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Abstra
tDuring this thesis, we have proposed a real-time, generi
, and operational ap-proa
h to re
ognising human posture with one stati
 
amera. The approa
h isfully automati
 and independent from the view point of the 
amera.Human posture re
ognition from a video sequen
e is a di�
ult task. This task ispart of the more general problem of video sequen
e interpretation. The proposedapproa
h takes as input information provided by vision algorithms su
h as thesilhouette of the observed person (a binary image representing the person and theba
kground), or her/his position in the s
ene.The �rst 
ontribution is the modeling of a 3D posture avatar. This avatar is
omposed of a human model (de�ning the relations between the di�erent bodyparts), a set of parameters (de�ning the position of the body parts) and a set ofbody primitives (de�ning the visual aspe
t of the body parts).The se
ond 
ontribution is the proposed hybrid approa
h to re
ognise human pos-ture. This approa
h 
ombines the use of 3D posture avatar and 2D te
hniques.The 3D avatars are used in the re
ognition pro
ess to a
quire a 
ertain indepen-den
e from the 
amera view point. The 2D te
hniques represent the silhouettesof the observed person to provide a real-time pro
essing. The proposed approa
his 
omposed of two main parts: the posture dete
tion whi
h re
ognises the pos-ture of the dete
ted person by using information 
omputed on the studied frame,and the posture temporal �ltering whi
h �lters the posture by using informationabout the posture of the person on the previous framesA third 
ontribution is the 
omparison of di�erent 2D silhouette representations.The 
omparison is made in terms of 
omputation time and dependen
e on thesilhouette quality. Four representations have been 
hosen: geometri
 features, Humoments, skeletonisation, and the horizontal and verti
al proje
tions.A fourth 
ontribution is the 
hara
terisation of ambiguous postures. Ambiguities
an happen by using only one 
amera. An ambiguous posture is de�ned as aposture whi
h has visually similar silhouettes rather an other posture. Syntheti
data are generated to evaluate the proposed approa
h for di�erent point of view.The approa
h has also been evaluated on real data by proposing a ground truthmodel adapted to the posture re
ognition purpose.A �fth 
ontribution has been proposed by applying the results of the re
ognitionto human a
tion dete
tion. A method based on a �nite state ma
hine has beenproposed to re
ognise self-a
tion (a
tion where only one person a
ts). Ea
h statev



of the ma
hine is 
omposed of one or several postures. This method has beensu

essfully applied to dete
t falling and walking a
tions.The human posture re
ognition approa
h gives good results. However, the ap-proa
h has some limitation. The main limitation, is that we are limited in termsof postures of interest for 
omputation time and dis
rimination reasons. The se
-ond limitation is the 
omputation time of the 3D posture avatar generation. Byusing information about the movement of the observed person in the s
ene, theapproa
h is able to treat 5-6 frames by se
ond. Some improvement 
an be done tosolve these limitations. In parti
ular, the set of interest postures 
an be adaptedautomati
ally at ea
h frame by 
onsidering the previously re
ognised postures tode
rease the number of 3D posture silhouette to extra
t.keywords:human posture, 3D human model, geometri
 features, Hu moments,skeletonisation, Horizontal and verti
al proje
tions.



RésuméDurant 
ette thèse nous avons proposé une appro
he temps réel, générique etfon
tionnelle pour re
onnaître la posture des personnes �lmées par une 
amérastatique. Notre appro
he est 
onçue pour être 
omplètement automatique etindépendante du point de vue de la 
améra.La re
onnaissan
e de posture à partir de séquen
e vidéo est un problème di�
ile.Ce problème s'ins
rit dans le 
hamp de re
her
he plus général de l'interprétationde séquen
e vidéo. L'appro
he proposée prend en entrée des informationsprovenant d'algorithmes de vision telles que la silhouette de la personne observée(une image binaire où une 
ouleur représente la personne et l'autre le fond) ousa position dans la s
ène.La première 
ontribution est la modélisation d'un avatar 3D de posture. Unavatar 3D de posture est 
omposé d'un modèle 3D humain (dé�nissant lesrelations entre les di�érentes parties du 
orps), d'un ensemble de paramètre(dé�nissant les positions des di�érentes parties du 
orps) et d'un ensemble deprimitive (dé�nissant l'aspe
t visuel des parties du 
orps).La se
onde 
ontribution est la proposition d'une appro
he hybride 
ombinantl'utilisation de modèles 3D et de te
hniques 2D. Les avatars 3D de postures sontutilisés dans le pro
essus de re
onnaissan
e pour avoir une 
ertaine indépendan
edu point de vue de la 
améra. Les te
hniques 2D représentent les silhouettesdes personnes déte
tées pour garder un temps réel de 
al
ul. Cette thèse montre
omment les avatars 3D peuvent être utilisés pour obtenir une appro
he génériqueet fon
tionnelle pour re
onnaître les postures. Cette appro
he est 
omposée dedeux parties : la déte
tion de postures qui re
onnaît la posture de la personnedéte
tée en utilisant seulement l'information 
al
ulée sur l'image 
onsidérée, etle �ltrage temporel de posture qui re
onnaît la posture en utilisant l'informationprovenant des images pré
édentes. Une troisième 
ontribution a été faite en
omparant di�érentes représentations 2D des silhouettes au niveau du tempsde 
al
ul né
essaire et de leur dépendan
e à la qualité de la silhouette. Quatrereprésentations ont été retenues : une représentation 
ombinant di�érentesvaleurs géométriques, les moment de Hu, la skeletonisation et les proje
tionshorizontale et verti
ale.Une quatrième 
ontribution est la 
ara
térisation des 
as ambigus. Des am-biguïtés au niveau de la re
onnaissan
e peuvent se produire en utilisant seulementune 
améra statique. Une posture ambiguë est dé�nie par plusieurs posturesvii



qui ont des silhouettes visuellement similaires. Des données de synthèse sontgénérées pour évaluer l'appro
he proposée pour di�érents points de vue. Ainsi,les postures ambiguës sont identi�ées en 
onsidérant la posture et son orientation.L'appro
he est aussi évaluée pour des données réelles en proposant un modèle devérité terrain pour la re
onnaissan
e de posture.Une 
inquième 
ontribution a été proposée en appliquant le résultat de notreappro
he à la re
onnaissan
e d'a
tion. Une méthode utilisant des ma
hines àétats �nis a ainsi été proposée pour re
onnaître des a
tions faisant intervenirune seule personne. Chaque état de la ma
hine est 
omposé d'une ou plusieurspostures. Cette méthode est appliquée ave
 su

ès pour déte
ter les 
hutes et lamar
he.Bien que notre appro
he donne de très bon taux de re
onnaissan
e, il subsistequelques limitations. La prin
ipale limitation de l'appro
he est qu'elle est limitéeen nombre de postures d'intérêt pour des raisons de temps de 
al
ul et dedis
rimination entre les postures 
onsidérées. La se
onde limitation est le tempsné
essaire à la génération des silhouettes des avatars 3D de posture. En utilisantl'information sur le dépla
ement de la personne dans la s
ène, l'algorithmede re
onnaissan
e de posture traite entre 5 et 6 images par se
onde. Desaméliorations peuvent être faites pour résoudre 
es limitations. En parti
ulier,nous pourrions adapter automatiquement l'ensemble des postures d'intérêt au
as 
onsidéré, en utilisant par exemple la posture re
onnue pré
édemment pourrestreindre les postures 3D dont nous voulons extraire les silhouettes.Mots-Clés:posture de personne, modèle 3D de personne, 
ara
téristiquesgéométriques, les moments de Hu, la skeletonisation, les proje
tions horizontaleet verti
ale.
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Chapter 1Introdu
tionHuman posture re
ognition is a di�
ult and 
hallenging problem due to the hugequantity of possible 
ases. The number of postures depends on the degree offreedom of the human body (i.e. the arti
ulations su
h as shoulders or knees).Moreover, the morphology of the person (height, 
orpulen
e, et
...) in�uen
esthe per
eption of the posture. Finally, 
lothes 
an also give di�erent types ofappearan
es for the same posture.The following se
tions des
ribe the motivations, the 
ontext and obje
tives of thisthesis in human posture re
ognition. This 
hapter 
on
ludes with the manus
riptstru
ture.1.1 MotivationsHuman posture re
ognition is an important part of human behaviour understand-ing be
ause it provides a

urate information about the studied person. The hu-man posture re
ognition task is involved in three major kinds of appli
ations:
• Surveillan
e appli
ations 
an be de�ned like the tra
king of one or severalpeople over time to analyse their behaviour. Video surveillan
e or awarehouse are typi
al examples where people are tra
ked to analyse their a
tiv-ities.
• Control appli
ations use information about the posture of the person as a
ontrol fun
tionality. For example, the person 
an intera
t with a 
omputera

ording to an intelligent human 
omputer interfa
e (HCI).
• Analysis appli
ations need an a

urate information about the posture. Itis typi
ally used in medi
al appli
ations (for instan
e orthopedi
 purpose),sport monitoring or virtual animation.In this work the proposed approa
h aims at re
ognising human posture for surveil-lan
e and 
ontrol appli
ations. We believe that analysis appli
ations need spe
i�
treatment to obtain the desired a

ura
y in the measurement of the di�erent bodyparts (size, lo
alisation in spa
e, orientation).



2 Introdu
tionEa
h of these three types of appli
ation must respe
t 
ertain properties 
lassi�edin three 
ategories:
• Number of 
onstraints needed by an appli
ation. For example, a 
on-straint 
an be to have a stati
 
amera, no o

lusion, the people in frontof the 
amera, a 
onstant lighting, et
... Surveillan
e appli
ations need tohave less 
onstraints than other appli
ation types sin
e they have to workautomati
ally and for a long period of time in various environments. The
ontrol and analysis appli
ations have more 
onstraints than surveillan
eappli
ations sin
e they are generally designed to work on a short period oftime in a 
onstrained spa
e. For instan
e, an user 
an be front of the 
amerain an intelligent human 
omputer interfa
e.
• A

ura
y 
an be measured by the similarity of the re
ognised posture withthe one performed by the person evolving in the video. A great a

ura
yis not ne
essary for surveillan
e appli
ation, whereas it is an important
ue for 
ontrol and analysis appli
ations. Indeed analysis appli
ations needa

urate measures on the di�erent body parts.
• Pro
essing speed 
an be 
lassi�ed as real-time or o�-line. A real-time 
om-putation is 
ommonly de�ned as a 
omputation that returns the resultswithin a �xed delay. This delay is di�erent a

ording to the purpose of theappli
ation. Surveillan
e and 
ontrol appli
ation may need a high pro
ess-ing speed to dete
t some behaviour at time. For instan
e, when a personintera
ts with a 
omputer, the results must be immediate. On 
ontrary,analysis appli
ations 
an be pro
essed o�-line.1.2 Context of the StudyIt is ne
essary to pla
e the human posture re
ognition task in the 
omplete treat-ment 
hain of video understanding. Di�erent surveys on video understanding (also
alled human motion analysis) have been proposed throughout the last twentyyears:
• In [Cedras and Shas, 1995℄, the authors present an overview of methodsfor motion extra
tion prior 1995. Human motion is des
ribed as a
tionre
ognition, re
ognition of body parts and body 
on�guration estimation.
• In [Aggarwal and Cai, 1999℄, human motion is interpreted as three taskswhi
h are the same as in [Cedras and Shas, 1995℄ but with di�erent names:motion analysis involving human body parts, human tra
king with a singleor multiple 
ameras and human a
tivity re
ognition.
• In [Gavrila, 1999℄, the authors des
ribed the major works on human motionanalysis prior 1998. They des
ribe di�erent methodologies 
lassi�ed into 2Dapproa
hes with or without expli
it shape models and 3D approa
hes.



