noise, composed of 200
observations that are divided into two classes each of 30 parameters around the value (0) for the
ILUVW FODVV DQG DURXQG WKH Y DO 6is the'differéhtke MtiéenVHF R Q C
the two classe®©ur aim is to test the efficiency of HCM regarding its accuracy to select relevant
parameters and its time del&ur method shows a good accuracy in relevant parameters selection.

For a difference value between twasses ¢; greater than 0.4, the error rate ratio is around 1%
which is clearly lower than ReliefF (30%) ane€ore (12%ps shownL Q WKH 3)LJXUH

Figure 3.26- Comparison of ReliefF, Bcore, and HCM error rates.
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We also have been noticttht the time latency of HCM (0.03s) is less than the ones of ReliefF
(0.05s) and fscore (0.045s). This characteristic allows this method to be used in some applications
ZKHUH WKH WLPH LV FULWLFDO 7KHVH UHVXOWM3ZIUH WDNHC
CPU @ 1.70GHz (4 CPUSs), ~ 1.7GHz with 4GB RAM.

Since HCM identifies only the discriminative ability of individual feature, and SFS suffers from
the nesting effectve integrated the HCMSFS method that determines the distinctive capacity of
multiple features WthEHWWHU DFFXUDF\ WKDQ 6)6 HVSHFLDOO\ IRU
( ¢<04). For example, the error rate ratio is decreasing from 72% to 28% fer@1)(see Figure
3.27).

Figure 3.27- Comparison of SFS and HCHIFS errorates.

Thereafter, HCM is applied on the 20 extracted parameters to select the most relevant since it
LV PRUH VLPSOH DQG IDVW 7KH 3)LIJXUH " VKRZV WKH UHO

Figure 2.28 Relevance scale of the parameters.

Using one oftte most three relevant parameters (D5, D6, and W3) instead of the original signals
can reduce the dataset size and consequently improve the efficiency of our system. In this work,

we choose the D5 as discriminative parameter to separate between fallmandalting cases.
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[11.2.4.4 Signal change detection

Signal change detection is the ability to detect that a change occurred on the characteristics of
a signal and making some inference about the actual time of change. Most detection algorithms
are essentially based on the statistical theory of hypothesis testing that detects changes in the
behavior of a stochastic process over time and makes some inference about the actual time of
change 149]. The problem is to decide between two hypothdsisgnd HM VHH 3)LJXUH

Identifying the likely time that a fall may have occurred is called change point identification.

Figure 3.29 Signal change detection.

[11.2.4.4.1 Results of signal changing detection

Many scenarios containing differeADLs (walking, sitting, standing, lying down, and falling
down) took place. Activities were made with different ways like soft and hard falls, fast and slow
walking, falling from sitting and falling from walkingrhe aim is to detect the signal changing
when fall occurs on time in order to discriminate between falling andfalimg states. The
3)LIXUH " VKRZV WKH VLIJQDO FKDQJLQJ ZKHQ D IDOOLQJ
before being drawn.
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Figure 3.30+An image snhapshot takdérom a RGBD Kinect camera (left). The correspondent accelerometer signal
(right). One can see the signal changing when a falling down case occurs.
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Based on the hypothesis that most of extracted parameters have a high peak in case of human
falls, we devedped a thresholdased algorithm to detect the signal change when a fall down
RFFXUV 7KH 3)LJXUH " VKRzZV WKH H[WUDFWHG SDUDPHWH
(a), and the fall detection with a good accuracgbp The changing point idenitiation has been

also specified.

Figure 3.31+Parameter changing detection when a fall occurs.

Thirty four falling down cases are tested using the proposed system. The results were very

promising with a sensitivity of 94.1%.

[11.2.5 Evaluation

Evaluation is an essential phase in this work to systematically assess the obtained results.
Indeed, the ROC (Receiver Operating Characteristic) curves are frequently used as a tool for
diagnostic test evaluatiod ROC curve is graphical plothat illustrates the performance of
abinary classifiesystem as its discrimination threshold is varigdas been used for decades

in many domains such a@ata miningand machine learnind 50].

Consider a twelass prediction problenbipary classificatio)y in which the outcomes are
labeled either as positive (p) or negative (n). There are four possible outcomes from a binary
classifier represented in a confusion matrix. If the outcome from a predicfiand the actual
value is als, then it is calld atrue positivg(TP); however if the actual valuenghen it is said
to be afalse positivd FP). Conversely, tiue negativé TN) has occurred when both the prediction
outcome and the actual value areandfalse negativéFN) is when the predictiomutcome

is n while the actual value is (see Figure 3.32).

89



Ph.D. Dissertation High Integrity Personal Tracking Using Fault Tolerant M&&nsor Data Fusion

Figure 3.32+Confusion matrix

A ROC space is defined by FPR and TPR asdy axes respectively, which depicts relative
tradeoffs between true positive (benefits) and false posiirests). Since TPR is equivalent to
sersitivity and FPR is equal to (specificity), the ROC graph is sometimes ddlilee sensitivity
vs (1- specificity) plot (see Figure 3.33). Each prediction result or instance of a confusion matrix
represents one pu in the ROC space.

. e - Lo AXT
f TPR is also known as sensitivity, reaadlprobability of detection R TmaorGmaibgroml

o 62 s
e 6 2E (0 U

AJT

f FPRis also known ggall-out or probability of false alarm KRece 1gGanibgrom|

2
WZA'LﬁL SFSLA?EBE?EPU :u&r;

Figure3.33- ROC space.
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The best prediction method would return a point coordinate (0,1) of the ROC space in the upper
left corner, representing 100% sensitivity (no false negatives) and 100% specificity (no false
positives). The (0,1) point is also callegexfect classification. A chance guess would give a point
along a diagonalThe points above the diagonal represent good classification results, while the

opposite points represent poor results.

In this work, the ROC curve is applied and #rea underhte curve (AUC)is calculated to
compute the ability of each parameter to discriminate between falling ani@lhog postures.
AUC is chosen because it is the most used as an evaluation rhetficlhe more the AUC value

is high, the more the parametediscriminative (see Figure 3.34).

Parameter P1 Parameter P2

Figure 3.34tFor two parameters P1 and P2, thiribution probability (left) and the corresponding AUC (right).

Therefore, we compute the distribution probability of each parameter for all the falling cases
and the nosfalling cases then we calculate the AUC for each one in order to estimate each
capability to discriminate between falling and Hafling cases. Theesults are presented in the
37TDEOH

Parameters AUC Accuracy Sensitivity Specificity Test result
D5 0.875 0.875 1 0.75 Good
D6 0.875 0.875 1 0.75 Good
W3 0.85 0.85 0.75 0.75 Good
D4 0.75 0.75 0.75 0.75 Fair
w4 0.75 0.75 1 0.5 Fair
W5 0.725 0.75 1 0.5 Fair
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w1l 0.675 0.75 1 0.5 Poor
W2 0.675 0.75 1 0.5 Poor
MPF 0.65 0.75 0.5 1 Poor
D2 0.65 0.75 1 0.5 Poor
D3 0.65 0.75 0.75 0.5 Poor
D7 0.625 0.75 0.75 0.5 Poor
D8 0.625 0.75 0.5 0.5 Poor
LE 0.625 0.75 0.5 0.5 Poor
D9 0.575 0.625 0.75 0.75 Fall
DFA 0.575 0.625 0.75 0.75 Fail
TR 0.55 0.625 0.5 0.75 Fail
D1 0.525 0.625 0.75 0.5 Fall
DO 0.525 0.625 0.75 0.75 Fail
SE 0.5 0.625 0.5 0.5 Fall

Table35t7KH UHVXOWV RI HDFK SDUDPHWHUfV GLVFULPLQDWL
The first column contains the parameters extracted from the accelerometer signals. The second,
third, fourth, and fifth columns contain the calculated values of the AUC, Accilsensitivity,
and specificity respectiveljf.he sixth column describes the test result of each parameter based on

the AUC nterpretatiorvalues below152].