1.2 Context of the Study 3
• In [Moeslund and Granum, 2001℄, the authors give an overview of humanmotion prior 2000 and 
ompleted in [Moeslund, 2003℄ prior 2002. A humanmotion analysis system is 
onstituted of four tasks: initialisation, tra
king,posture estimation and re
ognition. An initialisation of the data is ne
essarye.g. an appropriate model of the subje
t must be established. The tra
kingtask 
omputes the relations over the time of the obje
t dete
ted by thesegmentation task by �nding 
orresponden
es in 
onse
utive frames. Thenthe posture estimation of the subje
t is made. The �nal task analyses theposture and other parameters to re
ognise the a
tions performed by thesubje
t.
• In [Wang et al., 2003℄, prior works on human motion analysis are des
ribedup to 2001. The proposed taxonomy is 
omposed of �ve tasks: motionsegmentation, obje
t 
lassi�
ation, human tra
king, a
tion re
ognition andsemanti
 des
ription. The purpose of semanti
 des
ription of human be-haviour is to �reasonably 
hoose a group of motion words or short expres-sions to report the behaviors of the moving obje
ts in natural s
enes�.

Figure 1.1: A general video understanding task framework. The task is 
omposed of: (a) alow level vision task whi
h dete
ts people evolving in the s
ene, (b) a middle level vision taskwhi
h tra
ks dete
ted people and (
) a high level vision task to re
ognise posture and analysebehaviour a

ording to information previously 
omputed.



4 Introdu
tionThis work has been 
ondu
ted in the Orion team lo
ated at INRIA Sophia-Antipolis. Orion is a multi-dis
iplinary team at the frontier of 
omputer vision, ar-ti�
ial intelligen
e and software engineering. The team has a

umulated a strongexpertise in these areas throughout the years. One topi
 of parti
ular interestis knowledge-based image and video understanding. The proposed work takespla
e in this 
ontext. Like in [Wang et al., 2003℄, general framework of a videounderstanding task 
an be des
ribed from low level vision to high level vision(�gure 1.1):
• obje
t segmentation.
• obje
t 
lassi�
ation.
• human tra
king.
• human posture re
ognition.
• human behaviour analysis.The �rst step to su
h an approa
h is to dete
t people evolving in a videosequen
e. The people dete
tion task is important for the the next taskssu
h as human tra
king or behaviour analysis. Dete
ting people is gener-ally a
hieved by a segmentation and a 
lassi�
ation task. Humans are thentra
ked throughout the video sequen
e. Finally human behaviour analysis isperformed using the information 
omputed during the previous tasks. Thelo
alisation of the posture re
ognition task in the treatment 
hain is dis
ussedin the 
hapter 3. In parti
ular, why this task needs temporal informationprovided by the human tra
king task is presented. Moreover the solution of videounderstanding problem proposed in the team is des
ribed in detail in appendix A.1.3 Obje
tivesThe goal of this work is to propose a generi
 approa
h to re
ognise the globalhuman body posture in video sequen
es. The approa
h must be generi
 to beadapted to most of the situations.The approa
h takes pla
e in a more general task of video understanding, fedby a people dete
tion task and 
omputes posture information to a behaviourunderstanding task. The people dete
tion task gives information about thepeople evolving in the s
ene su
h as its positions and dimensions. The peopleare generally represented by a binary silhouette. Sin
e the approa
h has to usethis silhouette to determine the posture, it must be e�
ient with di�erent typesof silhouette (perfe
t and erroneous ones).Driving by the fa
t that the targeted appli
ations are surveillan
e and 
ontrolones, the proposed approa
h must respe
t the previously listed properties (i.e.



1.4 Manus
ript Stru
ture 5number of 
onstraints, a

ura
y and speed).As seen in se
tion 1.1, the number of 
onstraints needed by the approa
h is rele-vant to propose a generi
 human posture re
ognition approa
h. First, the type ofvideo 
amera needed is important. By using only one stati
 
amera, the approa
h
an be dire
tly applied to existing systems or easily applied for new systems ofvideo interpretation. Se
ond, a 
ertain independen
e from the point of view is animportant 
ue to propose an operational approa
h. Indeed, for instan
e if a per-son may fa
e the 
amera for 
ontrol appli
ation, it is generally not possible to askto people evolving in a s
ene to look at the 
amera in surveillan
e appli
ations.The a

ura
y needed by a surveillan
e and a 
ontrol appli
ation is not the same.Surveillan
e needs more general information about the posture than a 
ontrol one.The speed of surveillan
e and 
ontrol appli
ations is a very important property.For instan
e, the appli
ation must be able to raise an alarm when a person isfalling (or even before) and not 10 minutes after.Our work aims at solving these problems by the main following 
ontributions:
• The advan
es made in the 
omputer graphi
s resear
h �eld is used to pro-pose a 3D human model adapted to the human posture re
ognition purpose.An independen
e from the 
amera viewpoint is a
quired by using a 3D hu-man model.
• The proposed hybrid approa
h to re
ognise human posture 
ombines 2Dsilhouette representations and the use of a 3D human model. The 2D repre-sentations maintain a real-time pro
essing and are adapted to the di�erenttypes of silhouette.A hierar
hi
al taxonomy of interesting postures are identi�ed and the 3D modelparameters are de�ned to represent these postures of interest. On
e a personis dete
ted in the s
ene, the 3D models are pla
ed in the same position of thedete
ted person thanks to the 
alibration matrix. The 2D silhouettes for ea
hposture of interest and ea
h possible orientation are then generated. These gen-erated silhouettes are 
ompared with the dete
ted silhouette to 
hoose the mostsimilar one and determine the posture of the person evolving in the s
ene. Tem-poral 
oheren
y of the posture is used to remove sporadi
 re
ognition errors. Thisapproa
h is su

essfully evaluated on both syntheti
 and real data. Moreover theproposed approa
h is tested for behaviour analysis to re
ognise a
tions su
h asthe fall or the walk. These 
ontributions are presented in the next 
hapters of themanus
ript as des
ribed in the next se
tion.1.4 Manus
ript Stru
tureThis manus
ript is stru
tured in six main 
hapters.Chapter 2 introdu
es the reader to the previous works on human posturere
ognition. Di�erent te
hniques are presented for both physiologi
al and



6 Introdu
tionme
hani
al sensors and video sensors. Physiologi
al sensors, su
h as MEMS(Mi
ro Ele
tro Me
hani
al System), are designed for 
ooperative person whereasvideo sensors are involved for non-
ooperative person. A fo
us is made on humanposture re
ognition by des
ribing in parti
ular body markers and video sensorste
hniques. The video sensors te
hniques are 
lassi�ed in 2D and 3D te
hniques.Both of them have strengths and weaknesses. The goal of this thesis is to proposean approa
h whi
h 
ombines their strengths by minimising their weaknesses.Chapter 3 presents our obje
tives and gives an overview of the proposedapproa
h to re
ognise human posture. As explained in se
tion 1.3, the targetedappli
ations are surveillan
e and 
ontrol ones. Thus several 
onstraints for theapproa
h have been identi�ed: real-time, independen
e on the view-point, anautomated approa
h and the use of one mono
ular stati
 
amera. An hybridapproa
h is then proposed by 
ombining 2D te
hniques and the use of 3D postureavatar, to respe
t these 
onstraints. Moreover a 
ontextual knowledge baseis used to drive the posture re
ognition task by giving information about the s
ene.Chapter 4 des
ribes the proposed 3D posture avatar whi
h is a 
ombinationof a 3D human body model and a set of parameters 
orresponding to a parti
ularposture. The 
hapter shows how the di�erent body parts of the 3D avatars areanimated a

ording to the parameters. A set of postures of interest is thenidenti�ed and modeled. These postures are 
lassi�ed in a hierar
hi
al way fromgeneral to detailed postures.Chapter 5 introdu
es the proposed hybrid approa
h whi
h is 
omposed oftwo main tasks:
• the �rst task 
omputes the posture of the dete
ted person with only infor-mation of the 
urrent frame and the 3D models. The 3D 
andidate postureavatar silhouettes are generated by proje
ting the 3D posture avatars onthe image plane by de�ning a virtual 
amera with the same 
hara
teris-ti
s than the real one. Ea
h 3D posture avatar is pla
ed in the 3D s
enea

ording to the people dete
tion task, then all possible avatars are ori-ented with respe
t to di�erent angles to generate all possible silhouettes.The dete
ted and generated silhouettes are modeled and 
ompared with 2Drepresentations to obtain the posture.
• the se
ond task uses information about the posture from the previousframes. The re
ognised postures from the previous frames are used to verifythe temporal 
oheren
y of the posture in order to provide the most probableposture.The di�erent 2D silhouette representations involved in the approa
h are alsodes
ribed in this 
hapter.



1.4 Manus
ript Stru
ture 7In 
hapter 6, the proposed approa
h is investigated and optimised. Aground-truth model is proposed to evaluate the proposed human posturere
ognition algorithm. Syntheti
 data are generated from many viewpoints to
ompare the di�erent 2D representations and the in�uen
e of the parameters onthe proposed human posture re
ognition approa
h. The approa
h is tested onseveral real video sequen
es and for di�erent types of silhouettes.Chapter 7 shows how the posture 
an be used to re
ognise some a
tionsinvolving only one person. An a
tion is represented with a �nite state ma
hine.Ea
h state is represented with one or several postures. The method has beentested for di�erent a
tions su
h as the fall (important a
tion for medi
al purpose)or walking.Finally, 
hapter 8 
on
ludes this works, by summarising the 
ontributions ofthis thesis, and by presenting short-term and long-term perspe
tives.
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Chapter 2State of the ArtAs seen in the previous 
hapter, human posture re
ognition is one step in thehuman behaviour analysis task. In this 
hapter, the previous work on humanposture re
ognition is des
ribed. A

ording to the type of sensor used by thehuman posture re
ognition te
hnique, the existing approa
hes 
an be 
ategorisedin the main families using:
• physiologi
al and me
hani
al sensors,
• video sensor.Physiologi
al and me
hani
al sensors are used for appli
ations where the patientis 
ooperative su
h as in health-
are appli
ations. Video 
ameras (but not only)are generally used for appli
ations where people are not 
ooperatives su
h as invideo-surveillan
e appli
ations. Te
hniques using physiologi
al and me
hani
alsensors are des
ribed in the se
tion 2.1 fo
using on the body markers. Then ades
ription of te
hniques using video sensors is given in se
tion 2.2. The strengthsand weaknesses of both te
hniques are dis
ussed in se
tion 2.3. This 
hapter is
on
luded in se
tion 2.4 by brie�y des
ribing the proposed approa
h to re
ognisehuman posture.2.1 Physiologi
al and Me
hani
al SensorsPhysiologi
al and me
hani
al sensors are designed for 
ooperative people. Typi-
ally, they are used for appli
ations involving elderly people (e.g. elderly people
are at home). The sensors 
an be used for health purposes (e.g. by monitoring
ardia
 rhythm) or �tness/sport appli
ations (e.g. by monitoring 
ardia
 rhythm,weight, et
...). Existing te
hniques 
an be 
lassi�ed in terms of their 
onstraintsfor the patient: the invasive and the non-invasive te
hniques.Invasive te
hniques are des
ribed in se
tion 2.1.1, and the non-invasive te
hniquesare presented in se
tion 2.1.2, fo
using on body markers in se
tion 2.1.3.
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hniquesThe invasive te
hniques use sensors worn by the patient. The sensors must respe
tsome 
onstraints:
• not-
onstraining for the patient in her/his daily a
tivity,
• easy to use,
• non-health dangerous.The sensors measure spe
i�
 data of the patient, and 
an interpret her/his a
-tivity. They are often linked to a distant tele-operator who re
eives the alarmprovided by the sensor. The sensors dete
t some spe
i�
 motions su
h as walk-ing, sitting or standing. They are also often used to dete
t unexpe
ted motion,in parti
ular the fall. In [Williams et al., 1998℄, the authors measure the impa
tasso
iated with the fall of a person and used a mer
ure based sensor to dete
tlying posture. Kemp et al. determine the 3D orientation of body parts with 3 a
-
elerometers and 3 magnetometers [Kemp et al., 1998℄. Fall is then dete
ted withthe 3D orientations. In [Wu, 2000℄, the author measures the horizontal and ver-ti
al velo
ities at various lo
ations of the trunk to dete
t the fall signature fromnormal a
tivities (walking, rising from a 
hair, sitting down, des
ending stairs,pi
king up an obje
t from the �oor, lying down on a bed). Kelly et al. evaluate anon intrusive sensor to redu
e falls of nursing home patients [Kelly et al., 2002℄.The sensor is a pat
h (size of a 
redit 
ard) that 
an be worn dire
tly on the skin(on the thigh) or in
orporated into 
lothing. The pat
h sends an alarm when thepatient approa
hes weight-bearing angle (see �gure 2.1). In [Noury et al., 2004℄,the authors propose a sensor 
onstituted of three a

elerometers to determine theleaning (i.e. orientation) of the trunk. Sin
e these sensors are worn by the patient,they are not always well a

epted by the patient.

Figure 2.1: Pat
h sends alarm when patient approa
hes weight-bearing angle [Kelly et al., 2002℄.



2.1 Physiologi
al and Me
hani
al Sensors 112.1.2 Non-Invasive Te
hniquesFor invasive te
hniques, the sensors are worn by the person herself/himself.Whereas, for non invasive te
hniques, the sensors are installed in the environment.For instan
e, the sensors 
an be a video 
amera (in the next se
tion, a detaileddes
ription is performed), a pressure sensor on a 
hair or an arm
hair, a sensor fordete
ting opened/
losed door, window or 
upboard. The non-invasive te
hniquesare used to monitor daily patient behaviour. For instan
e in [Center, 2006℄, roomfor non-invasively monitoring the human respiratory system is des
ribed. Theroom 
onsists of sensorised furniture: a 
eiling dome mi
rophone, a pressure sen-sor bed and a wash-stand display. The 
eiling dome mi
rophone 
an dete
t bothnormal and abnormal breathing sounds. The pressure sensor bed 
an monitorbody movement and posture. Finally, the wash-stand display gives informationon the daily life of the patient. These te
hniques are better a

epted by the pa-tient than invasive ones be
ause the patient do not have to wear the sensors. Butthese te
hniques are up to now limited to some spe
i�
 behaviour understanding.2.1.3 Body MarkersBody markers are widely used for motion 
apture appli
ations. Motion 
aptureis used to simulate realisti
 motion of syntheti
 obje
ts in a virtual spa
e forappli
ations su
h as animation, medi
al simulation, biome
hani
s, virtual reality,simulation and training. A motion 
apture system is 
omposed of markers andre
eivers. The markers are usually pla
ed at the di�erent arti
ulations of theperson. The markers are tra
ked throughout the time by the re
eivers to deter-mine their position and orientation. This information is analysed to determinethe posture of the performer.Several systems are 
ommer
ialised. These systems 
an be 
lassi�ed in three
ategories:
• Inertial based systems,
• Magneti
 systems,
• Opto-ele
troni
 systems.The systems 
an be a 
ombination of these di�erent te
hniques.Inertial based systems measure positions and angles of di�erent devi
es su
h asa

elerometers or gyros
opes. Intersense [Intersense, 2006℄ proposes a system of6 MEMS (Mi
ro Ele
tro Me
hani
al Systems) inertial sensors with an integratedsystem (�gure 2.2) whi
h provides position and orientation of the sensors.Magneti
 systems 
al
ulate the position and angle of a marker by measuring therelative magneti
 �ux between the marker and the re
eiver. MotionStar and Mo-tionStar Wireless 2 (�gure 2.3) are two produ
ts of As
ension [As
ension, 2006℄so
iety, whi
h use magneti
 tra
ker to determine the motion of the performer.
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Figure 2.2: Wireless inertiaCube 3: the re
eiver and the marker [Intersense, 2006℄.Other systems do not use a dedi
ated magneti
 sour
e. The system TRIDENTdeveloped by LETI is a wearable system to 
apture the movement in 3D. It
ontains 6 MEMS (Mi
ro Ele
tro Me
hani
al Systems) sensors (3 a

elerometersand 3 magnetometers) that may be worn on the trunk of a person. 3D rotationangles are determined from the earth gravitational and magneti
 �elds, it doesnot need any external sour
e. It 
an be used to determine if a person is standing,sitting or lying by studying the orientation of the upper body. However, thiskind of system is sensitive to exterior magneti
 sour
es su
h as 
omputers andele
tri
ity 
ables.The opto-ele
troni
 systems use re�e
tive markers illuminated from strobeson the 
amera and triangulate ea
h marker from its relative lo
ation on a 2Dmap. There exist several 
ommer
ial systems. For instan
e, CODA (CartesianOpto-ele
troni
 Dynami
 Anthropometer) of Codamotion [Codamotion, 2006℄is 
omposed of a re
eiver with three sensors (two sensors measure the hori-zontal movements and the other one measures the verti
al movements) andmarkers. The markers are small infrared LED (Light Emiting Diodes). TheLEDs are powered by batteries pla
ed on the performer. Elite system of BTSBioengineering [Bioengineering, 2006℄ has been developed for gait analysis.Vi
on [Vi
on, 2006℄ system is 
omposed of a series of high resolution 
ameras(�gure 2.4) with spe
ial strobe lights to 
apture the position of the markers. Themarkers are small spheres painted with a retro-re�e
tive substan
e (�gure 2.5).The main drawba
k of the opto-ele
troni
 systems is that they 
annot be usedin outdoor environment be
ause the re�e
tive markers 
an be misdete
ted.Moreover, another point is that the re
eiver must be multiplied to avoid thenon-dete
tion of markers due to o

lusion.
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Figure 2.3: MotionStar Wireless 2: the extended range transmitter and 
ontroller, and performermounted ele
troni
s sensors and RF (Radio Frequen
y) transmitter [As
ension, 2006℄.
These systems are a

urate and are able to give measures with a very goodpre
ision (errors are often less than 0.1 mm). However, they are limited to a
onstrained spa
e: the performer must be in a prede�ned lo
ation. Also. thematerial is often expensive, in parti
ular for opto-ele
troni
 systems whi
h needhigh frequen
y re
eivers to 
orre
tly 
apture the motion of the performer.Moreover, some vision te
hniques 
an train their algorithms to re
ognise humanbody postures by using data 
omputed with motion 
apture systems. Syntheti
data 
an also be generated with su
h motion data for performan
e evaluationpurpose.2.2 Vision Te
hniquesThe vision te
hniques to determine human posture 
an be 
lassi�ed by 
onsideringdi�erent taxonomies: the type of model used (sti
k �gure, statisti
al, volumetri
),
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Figure 2.4: The MX3 
amera for a Vi
on system [Vi
on, 2006℄.the dimensionality of the work spa
e (2D or 3D), the sensor type (infra-red, visiblelight), the quantity of sensors (mono or multi-
ameras), stati
 or moving 
amera.Similar as [Gavrila, 1999℄, we have 
lassi�ed previous work based on non-intrusivevision te
hniques by 
onsidering the type of model used and the dimensionalityof the work spa
e:
• 2D approa
hes with expli
it models,
• 2D approa
hes with statisti
al models
• and 3D approa
hes.2.2.1 2D Approa
hes with Expli
it ModelsThe 2D approa
hes with expli
it models need a 2D model and a priori knowledgeon how people appears on the image. They 
ompute the di�erent body parts of thedete
ted person to determine the posture. The di�erent body parts are generallythe extremities of the human body (the two hands, the two feet and the head)and the limbs of the body (the two legs and the two arms). The 2D models 
an besti
k �gures wrapped with ribbons like in the 
ardboard model [Ju et al., 1996℄see �gure 2.6.In [Haritaoglu et al., 1998a℄ and [Haritaoglu et al., 1998b℄, the authors de-s
ribe their Ghost system. This system determines the lo
ation of di�erent bodyparts for re
ognising general postures. It �rst determines the general posture(standing, sitting, bending and lying) and the orientation (front or ba
k view,right or left view) of a person by representing postures based on the average hori-zontal and verti
al proje
tions of the silhouette. The information on posture andorientation allows the system to analyse the 
ontour of the silhouette in order todetermine the di�erent body parts.In [Park et al., 2000℄, the authors propose an approa
h to re
ognise human pos-tures from a single image. Ea
h body part is 
onsidered as a 3D 
ylinder and itsproje
tion to the image plan is a 2D ribbon. Ribbons that 
orrespond to body
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Figure 2.5: 41 markers for Vi
on system pla
ed strategi
ally on the body [Al-Zahawi, 2006℄.parts are estimated from the boundary 
ontours. The image is segmented witha watershed algorithm to fuse the homogeneous regions. The 
urve segments arethen extra
ted and a new region fusion is made by studying the regions atta
hedon a 
urve segment. If the regions 
an be a part of the human body then they arefused into a single region. A skin 
olor region dete
tion is also applied wheneverit is possible. The 2D ribbons are then estimated from the 
urve 
ontours thaten
lose 
andidate human body parts. Finally, the 2D ribbons are mat
hed witha human body model.In [Wren et al., 1997℄, the di�erent body parts are determined dire
tly during thesegmentation step of the video. Ea
h pixel of the ba
kground is represented witha mean 
olor value and a distribution about that mean. These values are updatedin time to take into a

ount the 
hanges in the ba
kground. Ea
h pixel is then
lassi�ed into a ba
kground or a foreground pixel by using a multi-
lass statisti-
al model of 
olour and shape. The result is a 2D representation of the di�erenthomogeneous parts of the body (�gure 2.7).These approa
hes need to dete
t 
orre
tly all the body parts to a
hieve goodposture re
ognition. They are generally very sensitive to segmentation errors.The 2D approa
hes with expli
it models gives good result when the segmentationis 
orre
t. Moreover, sin
e a 2D model is used, the approa
hes are dependent onthe point of view of the 
amera.
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Figure 2.6: The 
ardboard person model. The limbs of a person is represented by planar pat
heswhi
h are di�erent depending on the orientation of the model [Ju et al., 1996℄.
Figure 2.7: Video input, people segmentation and a 2D representation of the homogeneous partsof the body [Wren et al., 1997℄.2.2.2 2D Approa
hes with Statisti
al ModelsTo solve the problem of segmentation errors, the 2D approa
hes with statisti
almodels re
ognise postures without having to dete
t the di�erent body parts. Thepostures are statisti
ally modeled during a training phase. Statisti
al terms aregenerally derived from the silhouette of the person.In [Baumberg and Hogg, 1995℄, the authors analyse statisti
ally the 2D 
ontoursof the silhouette. The 
ontour is represented by the point distribution model(PDM). The PDM is based on a set of example shapes of a person. Ea
h shapeis des
ribed with a set of points whi
h 
orrespond to the 
hara
teristi
 of theshape (i.e. extremities of the body). The authors propose a method to re
ognisewalking persons.Rosales and S
arlo� propose a non linear supervised learning te
hnique: the spe-
ialised mapping ar
hite
ture (SMA). The SMA is 
omposed of several mappingfun
tions (from input data to output data) and a mat
hing fun
tion automati-
ally estimated from the data. Ea
h mapping fun
tion is de�ned by a part of theinput data [Rosales and S
laro�, 2000b℄, [Rosales and S
laro�, 2000a℄.[Ardizzone et al., 2000℄ propose an approa
h to re
ognise human arm posture.