AUC Interpretation:

f 0.92-1.0: Excellent
f 0.72-0.8: Fair
f 0.51-0.6: Fall

f 0.81:9.0: Good
f 0.61-0.7: Poor
f Remember that <0.5 is worse thgmessing

[11.2.6 Conclusion

The objective of using the accelerometer under the tiles is to discriminate between falling and
nonfalling postures (see Figure 3.35). Upon this aim, a database was built from the collected
accelerometer sensing floor signals.
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Thereaftermany parameters were extracted from accelerometer signals. These parameters are
stored in asmaller output datasétat are used in this work in order to increase the efficiency of
the proposed systenThe efficiency appears by improving thengputational speed and the
prediction accuracy of the proposed system.

Later,D QRYHO DQG HIILFLHQW DOJRULWKP FDOOHG 3+&0° ZDV
relevant features. Results show a good efficiency in both accuracy and computatiomtpaseco
to wellknown methods in literature. Then, we apply a signal detection algorithm on the most
SHUWLQHQW IHDWXUH WR GHWHFW WKH VLIJQDOYV FKDQJLQJ

Results show that the proposed approach can easily distinguish between falling doam and n

falling situations with a high accuracy.

The next contribution of this work is the merging betweenldhad pressure sensors and the

accelerometers decisiotsget profit in both human fall detection and ADLSs recognition.

Figure 3.35 Falling detetion using accelerometer.
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Section 3:Merging between the load pressure sensors results and the

accelerometers decisions

[11.3.1 Introduction

The previous two sections explored the capabilitiesinria Smart apartment and its sensing

floor prototypeas a tool for Aml.

First we started by exploiting the load pressure sensing floor. We gave an extensive account of
the data collection and processing to localize, track and recognize elderly dddigthe weight
information provided by the load sensing floor. We showed that the pressure sensors signals can
be used to differentiate among walking, standing, and sitting states, but they confuse between

falling down and lying down postures (see FgGr36).

Figure 3.36+ADLs recognition using load dada.

Second, we have used the LSMaxiial accelerometers embedded in the floor tiles to detect
people falls. We finally succeed to differentiate between falling down cases and normal ADLs

performed byhumans (see Figure 3.37).

Figure 3.37tFall detection using accelerometer dada.
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Therefore, we propose to fuse the load sensor results with the accelerometer decgebns to

profit in both elderly fall detection and ADLSs recognition.

[11.3.2 Merging between the load sensors results and the accelerometer decisions

We showed that the load pressure sensors can be used to differentiate between walking,
standing, and sitting states, but they confuse between falling and lying down postures. We also
showed that accelerometers could easily differentiate between the tallihgorfalling states.

Hence, by fusing the load sensors results and the accelerometers decisions, we can have a system
that recognizes elderly ADLs and detect falling ca3é&& complete process flow chart of the
VI\VWHP LV VKRZQ LQ WKH 3)LJXUH ’

Figure 3.38xFlow chart diagram of fusing the load sensors results and the accelerometer decisions.

95



Ph.D. Dissertation High Integrity Personal Tracking Using Fault Tolerant M&&nsor Data Fusion

[11.3.3 Results

To test and validate the proposed system, ten different sequences with six different subjects
were tested to show the accuracy and the é¢#fiQ F\ R1 WKH SURSRVHG V\VWHP 7KH
WKH VHQVLWLYLW\ UHVXOWY RI ERWK IDOOLQJ GRZQ GHWHFW

Real postures Estimated postures Sensitivity
60 Unknown 60 Unknown 100%
150 Walking 148 Walking + 2 Standing Up 98.7%

65 Standing Up| 60 Standing Up + 3 sitting + 2 Unknown 92.3%

42 Sitting 40 Sitting + 2 Unknown 95.2%
20 Lying down 18 Lying down + 1 Falling down 95%
34 Falling down 32 Falling down + 2 Lying down 94.1%

Table 3.6 £Sensitivity of faling downGHWHFWLRQ DQG $'/VYT SRVWXUHV HVWLPD

Thus, one can see that the proposed methods are accurate (the system sensitivity is greater than

94% for thefall detection of persons and more than 92% for the discrimination between the

different ADLs

[11.3.4 Conclusion

This section shows how can the merging between the load pressure sensors results and the
accelerometers decisions serve to enhance the system accuracy. By combining the load sensors
results with the accelerometers decisions, the Inria Na@egnd Est sensing floor permits ron
intrusivelyto locate and track elder, recognize their activities, and detect falling down(seses

JLIXUH ’ 7KLY ZRXOG PHHW WKH SUDFWLFDO REMHFWLYF

assistive technology faiders living in their senior home.
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Figure 3.39+ADLs recognition and fall detection.
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General Conclusion

This chapter proposes a fine elder tracking, activities recognition, and fall detection system
using a set of nemtrusive sensors. The proposed system is based on the merging between the

results of the load pressure sensors and the accelerometere ttai@aled under the smart tiles.

Actually, most of existing fall detection systems use wearable sensors mounted on the person
or a camerdased systems that are uncomfortable to the elderly. Moreover, most of prevailing
sensing floors are used to tratdgate and detect human fall cases. Whereas, the idea behind this
ZRUN LV WR SURYLGH D V\VWHP WKDW QRW RQO\ WUDFNYV
recognizes their activities (walking, standing, sitting, lying down, and the transitions betwee

them), using a set of neantrusive sensors that grants privacy and comfort to the elders.

Indeed, the largscale deployments of the proposed system require a large number of sensors
and are expensive. However, due to the recent rapid advancementoimaitidn and
communication technologies, sensors will be cheaper in the near future to reduce the cost of the

system installation.

The main problem that emerged during this work is the faulty measurements that can be derived
from sensors defects, which teatosignificantfalse alarmsAnother limitation of the previous

algorithm is that it cannot track different people if they are close and exist on the same tile.

Consequentlythe work is geared towards tracking people and adding a fault toldtesice

methodin the area of faulty sensors, which consist the core of the next chapter.

To end up, our challenge is to offer a usendly system with higher privacy amutegrity

within a reliable, efficient and affordable framework.
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Chapter IV - Multisensory data fusion with detection and exclusion
of faults based on KullbackLeibler divergence

- Personal Localization System

Overview

In the previous chapter, we have study how a network of load sensors combined with
accelerometers concealed undenart tiles can be exploited to perform object localization and
tracking, ADLs recognition and fall detectiodne can observe that by merging load sensors and
accelerometers decisions, we can locate and track people, recognize their main ADLs, and detec
any falling caseThis would meet the practical objective of this work in AmI domain by offering
assistive technology for elders desiring live in their senior hélogever,sensors are vulnerable
to a plethora of different fault types ardroneousneasirements that can compromise system
accuracy and performance after their deployment.

Consequentlythe work is geared towards tracking person(s) and adding adéarntfusion
methodin the area of faulty sensors. Therefore, there is a necessity of more than one data provider
to permit the detection and exclusion of faulty measureméigsn this aim, we propose
integrating the distributeldad pressuresensorsvith a sinulatedinertial measurement unit (IMU)
assumed to be hely a person. IMU is chosen since it has a large usage in navigation and tracking
applications, thus it can be used to track people while the load pressure sensors can provide

redundant data to correct @neous estimated tracks.