2.2 Vision Te
hniques 17The eigen values of the 
ovarian
e matrix asso
iated with the arm silhouette are
omputed. A support ve
tor ma
hine (SVM) is trained with the eigen ve
tors tore
ognise the di�erent arm postures.In [Fujiyoshi et al., 2004℄, the authors use skeletonisation to represent a person.The skeleton is 
omputed on the silhouette by extra
ting the points of the 
ontourwhi
h maximise the distan
e to the 
entroid. The posture of the person is deter-mined by using a metri
 based on the skeleton. The body in
lination is 
omputedto a
hieve this task.[Panini and Cu

hiara, 2003℄ model postures with 2D probabilisti
 maps by usinghorizontal and verti
al proje
tions of the silhouette. A training set of T imagesreferred to the standing posture is 
onsidered. The 2D horizontal probabilisti
map H is 
omputed as follow:
H (x, y) =

1

T

∑

t

g
(

Ht
) (2.1)where

g
(

Ht
)

(x, y) =

{

1 if y = Ht (x)
0 elsewhereand Ht is the horizontal proje
tion of the tth silhouette example. The analogous
omputation is done for the verti
al proje
tion. The re
ognition is a
hieved by
omparing the horizontal proje
tion H of the silhouette with the pre-
omputed2D probabilisti
 map H:

1

width (H)

width(H)
∑

x=1

H (x, H (x)) (2.2)An example of standing posture probabilisti
 map is shown in �gure 2.8. Theauthors are interested in dete
ting four postures: standing, 
rawling, sitting andlying.

Figure 2.8: Horizontal and verti
al 2D probability maps for standing posture. Greenpoints have a higher probability than the red ones to belong to a standing pos-ture [Panini and Cu

hiara, 2003℄.



18 State of the ArtIn [Bradski and Davis, 2002℄, the authors propose an approa
h to re
ogniseT-shape, Y-shape and ⊢-shape postures. The silhouettes are represented by theseven higher order Hu moments. Sin
e these moments are of di�erent orders, theMahalanobis distan
e metri
 is used as a mat
hing 
riteria based on a statisti
almeasure of 
loseness to training samples.In [Tanikawa and Takahashi, 2003℄, the authors train an arti�
ial neural network(ANN) to determine signi�
ant points of human body (head, hands, feet,shoulder joints, elbow joints and knee joints). The input feature ve
tor of theANN is extra
ted from a human silhouette image, and the output of the ANNindi
ates the 2D 
oordinates of the signi�
ant points. Three types of featureve
tors are extra
ted: the raw pixel data, the 
oordinates of a sample of 
ontour
entered on the 
entroid lo
ation, or the distan
e of the sampled pixels to the
entroid. In their work, the 
amera is assumed fa
ing the front of the human.2.2.3 3D Approa
hesProposed approa
hes for human posture re
ognition in 3D spa
e are des
ribed.The general approa
h 
onsists in �nding the parameters of a 3D model su
has the proje
tion of the model on the image plane to �t the silhouette of thedete
ted person. Previous works 
an be 
lassi�ed a

ording to the quantity ofvideo 
ameras needed by the approa
hes.2.2.3.1 Mono CameraSome works have been proposed in the re
ognition of hand posture, in parti
ularfor sign language re
ognition appli
ations. The hand is represented with anarti
ulated model and the approa
h 
an be applied to the whole human body.In [Shimada et al., 2001℄ and [Athitsos and S
laro�, 2001℄, the estimation ofthe hand postures is based on 2D image retrieval. A large amount of possiblehand appearan
es are generated from a given 3D hand model by rotating themodel joints and for di�erent view points. Appearan
es and asso
iated jointsparameters are stored in a data-base. The hand posture of an input imageis determined by retrieving in the data-base the most similar appearan
e.In [Shimada et al., 2001℄, the appearan
e is the boundary of the hand silhouette.In order to a
hieve a real-time pro
essing, the data-base is de�ned as an adja
en
ymap whi
h groups the hand postures with similar joints and point of view. Theadja
en
y map of 16000 possible hand appearan
es is implemented on a 
lusterof six 
omputers. In [Athitsos and S
laro�, 2001℄, the 
onsidered appearan
esare the edges of the hand. The 107328 appearan
es are 
ompared with the inputimage using a Chamfer distan
e on the edges.Work on human body posture re
ognition with one 
amera is now des
ribed.Work in this area 
an be 
lassi�ed as model-based or learning-based.
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hniques 19Model-based approa
hes use an arti
ulated 3D body model. They 
onsist in
omputing the parameters of the 3D model, su
h as the model proje
tion on theimage plane �ts with the input image (often the silhouette). Some approa
hes
ompare the 
ontour of the input silhouette with one of the proje
ted model.In [Kameda et al., 1993℄, a model-mat
hing method to estimate the pose ofan arti
ulated obje
t is proposed. The model and the algorithm are 
learlyseparated. An arti
ulated obje
t is de�ned as a set of several solid parts arrangedin a tree graph stru
ture. Ea
h part in the model is taken up one by one andits rotation angles are determined based on the overlap relationship between the
ontour of the silhouette and that of the proje
ted part on the image plane.An alternative is to dire
tly 
ompare the two silhouettes.In [Moeslund and Granum, 2000℄, the authors represent the human modelin a phase spa
e spanned by the degree of freedom of the model. They use theanalysis by synthesis approa
h to mat
h the phase spa
e model with the real im-age and thereby estimating the posture. Several 
onstraints are used to de
reasethe dimension of the phase spa
e. The dimensionality of the phase spa
e is seta

ording to the appli
ation (if only the head posture is needed then only thedegree of freedom asso
iated with the head is 
onsidered). Kinemati
 
onstraintsof the human motor system are 
onsidered (the leg 
annot bend forward to theknee). Collision 
onstraints are also 
onsidered (two body parts 
annot o

upythe same spa
e at the same time). This approa
h fo
uses on the arm postureto allow real-time pro
essing. The 
omparison of the image silhouette andthe synthesised model depends on the 
omplexity of the model. If a 
omplexmodel is similar to the subje
t (in term of 
lothe deformations simulation) aXOR operation 
an be used. If the model 
orresponds to a sti
k �gure model,an AND operation 
ompares the silhouette. Moreover, the approa
h needs aninitialisation phase, where the a
tor pla
es her/his left arm stret
hed out andparallel to the image plane. In [Smin
hises
u and Telea, 2002℄, the authors usea 3D human body model (�gure 2.9) whi
h 
onsists in an arti
ulated skeleton
overed by �esh built from superquadri
 ellipsoids. They assume a reasonableinitialisation of the 3D model and fo
us on a likelihood model 
omposed of anattra
tion term and an area overlap term. Both terms are based on distan
e map(minimal distan
e of pixel silhouette to the boundary of the silhouette) extra
tedfrom the silhouette. The surfa
e of the model is dis
retised as mesh and ea
hnode is proje
ted on the image plane. During parameter estimation, likelihood is
omputed and minimised for ea
h proje
ted node.A third 3D model-based te
hnique is based on the arti
ulations of the humanbody (extra
ted manually) and anthropometri
 information. Usually around15 arti
ulations and body parts are manually annotated. Given the set ofarti
ulation points, the body posture is estimated. [Barron and Kakadiaris, 2003℄propose a method based on the geometri
 relations between the di�erent bodyparts, and apply it to a single image. [Zhao et al., 2004℄ propose a method to
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Figure 2.9: Human model: �at shaded (a,b) and dis
retisation(
,d) [Smin
hises
u and Telea, 2002℄.re
onstru
t human posture from un-
alibrated mono
ular image sequen
es. Thehuman body arti
ulations are extra
ted and annotated manually on the �rstimage of a video sequen
e, then image pro
essing te
hniques (su
h as linearpredi
tion or least square mat
hing) are used to extra
t arti
ulations from theother frames. In order to minimise an energy fun
tion, translations and rotationsare proposed to adjust the �exible 3D human model with en
oded biome
hani
al
onstraints.The learning-based approa
hes avoid the need of an expli
it 3D humanbody model. These approa
hes store in a data-base images with annotated3D postures. To re
ognise the posture of an input image, the most similarannotated image is taken as referen
e to 3D posture. [Mori and Malik, 2002℄lo
alise the position of 14 arti
ulations on the image to estimate the posture inthe 3D spa
e. The approa
h 
onsists in storing a number of 2D view examplesof the human body in a variety of di�erent 
on�gurations and viewpoints withrespe
t to the 
amera. On ea
h of these stored views, the lo
ations of the bodyjoints are manually marked and labeled. The test shape is then mat
hed toea
h stored view, using the te
hnique of shape 
ontext mat
hing (a histogramis asso
iated to a sample of 
ontour points). Assuming there is a similar storedview, the body joints are transfered on the shape. Given the joint lo
ations, the3D posture is then estimated by assuming that the relative lengths of the bodyparts are known. In [Shakhnarovi
h et al., 2003℄, the authors use hashing-basedsear
h te
hnique to rapidly �nd relevant examples in a large image data-base,and to estimate the parameters for the input using a lo
al model learnt fromthese examples. Images are represented by multi-s
ale edge dire
tion histograms.Edges are dete
ted with the Sobel operator and ea
h pixel is 
lassi�ed into oneof prede�ned dire
tion. The histogram of the dire
tion is then 
omputed within
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hniques 21square windows of di�erent sizes.In [Agarwal and Triggs, 2006℄, the authors propose a learning-based method forre
overing 3D human body posture from single images and mono
ular imagesequen
es. Instead of expli
itly storing and sear
hing for similar image in adata-base, they use a non-linear regression to distill a large data-base into a
ompa
t model. The silhouettes of the training data-base are en
oded withshape 
ontext des
riptor. Their method re
overs postures by dire
t non-linearregression against shape 
ontext des
riptor extra
ted from an input silhouette.Di�erent regression methods are evaluated: ridge regression, relevan
e ve
torma
hine (RVM) regression, and support ve
tor ma
hine (SVM) regression. Tohandle the problem of ambiguity due to mono
ular point of view, the method isembedded in a regressive tra
king framework using dynami
s from the previousestimated state. Mean angular errors of 4-6 degrees are obtained for a variety ofstanding postures involved in walking motion.2.2.3.2 Multiple CamerasTo improve the a

ura
y of the 3D measures and to solve self-o

lusion ambi-guities, some approa
hes involve more than one 
amera in the human posturere
ognition pro
ess. The same taxonomy that has been used for mono-
amera 
anbe used in this 
ase and the existing approa
hes 
an be 
lassi�ed as model-basedand learning-based approa
hes.The model-based approa
hes sear
h the parameters of the 3D human modelsu
h as its proje
tions on the di�erent image planes �t with the input images.In [Delamarre and Faugeras, 2001℄, the authors propose a 3D human model 
on-stituted of trun
ated 
ones, spheres and parallelepipeds to �t with a person ob-served by three 
ameras. The model has 22 degrees of freedom 
orresponding tothe arti
ulations of the body model. Their algorithm 
omputes the for
e ne
es-sary to mat
h the 
ontour of the proje
ted 3D model on the image plane with the
ontour of the dete
ted person (�gure 2.10). The posture at time t− 1 initialisesthe pose at time t. Moreover the authors assume that the initial pose is known.In [Mittal et al., 2003℄, the authors des
ribe a system to estimate humanpostures from multiple views. The silhouettes of the persons are extra
ted andbody part primitives are 
omputed based on the study of the 
urvature of theboundary: the silhouette is 
ut a

ording to a short-
ut rule. The obtained 2Dbody parts are then mat
hed a
ross views using epipolar geometry to yield 3Dbody parts. A 3D model 
omposed of 
ylinders is then 
omputed a