The main contributions of the work presented in this chapter are:

f Developing a method able simultaneously to localize people in addition to detecting and
excluding the faultygensors and erroneous measurements,
f Developing of a sbtributed architecture for muliensors data fusion with a measurements

diagnosis,
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f Developingof a residual for detection and isolation of erroneous measurements using an

informational metrics based on the use of the Kullblagkler divergence.

The chpter is composed of two sectioaisd a general conclusion:

f Section 1 presents the work positioning with a brief state of art,
f Section 2 is dedicated for the description of the proposed approach
f General conclusion evaluates the performance of the devedgpedach and presents the

perspectives.
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Section 1: State of the art and work positioning

IV.1.1 Multisensory data fusion: definition and objectives

In general, data fusion refers to all tasks that demand any type of parastetation from
multiple sources. Information fusiasitypically employed as synonyms of data fusion; but in some
scenarios, the terimformation fusionis employed to define already processed data, while the
termdata fusioris used for the data obtainddectly from the sensors (raw data). In this sense,
the terminformation fusionmplies a higher semantic level thdata fusion. Other terms
associated with data fusion that typically appear in the literature include decision fusion, data

combination, dta aggregation, mulsiensors data fusion and sensors fusi&3][1

Researchers in this field agree that the most accepted definition of data fusion was provided by
the Joint Directorsfd_aboratories (JDL) workshop [1543$ P XIeval process dealing with the
association, correlation, combination of data and information from single and multiple sources to
achieve refined position, identify estimates and complete and timelygsassets of situations,
WKUHDWY DQG WKHLU VLIJQLILFDQFH

In other words, data fusion can be defined as the combination of multiple data sources to provide
a robust and complete description of an environment or process of inféregioal is to obtain a
lower detection error probability and a higher integrity and reliability by using data from multiple
distributed source®ata fusion is commonly used in detection and classification tasks in different

application domains, such as military applications, tpmsng systems and robotics [155

IV.1.2 Data fusion methods

The data fusion can be implemented using one of three theoretical frameworks: probability
theory, belief theory, and possibilities theory. But, usually all of them share the following four
steps [156:

f Modeling: it consists in representing the information to be merged;

f Estimation: it depends on the modeling. It is not systematic but often necessary. For example,

it consists in estimating the distributions of probabilities;

f Combination: this igshe main step of the merge in which the data is grouped in order to

obtain better information;
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f Decision: this is the last step of the merger system. In this step, a decision criterion is used

to judge the result of the fusion.

However, the most widely usethta fusion methods employed in robotics, recognition, and
navigation originate in the fields of statistics, estimation and comi@sdt of them are based on
control system theory and employ the laws of probability to compute a vector state from a
measuements vector or a stream of vector measuremientsed, probabilistic methods are now
considered the standard approach to data fusion in all tracking and navigation applit&@pns [
SUREDELOLVWLF GDWD IXVLRQ PHWKR G&f cbrubkhing ii@Hdnd O O\ ED
observation information. Practically, this may be implemented in a number of ways: through the
use of the Kalman and extended Kalman filters, through sequential Monte Carlo methods, or
through the use of functional density estimakagthermore, there are a number of alternatives to
probabilistic methods that include the theory of evidence and interval methods. These alternative
techniques are not as widely used, but they still have special characteristics that may be useful in

spedfic problems.

V.1 %D\HVY UXOH

%D\HVY] UXOH OLHY DW WKH KHDUW RI PRVW GDWD IXVLRQ |
and graph theory. To construct a Bayesian network, we must define an acyclic oriented graph
representing knowledge. Each eodf the graph is a random variable and the relations between
the nodes are adeled in a probabilistic way [15@ ,Q JHQHUDO %D\HVY UXOH SU
make inferences about an object or environment of interest described by &, giaten an
obseratonz 7KHVH DUH PHWKRGV %D\HVY UXOH SURYLGHYV D PHDC(
or environment of interest described by a statejiven an observatiom using probability
distributionP(x, 2) [159.

2:VT;2:T;

IV.1.2.2 Kalman filter

In 1960, Rudolph Emil Kalman has introduced the Kalman filter (KF). It is an iterative
mathematical process that uses a set of equations and consecutive data inputs to quickly estimate

the true value (position, velocity, etc.) of the object being measwtesh) the measured values
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contain unpredicted or random error, uncertainty, or variation. KF is a very popular fusion method
that has been subject to extensive research and becoming a widely usedetodlealng with

noisy systems [10The algorithm weks in a twestep process: the prediction and the update. In

the prediction step, the KF produces estimates of the current state variables, along with their
uncertainties. Once the outcome of the next measurement (necessarily corrupted with some amount
of error, including random noise) is observed, these estimates are updated wsighted
average, with more weight being given to estimates with higher certainty. The algorithm can run
in real time recursively, using only the present input measurementi@pdeviously calculated

state and its uncertainty matrix; no additional past information is required.

KF yields the exact conditional probability estimate in the case that all errors are Gaussian
distributed. Extended Kalman filter (EKF) method thatkgoon nonlinear systems has also been
developed.7KH 3)LJXUH " VKRZV WKH VFKHPD RI KRZ .) ZRUNYV

Figure 4.1- Kalman filter schema: prediction and correction phase.

IV.1.2.3The information filter for data fusion

The informational filter (IFuses the informational form of the state vector and the covariance
matrix respectively named information vector (y) and informational matrix (Y). Like the KF, the
IF is broken down into two steps: a prediction step from the system evolution model and a
comrection step resulting from the use of the observationthe estimation procedur8ome

advantages of &hIF over KF are listed below [1@562):
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1. Computationally simple correction step that permits to easily manage a relatively high

number of observains,

2. Although the prediction equations are more complex, prediction depends on a propagation
coefficient, which is independent of the observations. Thus, it is easy to decouple and

decentralize where the number of observations varies over time,

3. Thee are no gain or innovation covariance matrices and the maximum dimension of a matrix
to be inverted is the state dimension, which is usually smaller than the observation

dimensions in a muksensors system.

These characteristics provide the scalabditg the fault tolerance to the system. Furthermore,
in order to develop the information estimation method for nonlinear systems, the extended
information filter (EIF) is used. The idea consists in applying the analytical approximations used

in the case othe EKF [163,164).

IV.1.2.4 Sequential Monte Carlo Methods

Monte Carlo (MC) filter methods describe probability distributions as a set of weighted samples
of an underlying state space. MC filtering then uses these samples to simulate probabilistic
inferencH XVXDOO\ WKURXJK %D\HVY UXOH O0ODQ\ VDPSOHV RU VL
the statistics of these samples as they progress through the inference process, a probabilistic picture
of the process being simulated can be built up. Probability lWlisivns in this method are
described in terms of a set of support points (state space véﬂ‘ﬁés)l « N, together with a
corresponding set of normalized weight$i =1 « , tvhere A;SUL s The support points and
weights can be used to define a probability density function in the foBml; N
A‘E@s SUIKT F ToaThis particulate filter has two steps, a prediction step where the particles
evolve according to the state model and a correctigrvgtere the weights are adjusted according

to the observations §b,166).