ording tothe determined 3D body parts.The learning-based approa
hes learn 
hara
teristi
s about the human postures.In [Iwasawa et al., 1999℄, the joints (elbows and knees) lo
ations are representedby a linear 
ombination of the 
entroid, head, and hands/feet positions. Training
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Figure 2.10: Continuous white lines are the 
ontour of the silhouette of the proje
ted 3D model.Dotted white lines are those of the real silhouette. Red lines are the for
es ne
essary to mat
hthe 
ontours [Delamarre and Faugeras, 2001℄.images are manually annotated to be used in a geneti
 algorithm. The authors es-timate the human posture with three 
ameras. The 
ameras are optimally pla
ed:one observing the person from the front, another from the side and the last fromthe top. The orientation of the upper body (above the waist) is 
omputed basedon the statisti
al moments. A

ording to this orientation a heuristi
 analysis ofthe 
ontour is made to determine salient points of the body: head, hands, feetand the di�erent joints in ea
h image based on a geneti
 algorithm. Using the
amera parameters and the geometri
al relationships between the three 
amerasthe 3D 
oordinates of the silhouette salient points are obtained by sele
ting twoviews. This method needs an initialisation step where the subje
t keeps the T-shape posture: the 
entroid and the salient points are stored as referen
e.In [Rosales et al., 2001℄, the authors introdu
e an approa
h to estimate 3D bodyposture using three un
alibrated 
ameras. The approa
h 
onsists in training aspe
ialised mapping ar
hite
ture (SMA) whi
h takes as input visual features ofthe silhouette (the seven Hu moments) and gives as output several body posturehypotheses (the 2D lo
ations of the body joints). The training is made withimages obtained with 
on
entri
 virtual 
ameras (intrinsi
 parameters are thenknown), where ea
h prin
ipal axis of the 
ameras pass through the 
ir
le 
enter.An expe
tation maximisation (EM) algorithm is used to �nd a self-
onsistent
ombination of hypotheses to provide the estimation of the 3D body postures andestimation of the 
amera parameters.In 
ontrast to other approa
hes whi
h treat the di�erent views as images,in [Cohen and Li, 2003℄, the authors work on 3D shape. They re
onstru
t the3D visual hull of the dete
ted person from the silhouettes of four syn
hronousviews. The 3D visual hull is pla
ed in a 3D referen
e form (a sphere or a 
ylinder,�gure 2.11). The referen
e form is divided in several bins and the distribution of
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ussion 23visual hull points in ea
h bin des
ribes the 3D shape. This shape representationis used to train a support ve
tor ma
hine (SVM) allowing the 
hara
terisation ofhuman postures from the 
omputed visual hull.

Figure 2.11: Example of shape representation asso
iated to a 
ylinder and a sphere as referen
eform (a). In (b) and (
), the visual hull and the spheri
al shape representation viewed fromabove and the side are displayed [Cohen and Li, 2003℄.
2.3 Dis
ussionDi�erent approa
hes have been presented to re
ognise human postures in theprevious se
tions a

ording to the 
ooperation of the studied people:
• Me
hani
al and physiologi
al sensors, in parti
ular body markers are de-signed for 
ooperative people. The te
hniques using su
h markers give a
-
urate measures of the lo
ation and orientation of the body joints, but theyare limited by the spa
e where the a
tor evolves. Results obtained withmotion 
apture 
an be used to tune or train the algorithms involved in thevision te
hniques des
ribed below.
• Vision te
hniques are designed for non-
ooperative people. A taxonomybased on the human model used by the approa
h is presented:� 2D approa
hes with expli
it models. These determine postures by�nding the di�erent body parts of the dete
ted person. They are verysensitive to segmentation errors (if a body part is misdete
ted or notdete
ted, the posture is not 
orre
tly re
ognised). Moreover, sin
ethese approa
hes use a 2D model, they are dependent on the 
ameraview point.
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hes with statisti
al models. These approa
hes are designedto solve the previous problem of sensitivity to segmentation errors. A2D model of a posture is learned with annotated data. They are welladapted for real-time pro
essing. As with the previous approa
hes,they are dependent on the 
amera view point (they depend on theviewpoint of the learning phase).� 3D approa
hes. These 
an be 
lassi�ed as model-based and learning-based approa
hes. Model-based approa
hes determine the 3D 
oordi-nates and orientation of the di�erent body joints of a given 3D humanmodel su
h as the proje
tion of the 3D model on the image plane �twith the input image. They require the tuning of a large number ofparameters (around 20 parameters depending on the quality of the3D human model involved in the re
ognition pro
ess) whi
h must re-spe
t biome
hani
al 
onstraints. These parameters model the degreesof freedom of the model, in parti
ular the arti
ulations of the humanbody. Moreover, many approa
hes need an initialisation phase wherethe observed subje
t performs a prede�ned posture or suppose thatthe posture is known on the �rst frame. Learning-based approa
hesneed to annotate manually training images, in parti
ular the lo
ationof the di�erent arti
ulations. Sin
e, these approa
hes work in 3D spa
ethey are partially independent from the 
amera view point. �Partiallyindependent� be
ause the problem of self-o

lusion 
an happen (forinstan
e one arm 
an be in front of the body). In order to be totallyindependent from the 
amera view point, some of these approa
hesuse several 
ameras to solve ambiguity and to estimate a

urately thedepth (3D 
oordinates) of the 2D images points.2.4 Con
lusionIn this 
hapter, previous work on human posture re
ognition has been presented.The a

ura
y of the me
hani
al and physiologi
al sensors has been shown butthey are limited for appli
ations where people are 
ooperative. In 
ontrary, visionte
hniques are well adapted for non-
ooperative persons and they are more generi
(less 
onstraint, 
heaper, in a large type of appli
ations) than approa
hes usingnon-video sensors.As previously introdu
ed, our obje
tive is to propose an approa
h to re
ognise theentire human body posture by using only one stati
 
amera and in real-time. Fewworks address this obje
tive. In [Zhao and Nevatia, 2004℄, the authors determinethe postures of a walking or a running person using an arti
ulated dynami
 humanmodel. Running and walking motion is de
omposed in 
y
les based on several 3Dmotion 
apture data sequen
es. 16 
y
les are identi�ed for ea
h of the motion.Their approa
h 
ompares the 32 predi
ted leg motion template (models) with thedete
ted leg using a blo
k mat
hing based on a opti
al �ow algorithm (�gure 2.12).In this work, only standing postures are studied.
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Figure 2.12: Computation of the predi
ted leg of walking motion based on 
ameramodel [Zhao and Nevatia, 2004℄.We propose an approa
h inspired by this work, by 
ombining the advantages of the2D and 3D approa
hes to re
ognise the entire human body postures in real-time.We are interested in a set of posture whi
h does not only 
ontain the standing ones.The proposed approa
h is based on a 3D human model for a
hieving independen
yfrom the point of view of the 
amera and employs silhouette modeling from 2Dapproa
hes to provide a real-time pro
essing. In the next 
hapter, an overview ofthe proposed approa
h is given.
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Chapter 3Human Posture Re
ognitionApproa
h OverviewThe goal of the human posture re
ognition approa
h is to provide a

urate infor-mation about the people evolving in the s
ene to the behaviour analysis task.As seen in 
hapter 2, the posture re
ognition problem has been treated with 2Dapproa
hes and 3D approa
hes. Our goal is to propose a framework that takes thebest of ea
h approa
h. In parti
ular, we aim at 
ombining the 
omputation speedof 2D approa
hes and the independen
e from the viewpoint of the 3D approa
hes.The obje
tives are presented in se
tion 3.1 and an overview of the proposed ap-proa
h is des
ribed in se
tion 3.2. A dis
ussion is made in se
tion 3.3.3.1 Obje
tives3.1.1 An Approa
h to Re
ognise Human Postures in Video Se-quen
esThe goal of this work is to propose an approa
h to re
ognise human postures invideo sequen
es (�gure 3.1) whether the person is 
ooperative or not (
hapter 2).This approa
h aims at helping the behaviour analysis task in order to re�ne theanalysed behaviour. This approa
h follows the spatio-temporal analysis task inthe treatment 
hain. Indeed, the �ltering posture task needs information aboutthe previous postures of the re
ognised person. This information is given by thetra
king task. The �ltered postures are then provided to the behaviour analysistask.3.1.2 Constraints on the Posture Re
ognition Approa
hTo propose a generi
 approa
h, whi
h 
an be used in di�erent appli
ations su
has video surveillan
e or aware house (also 
alled home-
are), several 
onstraintshave been identi�ed.
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ognition Approa
h Overview
Figure 3.1: The posture re
ognition approa
h provides information about the postures of peopleevolving in a video stream.Real-timeOne of the most important 
onstraint is the real-time pro
essing. A video under-standing system must be able to interpret human behaviour in real-time in orderto raise an alarm (or other a
tion) as soon as an event is dete
ted. A frame-rate of10 images by se
ond is usually su�
ient to e�
iently monitor daily elderly peoplea
tivities in home-
are appli
ations. This frame-rate is usually su�
ient to raisean alarm with an a

eptable response time. To be e�
ient in term of delay, thehuman posture re
ognition algorithm must provide in real-time the posture of thepeople evolving in the s
ene to the human behaviour analysis task.Independen
e of the proposed approa
h from the view-pointThe 
amera view-point de�nes how a person appears on the image plane de-pending on the 
amera position and on the orientation of the person. Thereforedepending on the position of the 
amera and the orientation of the person, thesame posture 
an appear di�erently on the image plane. The proposed approa
hmust re
ognise posture from any position of the 
amera, and for any orientationof the person.Automated Approa
hAnother important point of the approa
h is the need of an automated pro
ess. Avideo understanding system generally aims at 
omputing pertinent informationfor an operator. The operator should not have to intera
t with the re
ognitionpro
ess whi
h should work automati
ally. Moreover, the approa
h must be ableto re
ognise postures of non 
ooperative people. For instan
e, the people shouldnot be assumed to be observed from an optimal point of view, looking at the
amera.One Mono
ular Stati
 CameraThe approa
h depends on the information provided by the obje
t dete
tion task.Our approa
h has to be able to provide good results whatever type of 
amera thesystem uses. A single 
amera is used in this work to propose a generi
 approa
h.The approa
h 
an be adapted to existing system with already installed video
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ameras.The four previous 
onstraints are de�ned to justify our generi
 and operationalapproa
h des
ribed in the next se
tion.3.2 Proposed Approa
h for Human Posture Re
ogni-tionGiven the fa
t that the re
ognition of human postures is a stage of a video under-standing pro
ess, the posture re
ognition task has to work in 
ollaboration withthe other tasks. The input of the posture re
ognition task is the results of thepeople dete
tion task (dete
tion and 
lassi�
ation of physi
al obje
ts of interest),and of the spatio-temporal analysis of the people evolving in the s
ene:
• Results of people dete
tion. The people dete
tion task gives informationabout people evolving in the s
ene su
h as position or size. Generally,a person is represented with her/his silhouette de�ned as a binary imagewhere the foreground pixels belong to the person.
• Results of the spatio-temporal analysis task. The spatio-analysis task givesthe link between frames and people. A single identi�er is asso
iated to ea
hperson during a video sequen
e.Moreover, a 
ontextual knowledge base is ne
essary to interpret a s
ene. A 
on-textual knowledge base may 
ontain information about the 
ontext of the s
enesu
h as:
• The position of the 
ontextual obje
ts (furniture su
h as 
hair or desk).
• The lo
alisation of the zones of interest (forbidden zone, safe zone, et
...).
• The 
hara
teristi
s of the 
amera (the 
alibration matrix and the positionof the 
amera).
• The semanti
 asso
iated to ea
h 
ontextual obje
t to be used in parti
ularby behaviour analysis to infer high level s
enario.The proposed human posture re
ognition approa
h only need information aboutthe 
amera, in parti
ular the 
alibration matrix and its position in the s
ene.As shown in �gure 3.2, the approa
h 
an be des
ribed in two inter-
onne
tedtasks:
• Task 1: The posture dete
tor.This task re
ognises the posture of a person isolated in the s
ene. The task
ombines the 2D te
hniques and the use of 3D posture models to generatesilhouettes. These generated silhouettes are then 
ompared with the sil-houette of the dete
ted obje
t based on 2D te
hniques, to determine the
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Figure 3.2: The proposed posture re
ognition approa
h is 
omposed of two inter-
onne
tedtasks. posture. This task uses a 
ontextual knowledge base to generate a virtual
amera (by using 
amera 
alibration information) and uses information 
om-puted by the people dete
tion task to generate silhouettes. Thus the virtuals
ene is observed by a virtual 
amera whi
h has the same 
hara
teristi
sthan the real one. 3D postures are used to a
quire a 
ertain independen
efrom the point of view, whereas the 2D te
hniques helps to maintain lowpro
essing time.
• Task 2: The posture �lter.The temporal 
oheren
e of posture is exploited in this task to repair posturere
ognition errors from task 1. The identi�er of the re
ognised person is usedto retrieve the previous dete
ted postures. These postures are then used to
ompute the �ltered posture (i.e. the main posture) by sear
hing the mostfrequent posture for a 
ertain period of time. This task provides stablere
ognised postures to analyse the a
tions of the people observed in thes
ene.The �ltered postures are then provided to the human behaviour analysistask.3.2.1 3D Posture AvatarIn order to provide a posture re
ognition algorithm independent from the 
ameraview point, a 3D posture avatar has been introdu
ed. It is a 3D virtual avatarrepresenting a given posture. The 3D posture avatar is 
omposed of a 3D humanmodel, a set of joint parameters and body primitives (�gure 3.3).The 3D human body model is represented with body parts and joints (the ar-ti
ulations of the body). The 3D human body model de�nes the relation betweenthe di�erent body parts (e.g. the left forearm is 
onne
ted to the left upper armby the left elbow arti
ulation).The realism of the 3D body model depends on the re�nement of the body partsand the quantity of joints. The quality of a body part is de�ned in terms of itsrepresentation 
hoi
es. For example, the forearm 
an be represented by a 
ylinder
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Figure 3.3: A 3D posture avatar is 
omposed of a 3D human body model, joint parameters andbody primitives.or by a set of polygons. The number of joints de�nes the degree of freedom of the3D human model. Sele
tion of the number of joint is determined as a 
ompromisebetween a