IV.1.2.5Alternatives to probability

The representation of uncertainty is essential to the problem of information fusion where a
number of alternative modeling techniques have been proposed to deal with perceived limitations

in probabilistic methods: the complexity, the inconsistency, angrbegsion of models. Three
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main techniques put forward to address these issues; interval cal@n$izy logic [18], and

the theory of evidere (DempsteShafer methods) [169

I\V.1.3 Data fusion consequences

Several issues may occur during muliisze information fusion, such as the data inadequacy,
correlation, inconsistency andsgarateness [17.00ne of the major problems in the sensors fusion
is that the provided measurements may be false leading to an erroneous estimation. Hence the
necessityof a diagnostic layer that can detect and locate sensor defects in order to exclude them
from the fusion procedure to avoid loss of integrity of the method and provide dofatdint

system.

IV.1.4 Fault-tolerant multi -sensors data fusion

Faulttolerance means the ability of a system to perform a task despite the occurrence of defects,
whether drift, bias, blockage, software fault of a noisy environment influencing the performance
of the sensor. One of the ways to make a rs@tisors data fusidault-tolerant method is to add
a diagnostic layer of sensor measurements before using a recursive Bayesian filter. The diagnostic

methods of faults are divided into three functions:

f Fault detection: detects the presence of a fault in the system,
f Fault iolation: locates or classifies the fault,

f Fault identification: determines the type and amplitude of the fault.

The objective of the proposed approach is to add a diagnostic layer that can detect and locate
sensor defects in order to exclude them fromfis@®n procedure to avoid loss of integrity of the
method. Thus, we focus on the isolation and elimination of these erroneous measurements from
the fusion procedure (Fault Betion and Exclusion (FDE)) [17172,173. In this work,
erroneous measuremengde derived from different circumstances (Such circumstances include
IMU error measurements, load pressure sensor defect, tile vibraiitset error and

electromagnetic noise, etc.).

IV.1.4.1Related works

Several faultolerant data fusion relatedovks are preanted in the two past decades [[L'A

set of them is described below.
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Dixon et al.

In 2001, Dixon et al. developed a method for wheeled mobile robot (WMR) fault detection
based on kinematic and dynamic models of thdR\In the presence dhults [175. They employ
a torque filtering technique to develop a prediction error based fault detection residual. The
structure of the prediction error allows for fault detection despite parametric uncertainty in the
WMR model.

Escher et al.

In 2002, Escher et al. proposed a method of detection and exclusion of satellite defects based
on a bank of Kalmafilters [17§. This method was widely used in the area of GNSS to ensure the

location integrity.

Kobayashi and Simon

In 2003, Kobayashi anflimon proposed an approach that uses a bank of Kalman filters for
aircraft gas turbine engine sensor and actuatdr d@tection and isolation [1}.7 Each filter is

designed to detect a specific sensor or actuator fault.

Xue et al.

In 2007, Xue et alpresented faulty detection and exclusion system for sensor defects of an
aircraft engine using a bank of KF [1J7&ach KF is designed on the base of a specific hypothesis,
sensitive to a single sensor defect. If a fault occurs, all filters except thesmgethe correct

assumption produce an error significant.

Ricquebourg et al.

Ricquebourg et al. proposed in 200athod based on the sensors redundancy and on the
analysis of coflicts between data sources [1.78 source is considered to be failingtd conflict
with the others is high. After detecting the failing source, its effect on the final decision is enfeebled

without discardingt from the fusion procedure.
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IV.1.4.2Information tools for fault-tolerant data fusion

One of the firstesearchers who emphasized the importance of the IF in the fieddiofugion
was DurrardWhyte [18Q. The information form is often known by the canonic representafion
the Gaussian distribution [1BINowadays, for the reason that IF has several radgas, and
despite the fact that it is still less known than the KF, different applications use this filter especially
in the localization and mapping domair6p]l. The main advantage of the IF over the KF remains
in the relative simplicity of the correoh phase. This aspect seems very beneficial for the
diagnostic methods based on this type of filter. For a system with n sensors, the fused information
of the correction phase is simply the linear sum of information contributions from all sensors

becausehe products of likelihoods are turned into sya&?).

The benefits of using information todty fault-tolerant data fusion is gkcitly shown in [183
where authors propose a new approach based on information filter and information theory to detect
and to exclude the faulty sensors using Kullbaekbler divergence. This approach is tested in
two applications with very promising results. The first application is the fialgitant collaborative
localization of a multrobots system, while the secomisdhe localization in outdoor environments

using GNSS/odometer with a fatittlerant aspect. The results show an interesting performance.

IV.1.5 Multi -sensors data fusion for positioning systems

Positioning systens a mechanism for determining tloeation of an object in space. Several
technologies for this task exist ranging from worldwide coverage with meter accuracy to
workspace covage with centimeter accuracy [184 can be divided into two main categories

based on application usage: outdand indoor positioning systems.

In outdoor scenarios, several wktlown and widely used navigation systems suclthas
Global Positioning System (GPS), the Global Navigation Satellite System (GLONASS), BeiDou
Navigation Satellite System (BDS) and Gadil Positioning System (GALILEQNL85]. All of
these are satellitbased systemsyhich are not suitable to indoor location service, since satellite

signal losses due to obstructions from buildings that decline sharply the system accuracy.

However, knowiig the exact position of a person in real time is essential to many applications
like personal localization system (PL¥)r elderly anddisabled peopleduring emergency

situations.They actually use radio waves, magnetic fields, or other sensory infonncatlected

108



Ph.D. Dissertation High Integrity Personal Tracking Using Fault Tolerant M&&nsor Data Fusion

by mobile devicesvith diverse technologig$PS, WiFi, Bluetooth, ZigBee, UltrdVide Band,
Ultrasounds, Infrared, etc). These technologies vary significantly in terms of accuracy, coverage,
efficiency, security cost and power consumption Wwhiemain important challengan indoor
location systems [18687).

Recently, due to the big demands of elderly care systems, several techniques have been
developed by fusing two or more types of the existing technologies using a proper algorithm to get

the needed performance.

IV.1.5.1 PLS related works

Over the two past decades, a large number of commercial and research in PLS domain have
been developed. They generally aim to provide a high accuracy system (<30cm) in a small area.

WiFi Kid Tracker

In 2004, the cooperation between Bluesoft and KidSpotter companies has successfully deployed
a child tracking application within LEGOLAND Denmark, one ofthe Estld fV ODUJHVW DP XV
parks [188@ 7KH DSSURDFK EDVHG RQ %OXHVRIWfthe RHD R6FR XV
technology with the wireless sensor network technology for a tracking application. Parents rent
the AeroScout WiFi tags with a wristband that their children wear inside the park. If the child gets
separated from them, they simply send a texdgage (i.e., SMS) from their smart phones and

receive an automated response indicating them the accurate location of the child.

Jin et al.

In 2007, Jin et apbresented an indoor positioning system called the Best Beacon Match (BBM)
positioning method thauses the Zigbee technology [18%he proposed system is suitable for a
smart home system prototype. It haw linfrastructure cost, needs low power consumption, and
provides a high level security for persons. Unfortunately the accuracy-fameters.

Renaudin et al.

Renaudin et al. proposed in 2007 a hybrid system that conf®atksfrequency identification
(RFID) beacons and dead reckoning [[L9he idea is that the first person must deploy an RFID
beacon at a defined location and the system estimates the position of the following persons based
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on the known location of the beacon. However, the position of the RFID beacons must be known

and prenstalled, also the number of required beacons would be high.

Woodman and Harle

Woodman and Harle proposed in 2008 a pedestrian localization system for indoor environments
that uses foemounted inertial unit, a detailed building model, and a parfiitde [191]. Results

show that the system can track a person to within 0.73 m 95% of the time.

Girard et al.

In 2011,Girard et al. described a real time indoor navigation that uses a combination-of foot
mounted IMU, ultrasonic ranging, particle filtering anddetbased navigation [192 It uses a
constant step length that is not suitable for real situations and some etimepéions could be

modified to further improve the overall performance of the system.

Chen and Lin

In 2012, Chen and Lin presented an indoor positioning system based on neural network. They
trained the neural network witligBee link quality indicatorto perform indoor location

tracking Results showed thaté proposed system is useful [193

Lee and Yim

In 2012, Lee and Yim described a few-Wibase indoor positioning systems [1P4Two
systems built by the fingerprinting technique that used theed&est neighbor (KNN) and the
decision tree methods. They also described the extended Kalman filter (EKF) methodHior Wi
based indoor positioning.

Rida et al.

In 2015, Rida et al. have designed an indoor location system based on Receive Signal Strength
indicator (RSSI) of the Biletooth low energy 4.0 (BLE) [195The system deploys equidistant
access points (APs) on the ceiling that transmit a periodic beacon (every 0.4 second). Once a smart
device pass in the broadcasting area, it locates the threbai?g) the highest signal strength.

This information can be calculated using a localization algorithm (Dilatation). The method needs

a large numbers of APs and has about-[lJ.tneter of error.
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a) Current status of PLS

Despite the large number of commercigstems on the market, there still is no standard for
PLS, and there is a lot tdintnesg§184]. In 2015, Poosamani and Rhee pointed out the weaknesses
of existing methods as follows [1P6

f Most practical PLS useadio frequencyignals or beacons that need particular devices.

f Fingerprinting methods using WiFi signal need deployment overhead and extensive
calibration.

f PLS using smartphone sensors suffers from the high consuming battery energy.

f PLS using averaged receiveidnal strength (RSS) of 2G cellular signals is difficult because
RSS is related to many aspects.

This work presents a novel approach for PLS to locate elderly in their senior apartment by using
wearable sensor(s) and sensory equipped infrastructure. pfiteaah uses an informational

framework for a faultolerant and multsensors data fusion with fault detection and exclusion.
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Section 2:Proposed approach

IV.2.1 Problem statement

The main purpose oPLSis to track and locate peopleithin a certain arealt is quite
challenging due to the people random movements and considering that a person walking can have
either one or two feet in contact with the floor depending on the phase of the step. Furthermore,
multiple people can be movirmn the same tile simultaneously, increasing the complexity and
leading to an association problem as well, that is, the classified position corresponds to one or
more persons being tracked. Moreover, signals from the IMU and the load pressure sensors are
noisy and may be erroneous due to a sensor faulty, leadingctorectlocalization and
classification.To overcome these issues, we employ the popular EKF approach, where we assign
one estimator to each person being tracked. We are interested in pstibab#thods in order to
take advantage of the mathematical framework as well as statistical tools in order to develop a
localization method tolerant to sensor defects. This is a method that can work in real time.

The main idea of this localization procedus the fusion between tilsgmulatediMU sensor
measuremeni@sed in the frame of an gemeter prediction model) that tracks the motion and the
position of the elder person (this prediction model is named in the next by IMU prediction model)
and the lod pressure sensors concealed under the tiles that give a representation of the load
distribution exerted by the person on the tiles (observation model for correction)tddtesgques
aim to improve the localization integrity of the overall systamsideULQJ WKH IDFW WKDW |

movement is more erratic when compared, for instance, with a robot being tracked

In this work, the sensors redundancy makes the FDE algorithms more feasible in order to
exclude the faulty sensors from the fusion procedureeber, we present a distributed FDE
method based on a bank of Exded Information Filter (EIF) [17Awith residual tests based on
the Kullback-Leibler divergenceKLD) [162,197,198. The efficiency of the KLD is proven for
the fault detection anelxclusion for the case of a single person moving in the smart apartment.

IV.2.2 Inertial measurement unit (IMU)

An inertial measurement ur(itMU) is an electronic device that measures and reports a
body'sspecific force angular rate, and sometimes thagnetic field surrounding the body, using

a combination o&ccelerometergyroscopes and magnetometers [L#Us are very small in
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size and can be installed on the person in such a way that they do not disturb his normal

movements.

IV.2.2.1 IMU comporents, measurements and uses

An IMU is typically composed of the following components:

f Threeaccelerometers,

f Three gyroscopes,

f Digital signal processing hardware/software,
f Power conditioning,

f Communication hardware/software,

f An enclosure.

Three accelerometers and three gyroscopes are mounted at right angles to each other. Thus the
acceleration can be measured independently in three axes: X, Y and Z (see Figure 4.2). The angular

rate can be also measured around edthe acceleration ax¢200].

Figure 4.2+IMU axes.

IMU works by detecting linear acceleration using one or racoelerometerand rotational
rate using one or moggyroscopesSome also includermagnetometeryhich is commonly used
as a heading referencsgignals from the accelerometers and gyroscopes are processed through
signal processing at a very high ratenerally, IMUs are integrated inboertial Navigation
Systems (INS)hat uses their raw measurements to calculate attitude, angular ratesdioeiay
and position relative to a global reference frame. The IMU equipped INS forms the backbone for
the navigation and control of many commercial and military vehicles such as manned aircratft,

missiles, ships, submarines, and satellites.

Moreover, thdow cost of IMUs has encouraged their propagation in many fields. They serve

as orientation sensors in many consumer products such as smartphones and tablets. Some gaming
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systems, fitness trackers and animation applications may also includetéMiksasug motion
[207]].

IV.2.2.2IMU performance and erroneous measurements

Different variety of IMUs exists with the following performance range depending on
applications types. Performance is based on levels of precision of both accelerometers and

gyroscoped202].
f From 0.1°/s to 0.001°/h for gyroscope.
f From 0.1m/s* to 0.00001m/s’ for accelerometer.
Severalypesof errors can occur and limit tlsensoraccuracy [19P

f Bias or offset error: this error derives frothe difference between the nominal and
actualoffset points;

f Scale factor erroiis the slope of the sensor signal (the relation between input and output);

f Misalignment error: due to imperfect mechanical mounting;

f Cross axis sensitivity: parasitical interference made by solicitation betwedsogaonial
Sensor axes;

f Noise: is a stochastic process and can be minimized using statistical techniques;

f Environment sensitivity: mainly sensitivity to thermal gradients and accelerations;

f Timing error (Latency): is the difference between the time wherMhkerheasures a motion
and the time that an external source like @ebal Navigation Satellite Syste(@GNSS)

measure the same motion.

An important factor for having a high performance is to understand the types of errors in the
system and developing wats reduce or remove then KH 3)LJXUH " VKRZV VRPH

erroneous measurements.
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Figure 4.3- Some of IMUs erroneous measurements.

The IMU choserto build the IMU prediction model is the SparkFun 9DoF Razor IMU 8t
combines a SAMD21 microprocessor with an MB250 9DoF (9 Degrees of Freedom) sensor to
create a tiny, reprogrammable and mplirpose sensor (monitor and log motion, transmit Euler
angles over a serial port or even act as acbepting pedometerjt has three &xis sensors; an
accelerometer, gyroscope and magnetometer; that offer the ability to sense linear acceleration,

angular rotation velocity and magnetic field vectors.

IV.2.3 The load pressure sensors of the Inria NancyGrand Est platform

A load pressure sensor is a device that measures electrical resistance changes in response to,
and proportional of strain, pressure or force applied to the dd&aoh. tile of the Inria Nancy
Grand Est sensing floor is equipped with four load sensomsealed under the corners that
measure the load forces exerted on the floor (see Chapter Ill, Section 1).