ura
y of the 3D model and 
omputational time.A set of postures of interest is 
hosen to 
over the possible appli
ations. Thesepostures are hierar
hi
ally 
lassi�ed from general postures to detailed postures.A 3D posture avatar is de�ned for ea
h of the postures of interest by asso
iatinga prede�ned set of joint parameters to the 3D human model.3.2.2 The Proposed Hybrid Approa
hWe proposed a hybrid approa
h 
ombining 2D te
hniques with the use of 3Dposture avatars. Human posture re
ognition algorithm determines the posture ofthe person using the 
orresponding 2D moving regions (the silhouettes) and its3D positions. This algorithm is 
omposed of three main steps:
• Silhouette generation (�gure 3.4): the 3D posture avatar silhouettes aregenerated by proje
ting the 
orresponding 3D posture avatar on the imageplane. The 3D avatars are observed with a virtual 
amera de�ned with in-formation of the 
ontextual knowledge base (the 
amera parameters). Ea
h3D posture avatar is pla
ed in the 3D s
ene a

ording to the obje
t dete
tedby the people dete
tion task. The 3D position of the dete
ted person is 
om-puted with the 
alibration matrix and the silhouette. Then the avatar isoriented for di�erent angles to generate di�erent possible silhouettes.
• The silhouette 
omparison (�gure 3.5): the dete
ted silhouette and gener-ated silhouettes are 
ompared to obtain an estimation of the posture of thedete
ted person. The 
omparison is made with 
lassi
al 2D te
hniques (geo-metri
 representation, Hu moments, skeletonisation, horizontal and verti
alproje
tions). The 
hoi
e of the 2D te
hnique depend on the quality of thesilhouette and of the obje
tives of the appli
ation.
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Figure 3.4: 3D posture avatar silhouettes generation depending on the dete
ted person.
• The temporal 
oheren
y (�gure 3.6): the re
ognised posture is then 
om-pared with the previously re
ognised postures to verify the temporal 
o-heren
y, and 
orre
tions are made if ne
essary to obtain a �ltered posture.The �ltered postures are the input of the human behaviour analysis task.The 3D posture avatars are involved in the re
ognition pro
ess to a
quire a 
ertainindependen
e from the point of view. 2D te
hniques 
onsist mainly in dete
tingthe moving regions 
orresponding to dete
ted people and mat
h the silhouettegenerated from 3D avatar. These te
hniques enable the global posture re
ognitionpro
ess in real-time.3.3 Dis
ussionWe have presented in this 
hapter an overview of the proposed approa
h to re
og-nise the posture of whole human body. Human posture re
ognition is a step of avideo interpretation pro
ess as seen in se
tion 1.2. In parti
ular, the re
ognitionpro
ess needs information provided by the people dete
tion and tra
king tasks.This pro
ess also provides the people posture to the behaviour analysis task.The approa
h must 
omply with several 
onstraints: real-time pro
essing, inde-penden
e from the 
amera view point, fully automated approa
h and the use ofonly one stati
 
amera (se
tion 3.1).The proposed approa
h is designed to take into a

ount these di�erent 
on-straints and proposes a generi
 framework to design an operational 
omponent
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Figure 3.5: Comparison of the dete
ted silhouette with the generated silhouettes.

Figure 3.6: Dete
ted posture is 
ompared with previous dete
ted postures to verify the temporal
oheren
y.(se
tion 3.2):
• The real-time pro
essing is a
hieved by proposing an hybrid approa
h whi
h
ombines 2D te
hniques and the use of the 3D posture models. The silhou-ettes are 
ompared with 
omputationally fast 2D te
hniques.
• The 3D posture models are introdu
ed to a
quire a 
ertain independen
efrom the 
amera point of view. By using 3D posture avatars, a silhouette
an always be obtained for any type of posture, any person position andorientation, and any 
amera position.
• A 
ontextual knowledge base is used in the re
ognition pro
ess to de�ne avirtual 
amera and to 
ompute the 3D position of a person in the s
ene.This 
ontextual knowledge base 
ontains properties of the real 
amera and
alibration information. The 3D posture avatars are then pla
ed a

ording
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ognition Approa
h Overviewto the obje
t dete
ted by the people dete
tion task in the virtual s
ene andobserved from the point of view of the real 
amera. Thus the proposedapproa
h is fully automated.
• The approa
h is able to work with a single stati
 
amera thanks to 
amerainformation (
alibration matrix) provided in the 
ontextual knowledge base.The overview of the proposed approa
h is shown in �gure 3.7.In the next 
hapters, the proposed approa
h for human posture re
ognition isdes
ribed in details. In 
hapter 4, the 3D posture avatars are de�ned and the 3Dhuman body model is des
ribed in details. The body primitives involved in thebody parts modeling is studied and their implementation is des
ribed. The arti
-ulation of the body parts is examinated. The implementation of the 3D postureavatars is explained.In 
hapter 5, the proposed hybrid approa
h to re
ognise posture of the wholehuman body is presented. We will see how the 3D posture avatars 
an be per-formed in a real-time re
ognition pro
ess. 2D te
hniques used to represent thesilhouettes are studied, and the temporal 
oheren
y of the postures to improvethe re
ognition is presented.The approa
h is evaluated in 
hapter 6.
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Figure 3.7: Overview of the proposed human posture re
ognition approa
h
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Chapter 43D Posture Avatar4.1 Introdu
tionAs seen in the overview (se
tion 3.1), the proposed human posture re
ognitionapproa
h involves the use of a 3D posture avatar. The 3D posture avatar isbuilt through a 3D human body model. The 3D human body modeling has beenimproved during the past de
ade in part due to the in
rease of 
omputer power aswell as appli
ation needs. 3D human body models are mainly used in 3D humananimations. An overview of the existing 3D human body models is given below:3D human animations appear in di�erent appli
ations:
• Film industry. Virtual 
hara
ter (i.e. avatar) are widely used in �lm in-dustry (Final Fantasy-Advent Children, Fantasti
 Four and a many other�lms)
• Real-time appli
ations whi
h need a real-time intera
tion between the userand the virtual 
hara
ter su
h as 
omputer games or surgery appli
ations.
• Simulation. Virtual 
hara
ters are used in simulation appli
ations for er-gonomi
 study in the automotive industry as well as sports appli
ations.The 3D human body models previously proposed 
an be 
lassi�ed as one offour 
ategories:
• sti
k �gure models,
• surfa
i
 models,
• volumetri
 models,
• multi-layered models.The �rst proposed 3D human model was based on sti
k representation. Su
hmodels are represented by a set of hierar
hi
al sti
ks 
onne
ted by joints, as shownin �gure 4.1. The sti
ks roughly represent the main bones of a human body. Thiskind of model is not realisti
 sin
e it does not take into a

ount the deformation
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Figure 4.1: Sti
k �gure model used in [Barron and Kakadiaris, 2003℄ to estimate posture.Surfa
i
 model improves the sti
k model by proposing a new layer to managethe deformations of the body: the skin layer. The skin surrounds the previoussti
ks. The skin models the body deformation due to the animation of the sti
ks.The skin 
an be represented by points and lines, polygons and 
urved surfa
e(Bezier, B-spline). The model is realisti
 but there is a problem of surfa
e defor-mation at joints of the body. Indeed, these models do not take into a

ount thesurfa
e deformation due to a 
on�guration 
hange in the body joints. An exampleof su
h a model 
an be found in �gure 4.2 where the body primitives are polygons
omposed by a set of fa
ets.

Figure 4.2: Surfa
i
 model developed in this work and example of the set of fa
ets representingthe 
hest and the right 
ollar body parts.In a volumetri
 model, simple geometri
 primitives are used to model thedi�erent body parts: 
ylinders, spheres, trun
ated 
ones (�gure 4.3). This modelis less realisti
 than the previous one sin
e geometri
 primitives are less a

urateto represent body parts than the surfa
i
 model. Volumetri
 model is well adapted
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tion 39for real-time pro
essing. It is thus generally used for 
omputer vision appli
ations.

Figure 4.3: 3D model involved in [Delamarre and Faugeras, 2001℄ to tra
k people in severalviews.The multi-layered model is generally 
omposed of three layers: the skeleton,the mus
les and the skin. The skeleton gives the relation between the di�erentbody parts and animates the model. The mus
le layer and the skin layer modelthe deformation of the body due to the animation. An example of su
h a model isgiven in �gure 4.4 based on metaball representation. A physi
al engine is generallyasso
iated to the model to handle the deformation of the skeleton and its impa
ton the mus
le and skin layers. This model has a lot of parameters di�
ult to
ontrol whi
h are hardware dependent.The 
hoi
e of the 3D human body model depends on the realism and thepurpose of the appli
ation. Surfa
i
 and volumetri
 models are generally usedin 
omputer vision appli
ations. The realism of su
h a 3D human body modeldepends on two prin
ipal 
hara
teristi
s:
• the realism of the body primitives (visual realism),
• and the number of joints (animation realism).Body parts have been widely represented with 2D ribbons su
h as in the Card-board model [Ju et al., 1996℄. But, now the most used representation is based on3D volumetri
 models whi
h 
an either be geometri
 or surfa
e-based (polygons).Geometri
 representation 
an be based on sti
ks [Barron and Kakadiaris, 2000℄,polyhedron [Yamamoto et al., 1998℄, 
ylinders [Cohen et al., 2001℄ or superquadri
s [Gavrila and Davis, 1996℄. In [Delamarre and Faugeras, 2001℄, the
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Figure 4.4: The layered model used in [D'Apuzzo et al., 1999℄: (a) the skeleton, (b) ellipsoidalmetaballs used to simulate mus
les and fat tissues, (
) polygonal surfa
e representation of theskin, (d) the shadered rendering.authors use trun
ated 
ones to tra
k individuals in multi-views. The body prim-itives represented by polygons are more realisti
 than ones with the geometri
representation.In our 
ase, we want to re
ognise human postures. The most adequate modelis then a surfa
i
 model whi
h is the best 
ompromise between realism and
omputational speed. This model 
an have realisti
 body parts sin
e the bodyparts are modeled with fa
ets. Moreover, surfa
i
 model only needs a 
lassi
al
omputer with no dedi
ated hardware to be drawn.Another important 
onsideration in 3D human body modeling is the numberof rotation parameters asso
iated with the joints. This number de�nes thedegrees of freedom (DOF) of the 3D human body. The degrees of freedom arerelated to the realism of the 3D human body animation. A 
omputer visionappli
ation often needs less than 30 DOF. In [Delamarre and Faugeras, 2001℄or [Gavrila and Davis, 1996℄, the authors use only 22 DOF, by 
onsideringonly a subset of the arti
ulations of the total human body. On the 
ontrary,a 
omputer graphi
s appli
ation may require more than 50 DOF. Aubel et al.[Aubel et al., 2000℄ use 68 DOF 
orresponding more to the real number of humanjoints, plus a few global mobility nodes that are used to orient and lo
ate thevirtual human in the world.



4.2 3D Human Body Model 41The rotation parameters of the joints are generally represented by the Eulerangles. A

ording to the Euler's rotation theorem: an arbitrary rotation maybe des
ribed by only three parameters whi
h are three angles along the axis ofa 
oordinate system. This representation 
an 
reate singularities. Indeed, Eulerangles lead to three problems in the 
ase of 3 DOF joints:
• This representation does not re�e
t reality. The rotation with 3 Euler angles
orresponds to three su

essive rotations around the 
lassi
al axes (x, y, z),whereas in reality the rotation is a
hieved dire
tly and not sequentially.
• Euler angles are mathemati
ally �awed. The Gimbal lo
k singularity 
anhappen when Euler angles are used in the 
ase of 3 degrees of freedom.Sin
e thhe rotations in the Euler representation are done with respe
t tothe global axis, a rotation in one axis 
an be 
onfused with another axis.Then a degree of freedom is lose. If the rotation in the Y axis rotates ave
tor (parallel to the X axis) then the rotated ve
tor is parallel to the Zaxis. Any rotation in the Z axis would have no e�e
t on the ve
tor: this is
alled the Gimbal lo
k problem.
• Several Euler angle representations 
an be asso
iated to a single 3D rotation.When ne
essary, the rotation parameters 
an be represented with quaternionsto solve these problems. A quaternion 
an be de�ned as a rotation in a 4Dworld, represented by four values: three de�ne rotation axes and one de�nesa rotation angle. A 
onversion is possible between Euler angles representationand quaternion representation (
f. appendix C). Euler angles are widely usedbe
ause they are mu
h easier to read and 
on
eptualise than a quaternion. Eulerangle representation is su�
ient to represent stati
 postures sin
e no animationis needed.A 3D human body model is 
hara
terised by its body primitives and its degreesof freedom. These 
hara
teristi
s depend on the appli
ation purpose. A 
omputervision appli
ations often require high 
omputational speed and thus use few joints.On the other hand, a 
omputer graphi
s appli
ation may use many joints to obtaina more realisti
 3D human body model.The next se
tion des
ribes the 3D human body model involved in our humanposture re
ognition approa
h.4.2 3D Human Body Model4.2.1 Standards on 3D Human Body Model RepresentationThe human body has been strongly studied in the last 
enturies. Ea
h bodypart, arti
ulation, as well as many other small parts have medi
al terms. Withthe in
reasing interest in 3D graphi
s over the past de
ade, there has also beenan important emergen
e of 
hara
ter modeling software to 
reate and animate



42 3D Posture Avatar3D human body. The la
k of a skeletal stru
ture often for
es animation 
om-panies and motion 
apture studios to develop their own proprietary solutions.H-anim (Humanoïd Animation spe
i�
ation) [H-Anim, 2006℄ proposes a VRML-based spe
i�
ation to represent a 3D human body model.VRML (Virtual Reality Modeling Language), [VRML, 2006℄ is a 3D graphi
s lan-guage to represent 3D virtual worlds. It is not a programming language sin
e(similarly to HTML language) a VRML �le 
ontains information to visualise thedi�erent elements of the s
ene (shape, light, 3D position, texture, sound, et
...).H-anim design goals are:
• 
ompatibility: humanoïds should work with any VRML browser
• �exibility: no assumptions are made about the types of appli
ations thatwill use humanoïd
• simpli
ity: the spe
i�
ation 
ontains only the ne
essary information tomodel and animate a 3D human body model.Up to now, H-anim has proposed three spe
i�
ations based on the advan
ed ofthe VRML language and the introdu
tion of new features.H-anim 1.0 spe
i�
ation is based on VRML 2.0. A 3D human body model isrepresented with a set of hierar
hi
al nodes. Ea
h node 
ontains several features:
• the rotation 
enter of the joint
• other joint nodes linked to this joint
• a sti
k node whi
h is the body part asso
iated to that joint (3D geometry,
olor, texture)
• hints for inverse kinemati
s systems (upper/lower joint limits, orientationof the joint limits, sti�ness/resistan
e values)H-anim 1.1 formalism extends the previous spe
i�
ation to take into a

ountthe deformations of the model during the animation. Site nodes are added tode�ne spe
i�
 lo
ations relative to the body primitive. Displa
er nodes are alsode�ned to spe
ify whi
h verti
es within the link 
orresponds to a parti
ular
on�guration. H-anim 200x makes small 
hanges to best support deformationengines and animation tools. In the MPEG-4 standard, the fa
e/body de�nitionsare based on the H-anim spe
i�
ations.4.2.2 Proposed 3D Human Body ModelWe propose a 3D human body model inspired by the H-anim spe
i�
ation.Below, the body parts and the joints of our 3D human body model are des
ribed.We then explain how to 
ompute a 3D posture avatar.The joint nodes of our 3D human model are 
omposed of:



4.2 3D Human Body Model 43
• body_parts: the two body parts asso
iated to the joint
• default_pos: the default position of the asso
iated body part
• rot: the rotation parameter of the asso
iated body part
• rot_min: the lower joint limit
• rot_max: the upper joint limitWe de�ne 9 joint nodes: an abdomen joint, left elbow, right elbow, left knee,right knee, left shoulder, right shoulder, left hip, right hip plus a spe
ial joint:the pelvis. The fun
tion of the pelvis joint is to position the 3D human bodymodel in the 3D spa
e. The pelvis has the same 
hara
teristi
s as other jointnodes plus the pos parameter to translate the 3D human body model. We donot use all the possible joints be
ause we de�ne a 3D human body model fora 
omputer vision appli
ation. Be
ause the appli
ation is 
onstrained by real-time pro
essing, a tradeo� must be 
hosen between realism and pro
essing time.However, the 
hosen nodes are su�
ient in quantity to represent all the postureswe have planed to re
ognise. Our 3D human body model is 
omposed of 20 bodyparts: hair, waist, left thigh, right thigh, left upper arm, right upper arm, leftshin, right shin, left hand, right hand, left forearm, right forearm, left foot, rightfoot, left 
ollar, right 
ollar, ne
k, head, 
hest, and abdomen. Some body partsthat are dire
tly 
onne
ted without a joint node are de�ned su
h as head andhair. This 
ue gives the ability to 
hange the body primitive whi
h models thebody part. A body primitive is required to visualise the body parts of our 3Dhuman model whi
h is shown in �gure 4.5. For instan
e, the hair body part 
an beshort hair as well as long hair. A polygon-based representation is 
hosen for twomain reasons. The �rst is that the pro
essing time for polygon-based primitives issimilar to the pro
essing time for 
ylinder or other 
lassi
al geometri
 primitiveswith a 
lassi
al 
omputer. The se
ond reason is that we plan to use this realisti
3D human model to generate syntheti
 data 
lose to the real human being. Sin
ethe proposed human posture re
ognition approa
h is based on the 
omparisonof silhouettes as explained in 
hapter 3, realisti
 syntheti
 silhouettes have to begenerated.Ea
h body part is 
omposed of verti
es (2D fa
ets whi
h live in 3D spa
e). Thesefa
ets 
an either be a triangle (
omposed of three 3D points) or a quadrilateral(
omposed of four 3D points). A 3D point is de�ned by:
• the 3D spa
e 
oordinates of the point: [vx, vy, vz]

T ,
• the 
olor asso
iated to the point: [vr, vg, vb]

T 
orresponding to the red, greenand blue values
• the normal ve
tor: [nx, ny, nz]

T with n2
x + n2

y + n2
z = 1. This ve
tor givesinformation to display light depending on its dire
tion with light sour
es.
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Figure 4.5: Body parts and joints of our 3D human modelColor and normal ve
tor are not important 
ues for the silhouette extra
tion, theyare only used for a displaying purpose.Our 3D human model is de�ned by 10 joints and 20 body parts. The 10 jointsare su�
ient to model the postures of interest and move it in the virtual s
ene.The body primitives whi
h represent the di�erent body parts are polygon-basedto obtain realisti
 syntheti
 data.4.3 Posture Avatar GenerationOur 3D human body model has been de�ned by proposing a set of joints andbody parts. Now, we use this 3D human body model to generate our 3D postureavatar.



4.3 Posture Avatar Generation 45A 3D posture avatar 
orresponds to the 3D human body plus a set of jointparameters and body primitives. The 3D human body is animated with thejoint parameters and visualised with the body primitives. We have de�ned a 3Dengine to animate a 3D human body. Moreover, a tool has been developed toanimate the 3D human body model. Ea
h of the arti
ulations 
an be sele
ted,and the body primitive asso
iated to this arti
ulation 
an be rotated (aroundthe arti
ulation). The parameters 
an be saved to obtain the joint parameters
orresponding to a 3D posture avatar.The parameters of ea
h joint are the three Euler angles α, β and γ. Sin
esome arti
ulations have only one degree of freedom (the knees), the 3D postureavatar is represented by a set of 23 parameters. The arti
ulation must respe
tbiome
hani
al 
onstraints (see table 4.1).
α β γ

αmin/αmax βmin/βmax γmin/γmaxAbdomen -15/90 -15/15 -30/30Left shoulder -45/45 -160/15 -90/90Left knee 0/120 0/0 0/0Left elbow -100/0 0/135 -100/5Left hip -90/30 -90/90 -30/90Right shoulder -45/45 -15/160 -90/90Right knee 0/120 0/0 0/0Right elbow 0/100 -135/0 -5/100Right hip -90/30 -90/90 -90/30Table 4.1: Biome
hani
al 
onstraints of our 3D human model: minimum and maximum Eulerangles of ea
h arti
ulation (in degrees).The proposed 3D engine relies on the fa
t that when a body part is moved allthe subparts are also moved. For instan
e, if the left upper arm is moved, thenthe left forearm and the left hand must follow the 
orresponding movement.As seen previously, the di�erent body primitives are 
omposed of fa
ets, and thusmoving a body part is equivalent to move ea
h fa
ets whi
h 
omposed the bodypart. Rotation and translation transformations are applied to points 
onstitutingthe di�erent fa
ets. These transformations are represented by 4x4 matri
es forhomogeneous 
oordinates. The rotation around the X axis for an angle α is givenby the following matrix:
MX (α) =