IV.2.4 IMU and load pressure sensors data fusiorProblem formulation

This work aims to offer a reliable and fatdierant system to track and monitor eldetlpon

this aim, we proposategratingthe load pressure sensors and the simuldMédmeasurements

The data reported by the IMU is fed into a processor which calculates altitude, velocity and
position of the person being tracked relative to a global reference frame. The angular rate collected
from the gyroscope is used to calculate angular positiors. iSHused with the gravity vector
measured by the accelerometers in a KF to estimated attitude. This attitude is used to transform

acceleration measurements into an inertial reference frame where they are integrated once to get

5 https://www.sparkfun.com/products/14001
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linear velocity, and twicéo get global positionThus, we can build an IMU prediction model to
estimate the change in position over time. Such system has a good accuracy in the short term, but
it drifts as soon as the distance traveled becomes great. Therefore, the posieqgeasah needs

to be corrected periodically.

Hence, the data reported by the load pressure sensors is used to correct this position based on

the total weight of the person pressing on a tile and its distribution on the four sensors.

In this way, EIF isused and it consists of the following two phases:

f The evolution phasgor prediction stepyvhere an IMU prediction modeésulting from the
IMU sensor measuremerdse used to locate and track the trajectory followed by a subject
in order to derive the eWation model,

f The correction phas@r update stepyvhere the relative observations of the load pressure
sensors values are used to correct the predicted position. A certain translation is made to
convert from the local position (derived from the load gues distributions on the tiles) to

the global position (derived from the IMU prediction model).

Note that the tracking of one person is presented here, where this approach can be generalized
to more than one person by assigning one estimator to eacerof th
IV.2.4.1Prediction step using an evolution model

The propagation equations of the EIF are described using the IMU prediction model. At instant
k, the state vector of a person is considered to be the positéhand the orientationa; namely

the pose of the elder:
0 A YR v ;
The propagation model is as shown below:
"pssap L ipop E #p Q@ E Sp L BK pop&Q OE Sp AV Th
Where:

[ : p>s5apiS the estimate of at timek + 1 given observations up to tinke

f #pis the input matrix,
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?2K& r
#, L eOBEJ ri V&
r S

f Qlis the input vector, it consists of the elementary displacement and rotation of thg perso
which isusuallycalculated from thtMU measurementsQL ¢ ai 1. ¢is calculated using

the distancéormula derived from the Pythagorean theorem; for pemts (x,y1) and

(X2,¥2), ¢L ¥:Tep ;6 E UL, 146 and fiis given by gyroscopeln this work, ¢and fiare
calculated using a camebased sensing approach. By means of the mass center coordinates
extracted from a simple RGB camerg203], we calculatcsusingt K H 3\ W K Olie@regnd V  V

and i using the arctangent functiore. A L f " ... 'e 7'9 ;
.76

f Spis the process state noise modeled as Gaussian white noise with zero mean and covariance

matrix 3p,
Tb>s To ép oo B
ipos pL Ebssi L ebiE ep *<@i ESp L Bip&Q ESp VE. 1
%>5 ap Sp

Since the model is nonlinear, the EIF is applied. Therefore, the Jacobian métrices

ifz and $, L Y7 are computed:
!N Rigacs le gy

S r F¢ép OB
(bL & s ép - @oppl (4.6)
ror S

. ' @pop Fc',b"'ébﬁb_
$DL 60<Oé|pnp (',p...‘apnpl V@/,
r S

The covariance matrix corresponding to this evolution model is the following:

2p>5gp L (p2pgp(|;i, E $p:3é;p$L E 3p V&,

Where:

[ :3s;plS covariance matrix associated with the noise of measurements associated to the input
vector Q.
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Therefore, the informational matrix denoted,ssqp; and the information vector denoted

: U 50p; Can be calculated as the following:
yp>5ap L 2|;)>55up V4
Wssap L ip>50p! p>5op VT
IV.2.4.2 Correction step usingan observation model
The IMU prediction model used for tracking people suffers from accumulated error driven from
measurement errors, however small,gathered over time. This leads to 'drift': an ewmereasing
difference between where the system estimates it is located and the actual real location. Thus,
when a person presses on tiles, the weight is distributed over the pressure sensors under the tile

being exerted. These load pressures will be used to update the EIF that correct the person position

on a tile.

The fusion of the load pressure sensors observations with the data coming from the IMU

prediction model is carried out using the IF:

C

: bap L ;pgp?5Ei 'bG :Vés;
Ugb
C

u:np L u;np?5E|' %G, VBt
Uab

4G L *[p43°:G* vE U

EGL *&465:G¢9@F%0E*w:pgw59 V&Y,

A development of the IF and the Biiem the Bayes rulesan be found in the reference [404

Where

f t G and G are the informational contributions associated with the measurement of the
i load pressure sensor.
f Fpis the estimated load pressure amourthef" load pressursensor.

f 9 wis the measure received fratrei™ load pressure sensor.
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f *upis thei™ line of the matrix * , that relates the parameters to be estimated to the
observation measurements.

f Nis the number of load pressure sensors under a tile.

f The noise associated with the load pressure sensors measurements is assumed to be
uncorrelated. Similarly, each noise is assumed to be a Gaussian white noise of zero mean

value and a covariance matkix

a) Load pressure estimation @ . calculation)

$V LW LV GHVFULEHG LQ WKH 3&KDSWHU ,,, 6HFWLRQ ~ HD
maintained by four load pressure sensors. For a pdraeimg a weight\(Y) and a position
coordinates Tzd) in a tile plan of dimensioh (see Figure 4}), theestimated load pressures
amount ofthe i load pressure sens&@pocan be calculated using the Newton's laws assuming

the following criteria:

f The tiles and the sensors are rigid and flat (no vertical and horizontal displacement),

f The only pointof contact between the tiles surface and the ground are the sensors,

f The ground is considered infinitely rigid,

f The surface is not supposed to be deformed,

f The weight W=mg is normal; wheremis mass, andis thegravitational field
strength(about 9.81m/s? on Earth);and thevertical forces? @, applied are perpendicular
to its plane,

f The system is considered stable vertically and horizontally (using of pinned or fixed

supports), than the systdmcomestatically determinatéor isostatic)[205].
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Figure 4.4+A persorhaving a weight of\{/) and a position coordinateg{a}) in a tile plan of dimensioh.

For a twaedimensional body and based/Newton's laws of motigrthe availableequilibrium

equationsare[206]:

f :E A(&L r: The vectorial sum of thiarcesacting on the body equals zero;

f :E;EA/ .&L r &he sum of the moments (about an arbitrary point) of all forces equals zero.
EAA(&L r1 WS EQ,EQ E Sy
As the tile is square shaped and dnéy points of contact between the tiles surface and the

ground are A, B, C and D, thtize weight{W) can be divided into two parts such that tlﬁas E
%;:on [AD] and :8 4 E % ;0n [BC] (see Figure 4.5)

Where:
A A 9 H:. F Tg;
9 E 94
N .
R R 9 HTx
Qs E9Q, L
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Figure 4.5 The weight(W)is divided into two parts:8 s E %;on [AD] (left) and :8 4 E % ;0n [BC] (right).

. A A A A A 9 H:. FTx W
EBl /& r e FRHIE QG EQg; HLFQH. Lredl 5
A 9 H:. FTa; _ 4 A 9 H:. FTg;:. F W
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. A a n R a 9 HTxlk
[/, r eF9HIrE:9EQ,; HUFG H. Lr ;@ L——F—

A 9 HT, A A 9 HTx:. F W;
d, L ARG cedy L A h
|’9 H:. FTz;:. FL};;D
; T .6 N
ig?Bn i 9HTA.FUW
, T Y] ~ 6 ~
6DQ® R L °xL ! ' N
X T 9 HTU R
@0 1 .6 N
T 9 H:. FTx;lk K
I 6 O

Since the platform has a rectangular form witkn tiles (see Figure 4.9), we can calculate the

position (T &J; using the following equations:

AL TE>EFs;" J?L TF G
WL UF E@ BRL UF G

Where:

f % operation (modulo) is the remainder of theclidean division,

f divoperation is th&uclideandivision,
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f 1is the identifier for the tile,
f  Tx=J @kare the local position coordinates (the origin is at the Bottefhof current
tile having the identifier equal 19,
f T=J @are the global position coordinates of a person where the origin (0,0) is at the

bottom left corner of the platform (s€egure 4.6).

Therefore,
I,9 H:. FTEG;:. FUEQ;R
; 7 .6 Ki
%L 7 9 H:TFG;:. FUEG: <
g LTg’aGmL 1 6 KIL o )
T L7 . .. ) Rk Dilps Va W
e+ 9 HTFGUFG;, P
R0 1 6 Ri

9 H:. FTEG;:UF G; K
5 0

—_— )

Figure 4.6- The position coordinates of a person in the platform.plan

b) t . calculation
As the observation model is ndinear, its linearization around the predicted pose yields the
Jacobian:
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IV.2.5 Fault detection and exclusion using informational framework

The FDE aims to enable systems dontinue to operate in the presence of some erroneous
measurements.
IV.2.5.1 Fault detection

In this section, we propose a method for detection and exclusion of defects based on the use of
KLD for residual synthetizing. Th&LD permit to compute the divergence between two
probability density functions (pdf) [10]. Recall that D from pdfq to pdfp is defined as:

. L
-.:L!MLJ_rL::;Z‘%rVI—__p@: Va Y,
TheKLD can be written in the form:
- & BT,!ICT;;

S -
|_—t HN = 227°%2; EZ‘%@A«%pGF @
E:a Fag 2754 F&;l V& Z

Where log represents the natural logarithm, aBd ( ), (3 ) are the covariance matrices

and the means of two Gaussian distributiffrsandg(x).

This informational metc can be considered as the expected Log Likelihood Ratio)([2(R].
It takes in consideration the Mahalanobis distance and the orientation and the compactness of the

data distributions represented by the trace and the determinant of the covaa#moes.
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The KLD between the data distribution obtained in the predicted step of thg@&WF N ))iand
the equation obtained in the corrected step (g(k/k)) is called the Global Kullbdikr
Divergence GKLD) [30] and has the form:

)-.& L -.&:CEHGF s;! CEFRG;
S . *oo +
L= HP N =y ;25,50E 7 %> F |
t ’ * pop t+
|'

E k: pap F: pop?50 ;pnpk: pap F: pup?50| 'V {,

WhereM is the dimension of the state vector.

The efficiency of this divergence has been proven for sensors fault detectiexchrsion for a

system of one or more robots moving idaor or outdoor environments [1883.

This equation takes the form of a residual test to detect the presence of the defect in the load

pressure sensors as well as ingimeulatedMU.

The GKLD measures the divergence between the posterior and the prior distributions obtained
from the informational filter. If theGKLD exceeds a predetermined threshold, this implies a
divergence of the estimate obtained after incorporating observations from thedssure sensors
with respect to the estimate obtained from the IMU prediction model. Once the convergence of the
informational filter is obtained, this divergence is the sign of a defect.

Note that the threshold is preset based on the determinatiofatsfeaalarm probability.

IV.2.5.2 Fault isolation

After a faulty measurement detection, #reoneous measuremanust be identified in order
to be excluded from the fusion procedure. For that reds(iiF) filters are designed in such way
that each fter uses the measurements of the load pressure gefiber statistical test associated
with each filter is obtained from the calculation of the KL divergence between the corrected state
using the!" load sensor measurements and the predicted statpthsinMU prediction model.
This residual is named the Partial Kullbdakibler Divergence RKLD) and can be represented

by the equation below:
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S S * o + S
2-. &g L= PN =hap 2,5 0E— H KEZZ2 F2
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ivpap L jpopos E ¥ G ‘vds;
Wapep L Waprs ERIG vt
?5 _
" yapop L Kvpop0  Uipop vdu;

In the case whereRKLD; surpasses a predefined threshold, yej'thead pressure sensor may

be then defected, and consequently it will be taken out from the fusion process. A significant

increasing in allPKLDj implies that the erroneous measurements come probably from the

simulatedIMU, so the faulty IMU prediction miel measurements will be excluded from the

fusion procedure. While a significant increasing in at most three of thd>#uDj implies that

the corresponding sensors are defected, and then the four load pressure sensors of the same tile are
excluded from lte fusion procedure7 KH 3)LJ " VKRZV WKH SURFHGXUH

exclusion using the filter bank with the corresponding residues.

Figure 4.7 £The detection and exclusion procedure of defect.
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I\V.2.6 Experimentation and validation of results

In order to test the performance of the proposed approach, experiments with real data are
prepared. A persooonsidered abkolding an IMU starts moving on the Inria sensing floor and
performing some ADLs such as walking, standing, sitting, lying down, and also falling down.

For the following scenario where a person starts walking from the tile 7, then is sitting on a
chairatWLOH DQG ILQDOO\ H[LWV IURP WLOH 7KLV VFHQDUL
real trajectory of the person (hnamed in the next by reference trajectory) has been drawn manually

in yellow color.

Figure 4.8 £The reference trajectorya@mn manually.

JRU WKLV VFHQDULR WKH 3)LJXUH " VKRZV WKH SUHGLF
prediction model (in blue color) compared to the reference trajectory. One can see that the IMU
prediction model trajectory is not very accurate espgoatailthefollowing tiles 7, 18, 35, 24, 23,

16, 17 and 18.
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Figure 4.9£The estimated trajectory derived from the IMU prediction model compared to the reference trajectory.

$IWHU WKH IXVLRQ EHWZHHQ WKH ,08 SUHGLFWLRQ PRG
measurements, one can see clearly that the estimated trajectory becomes closer to the reference
WUDMHFWRU\ DQG SDUWLFXODUO\ DIWHU ) 'y béftteFBEL(MX U H
UHG FRORU FRPSDUHG WR WKH UHIHUHQFH WUDMHFWRU\ LC
E" VKRZV WKH VDPH WUDMHFWRU\ DIWHU )" (

@) (b)

Figure 4.10+(a) Theestimated trajectory before FIX¥E a person after data fusion between IMU
prediction model and tiles measurements (in red color) compared to the reference trajectory (in yellow
color), (b) the same trajectory after FDE.

$V LW LV PHQWLRQH® LQ WIOHE R¥MHUDDNXM D 8K/ DGKLDGTHI®VHFWHG

guantity measures the divergence betweernNhé prediction modebnd corrected load pressure
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VHQVRUV HVWLPDWHYV 7KH UHVXOWYV ZKLFK DUH LOOXVWUDMW

a predefined threshold indicating the presence of erroneous measurements.

Figure 4.11- The GKLD used for fault detection.
$vV DQ H[DPSOH RI )" WKH 3)LJXUH " VKRZGKLDf&®me LQ RQ |
observed jumps df= 626 tok = 632.

One can see that frotk = 627 to 631 theGKLD is above the threshold declaring fault

measurements detection.

Figure4.12- The jump in theGKLD representing fault detection.

Once defects are detected using@hd_D, the erroneous measurement must be excluded from

the fusion procedure. A significant increasingsKLD and in allPKLD; implies the necessity of
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excluding the faulty IMU prediction model measurements from the fusion procedure, while a
significant increasing iIGKLD and in maximum three of the foBKLD; implies the necessity of
HIFOXGLQJ WKH IDXOW\ WLOH PHDVXUHPH@XNM IURP WKKH \I XW |

residuePKLD; used for the exclusion of defects.

Figure 4.13 The residue®KLD used for the exclusion of defects.

For instance, thBKLDi analysis for a sampling instakt WR SURYLGHG LQ WKI
" VKRZV RKKDR Nds Wjlhb at instakt= 627, whilePKLD1, PKLD2andPKLD4 remain
below the threshold. This result indicates that 1 of the 4 load pressures sensors (noticed the third
sensor) is defected,vnlving the necessity of excluding the corresponding tile from the fusion

procedure during this interval.

Similarly, jumps aPKLD: andPKLD4 indicate that 2 load pressure sensors are defected, then

the corresponding tile should be excluded from the fuais = 628.

At k=629, thePKLD1, PKLD3 andPKLD4 have jumps indicating the defect of 3 load pressure
sensors measurements then the corresponding tile must be excluded from the fusion.

ThePKLDy, PKLD,, PKLDs andPKLD4 have jumps &t = 630 indicatinghat the corresponding
simulatediMU measurements must be excluded from the fusion procedure. Indeed, in this case,
all pressure sensors give estimations that diverge from the predicted one obtained from the IMU.

Thereforethe estimatedMU measurement is more likely to be erroneous.
Consequently, the proposed method is capable of handling the FDE in a relevant manner.
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Figure 4.14xExample of different faults exclusion usiR¢LD.

Conclusion

This chapter aims to show the performance of the developed approach on PLS application in an
indoor environment using multi-sensor fusiorbetweena simulatedMU and load pressure
sensors measuremenigh FDE.The FDE step is formulated using KD between the predicted
and the corrected distributions of the IF. The residual tests basedKirDhes many advantages
as they take into account tBeegmanmatrix divergence between covariance matrices as well as
the Mahalanobis distance. TGB&LD test déects the presence of faulty sensors in the load pressure

sensors measurements and indineulatedMU.

First, we presented the different methods and techniques used in the data fusion using a
distributed FDE method based on a bank of EIF with residgtd taking the form of tH€LD.

Second, related works on PLS are also presented and a description of the IMU sensor is provided

as well as an IMU prediction model is built to estimate the personal trajectory.

Third, the fusion of the load pressure seasmeasurements and thinularedIMU sensor
measurements using EKF and IF is detailed, in addition to a load pressure estimation distribution
method. IF is used in the correction step for its advantages over KF besides it allows a distributed

or decentralied data fusion architecture.
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Fourth, we present the proposed PLS with a phase of detection and exclusion of erroneous

measurementssing theKLD.

Finally, an experimenstudy of the proposed framework is done on real datarried out in
order to testthe proposed approach. The estimation of the trajectories after FDE proves the

efficiency of the proposed approach.

As a perspective of this work, we will work on tracking multiple persons simultaneously and

developing an adaptive threshold optimizatusmg the information theory metrics.
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Chapter V - Conclusion and future works

V.1 Conclusion

$JLQJ SRSXODWLRQ LV D PDMRU GHI\ WKDW PRGHUQ VRFLH\
of the greatest social and economic challenges of thec2hsiry. By 2050, the proportion of
people over the age of 60 will reach 30% in the developed countries and in particular France. In
this age group, falling down is one of the most serioughifeatening events that can occur. It is
the principal causef injury in elderly people and the leading reason of accidental death. Moreover,

it has dramatic psychological, medical and social consequences.

However, advances iambient intelligenc€Aml) can deliver key skills remotely and enable

homebased carand reduce the cost of premature institutionalization.

This thesis explores thabilities of the InriaNancy platform as an Aml smart home to offer a
high integrityPLS for elderly in their independent living senior apartments, (ADLS) recognition,
and aupmatic fall detection system, using a Aatrusive sensors network system that performs

integrity, reliability, efficiency, and easy to use.

As afirst step, we present the state of the art of FD systems and sensing floors domain, including
performance ad accuracy evaluations for severalds#s. Thenwe explore the InridNancy
sensing floor as a PAL system. The main AQusknown, walking, standing, sitting, and lying
down) are defined and an approach is introduced to distinguish between them. Tisestesu
thatby using the load sensors concealed under tiles, the proposed system can track humans and
recognize the ADLs postures defined above, but it fails to detect the falling down cases and they
DUH HVWLPDWHG DV 3/Mhuewde Breceded t8 fRe/adtxlérdinéter signals to detect
falling down cases. We had started by extracting some useful parameters and then selecting the
pertinent one that discriminates between the falling and lying down pofByrextracting and
selecting some meargful features from the collected data, the size of the dataset is reduced and
becomes more efficient. The efficiency appears by improving the computational speed and the

prediction accuracy of the proposed systafter that, we merge between the load pues sensor
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measurements and the accelerometer sensor decisions to recognize the ADLs and automatically

detect each falling case.

Second, we take in consideration the erroneous or noisy sensors measurements that can affect
the PLS accuracy. In this way, vpeesent a generic and accurate method that localizes tracks
peopleas well as detects and excludaslty measuremesfrom used senser The main idea of
this localization procedure is the fusion betweendineulatedIMU (used in the frame of an
pedometer prediction model) that tracks the motion and the position of the elder person and the
load pressure sensors concealed under the tiles that give a representation of the load distribution
exerted by the person on the tiles (observation model foeatan).In this part, we have shown
the benefit of using thimformational form (IF) of a KFwhich makes it possible to simplify the
fusion of the multisensors data. We have concluded that the IF is adapted to the design of a fusion
method for which wéave integrated a diagnostic layer with a distributed architedflmeover,
we have adapted residue based on the Kullbakc&ibler divergence between the a priori and a
posteriori distributions which include the Mahalanobis distance performing a tist averages
and the Bregman divergence matrix allowing a test on the covariance matrices. The importance of
this residue is shown in the detection of faulty measurements having a direct impact on the position
and the tracking of the eldeFhesetechnigues aim to improve the localization integrity of the

overall system

The obtained results are very promisiadaulttolerant system that localizes and tracks people
in their home with digh accuracyrecognizes their ADLs with sensitivity greater tha®2% for
all estimated posturesand automatically detects falling down cases with more @b

sensitivity

However, certain limitations can be pointed out and can be used as a basis for future works.

V.2 Perspectives anduture works

As a perspectivef this work, we will work on:

f Tracking different people simultaneously,
f Developing an adaptive threshold optimization using the information theory metrics.
Choosing the threshold is a critical step in making the right decision about the presence of

erron®us measurements in the system. An optimized thresholding method can be developed
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based on the information gain gained during the transition from the a priori distribution to
the a posteriori distribution,

f Detecting and correcting sensors faulty measurésnarhen a faulty measurement from a
load pressure sensor is detected, the whole tile (4 load pressure sensors) is excluded from the
merging process, while it is important to develop a method to detect and isolate only the
defected sensor. On the other thathis work provides diagnostic methods that can detect
and exclude sensors defects. However, because the number of observations is limited, it is
interesting to identify the amplitude of the default and correct it without being excluded from
the fusion pocedure. In such way, we can provide a layer of error detection and correction.

f Preventing falling down cases of elderly by processing the database through different

diagnostics and studies of many properties such as moveacéwity, and gaiainalysis.
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