1 0 0 0
0 cos(α) − sin(α) 0
0 sin(α) cos(α) 0
0 0 0 1











46 3D Posture AvatarThe rotation around the Y axis for an angle β is given by the following matrix:
MY (β) =









cos(β) 0 sin(β) 0
0 1 0 0

− sin(β) 0 cos(β) 0
0 0 0 1







The rotation around the Z axis for an angle γ is given by the following matrix:
MZ (γ) =









cos(γ) − sin(γ) 0 0
sin(γ) cos(γ) 0 0

0 0 1 0
0 0 0 1







The translation by a ve
tor [x, y, z]T is represented with the following matrix:
MT

(

[x, y, z]T
)

=









1 0 0 x
0 1 0 y
0 0 1 z
0 0 0 1







The order of the 
omputation of the transformations is important: the transfor-mation MXMT is di�erent from the transformation MT MX . In the 
ase of humanbody animation, ea
h body part has to be rotated a

ording to the 
orrespondingjoint parameters. Considering a given body primitive B, three information areavailable:1. the set of fa
ets and the set of points whi
h 
omposed the body parts:
F = {Fi} = {{Pj}}2. the default position of the body part default_pos = [x, y, z]T , a

ording tothe origin of the world referen
e3. the joint parameters, rot = [α, β, γ]T de�ning how the body part has to berotatedEa
h point Pj are rotated in three steps:

• �rst the point is translated to the origin with the matrix MT (default_pos)

• se
ond the point is rotated around the X axis, then around the Y axis and�nally the Z axis with the matrix MZ(γ)MY (β)MX(α)

• third the point is translated to its original lo
ation with the matrix
MT (−default_pos)Ea
h point P of the di�erent body primitives are thus mov-ing in 3D spa
e by applying the transformation P ′ =

MT (−default_pos)MZ(γ)MY (β)MX(α)MT (default_pos)P to obtain the
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oordinates P ′ of the 
onsidered point.Sin
e the human body is arti
ulated, body parts must take into a

ount themovement of their parents. We 
all parent of a given body part B, the bodyparts whi
h in�uen
e B. Then when a body part is moved, the transformationdue to the parents and 
hara
terised by a 4x4 matrix M is also applied as shownin algorithm 1.Algorithm 1 move(B, M)for all Fi ∈ F dofor all Pj ∈ Fi do
P ′

i = MT (−B.default_pos)MZ(B.γ)MY (B.β)MX(B.α)MT (B.default_pos)MPiend forend forMoreover, the algorithm whi
h moves an entire human model is given in algo-rithm 2.Algorithm 2 moveWholeBody()

move(waist, MT (pelvis.pos)) {the translation of ve
tor pelvis.pos position the3D avatar in the virtual s
ene}
moveUpperBody(MT (pelvis.pos)) {des
ribed in algorithm 3}
moveLeftLeg(MT (pelvis.pos)) {des
ribed in algorithm 4}
moveRightLeg(MT (pelvis.pos))Algorithm 3 moveUpperBody(M)

move(abdomen, M)
M1 = MZ(abdomen_joint.rot.γ)MY (abdomen_joint.rot.β)MX(abdomen_joint.rot.α)
move(hair, M1M)
move(head, M1M)
move(neckM1M)
move(chest, M1M)
move(rightcollar, M1M)
move(leftcollar, M1M)
moveLeftArm(M1M) {des
ribed in algorithm 5}
moveRightArm(M1M)The implementation has been made with the Mesa Library [Mesa, 2006℄.Mesa is a 3D graphi
s library with an API (Appli
ation Programming Interfa
e)whi
h is very similar to OpenGL library [OpenGL, 2006℄. We used Mesa be
auseit is based on C language and well adapted to real time tasks. Details on theimplementation are given in appendix A.We have adapted the body primitives de�ned in SimHuman[Vosinakis and Panayiotopoulos, 2001℄ to our human body avatar to model



48 3D Posture AvatarAlgorithm 4 moveLeftLeg(M)

move(leftthigh, M)
M1 = MZ(left_knee.rot.γ)MY (left_knee.rot.β)MX(left_knee.rot.α)
move(leftshin, M1M)
move(leftfoot, M1M)Algorithm 5 moveLeftArm(M)

move(leftupperarm, M)
M1 = MZ(left_shoulder.rot.γ)MY (left_shoulder.rot.β)MX(left_shoulder.rot.α)
move(leftforearm, M1M)
M2 = MZ(left_elbow.rot.γ)MY (left_elbow.rot.β)MX(left_elbow.rot.α)
move(lefthand, M2M1M)our body primitives.The 
ase where all the joint parameters are null 
orresponds to the T-shapeposture: the person is standing with the two arms up.The 3D posture avatar is de�ned by a set of 23 parameters, whi
h are the Eulerangles of the joints of the 3D human body model.4.4 Postures of InterestWe have de�ned a generi
 3D posture avatar. Now, we are des
ribing whi
h pos-tures we want to re
ognise. There is almost an in�nity of postures due to the
omplexity of the human body.In the literature, the main postures used are standing, sitting and lying pos-tures [Panini and Cu

hiara, 2003℄ [Haritaoglu et al., 1998a℄ whi
h usually aresu�
ient to interpret the behaviour of persons in a video sequen
e. A granularityin our postures of interest is introdu
ed. This granularity depends on the a

u-ra
y of the re
ognised posture needed by the appli
ation. The general posturesand the detailed postures are then de�ned. Detailed postures are sub
lasses ofthe 
orresponding general posture. We de�ne four general postures: standing,sitting, bending and lying, and eight detailed postures are asso
iated: standingwith one arm up, standing with arms along the body, T-shape posture, sittingon a 
hair, sitting on the �oor, bending posture, lying with spread legs and lyingwith 
urled up legs. The parameters of the posture model are de�ned to representea
h of these postures. We 
an see, for example, the parameters of the posturemodel 
orresponding to sitting on the �oor posture in table 4.2. The asso
iatedposture 
orresponding to the 3D man model 
an be seen in �gure 4.6. This setof postures of interest 
an be modi�ed by adding or removing postures a

ordingto the need of the appli
ation.The parameters whi
h 
hara
terise the posture models are independent of the3D human body parts. The joint parameters 
an be used with di�erent body



4.4 Postures of Interest 49joints α β γabdomen 0 0 0left_elbow 0 -88 -14left_knee 110 0 0left_shoulder 0 0 -82left_hip -144 -6 0right_elbow 0 86 16right_knee 112 0 0right_shoulder 0 0 82right_hip -144 0 0Table 4.2: Euler angles (in degree) for the di�erent joints of the posture model for sitting onthe �oor posture
Figure 4.6: 3D model of sitting on the �oor postureprimitives (di�erent size, s
ale) to represent the same 3D posture avatar. Forexample, only the rotation of the left shoulder is su�
ient to represent the stand-ing posture with left arm up. These postures 
orrespond to the main postures
on
erning targeted appli
ations. Some postures are dependent on the 3D hu-man avatar, in parti
ular on the size of the body primitives. For example, theposture tou
hing the nose with the left hand is dependent on the size of thearm primitives: the rotation angles of the di�erent arti
ulations (shoulder andelbow) will be di�erent in fun
tion of the lengths of the forearm and upper arm.Moreover, the proposed 3D human body model 
annot represent fa
ial expressionsu
h as smile, and more generally postures whi
h need 
omplex deformation forgiven body primitives. A 
omplex deformation need to introdu
e new verti
esto model it. Our human body model 
an deal with s
ale transformations of thebody primitives by using the s
ale transformation matrix:

MS

(

[sx, sy, sz]
T
)

=









sx 0 0 0
0 sy 0 0
0 0 sz 0
0 0 0 1







For instan
e a 3D man model with di�erent 
orpulen
es and heights is given in�gure 4.7.A hierar
hi
al representation of the postures of interest is shown in �gure 4.8.
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Figure 4.7: 3D model with di�erent 
orpulen
es and heights4.5 Con
lusionIn this 
hapter, possible te
hniques for modeling a 3D human body have beenpresented: the sti
k �gure model, the surfa
i
 model, the volumetri
 model andthe multi-layered model. Sin
e the purpose of our appli
ation is to re
ognisehuman posture and not animation, we propose to use a surfa
i
 human bodymodel (as explained in se
tion 4.2.2). Our model is 
omposed of ten joints (themajor body arti
ulations) and twenty body partsThe 3D posture avatars have been designed to model human postures and it is
omposed of:
• a 3D human body model 
onstituting of body parts and joints
• a set of joint parameters
• a set of body primitivesEuler angles are 
hosen as joint parameters. This is su�
ient to represent theeight postures of interest we have planed to re
ognise. The body primitives of themodel are polygons and thus the model is enough realisti
 to generate syntheti
data, 
onsisting of silhouettes, 
lose to real world .The Mesa library is used to generate a posture avatar. The generation is basedthe 
omposition of translation and rotation operations. A hierar
hi
al 
lassi�
a-tion of the postures of interest has been introdu
ed. We want to re
ognise fourgeneral postures and eight detailed postures.The 3D posture avatars are generi
 and 
an deal with di�erent types of bodyprimitives (polygons, 
ylinders, et
...). The body primitives 
an be interpretedas a data-base 
ontaining many body parts representations 
hosen a

ording tothe need of the appli
ations (in term of realism and visual representation). The3D posture avatar 
annot handle 
omplex deformations of the body primitives torepresent spe
i�
 expression su
h as smile. But it 
an deal with global transfor-mation su
h as s
ale of the body primitives.



4.5 Con
lusion 51The next 
hapter shows how these posture avatars are embedded in the humanposture re
ognition task for video sequen
e analysis.
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Figure 4.8: Hierar
hi
al representation of the postures of interest



Chapter 5The Proposed Hybrid Approa
h5.1 Introdu
tionThe previous 
hapter has shown how the 3D posture avatar is generated froma 3D human body model. The goal of this 
hapter is to show how the 3Dposture avatar is embedded in the human posture re
ognition approa
h whi
htakes advantage of 3D te
hniques and 2D te
hniques. The 3D te
hniques areindependent from the 
amera point of view and the 2D te
hniques are welladapted for real-time pro
essing. The approa
h 
onsists in de�ning a data-basewhi
h 
ontains the 3D posture avatars to be re
ognised. The 3D position ofthe dete
ted person, the data-base of posture avatars and a virtual 
ameraare used to generate reliable silhouettes. Then the generated silhouettes are
ompared with the dete
ted silhouette (se
tion 3.2) to determine the posture ofthe observed person. Finally, the dete
ted posture is �ltered throughout time toenfor
e temporal 
oheren
y on the postures.Se
tion 5.2 des
ribes the generation of silhouettes from the 3D posture avatarthrough three steps: (1) a virtual 
amera is generated, (2) the posture modelis positioned in the s
ene and (3) the silhouettes are generated. Se
tion 5.3des
ribes di�erent te
hniques to represent and 
ompare person silhouette andse
tion 5.4 details the temporal posture 
oheren
y mentioned above.5.2 Silhouette GenerationIn this se
tion, the me
hanism to generate silhouettes from a posture avatar isdes
ribed. The posture avatar is pla
ed in a 3D virtual s
ene a

ording to aposition and an orientation. The avatar is visualised with a virtual 
amera whi
hgives the same point of view than the real one by proje
ting the 3D s
ene on theimage plane.Se
tion 5.2.1 des
ribes the 
reation of a virtual 
amera designed to have a similarpoint of view than the real one. Se
tion 5.2.2 explains how the 3D posture avatarsare positioned in the virtual s
ene and how the silhouettes are generated.
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h5.2.1 Virtual CameraA virtual 
amera is 
reated to visualise a virtual s
ene with the same pointof view than the real 
amera. The virtual 
amera is de�ned by two di�erentsets of parameters. The �rst extrinsi
 set de�nes how the virtual s
ene isobserved: the 
amera transform. The se
ond intrinsi
 one de�nes how the obje
tsof the virtual s
ene are proje
ted into the image plane: the perspe
tive transform.5.2.1.1 The 
amera transformThe extrinsi
 set of parameters de�nes the transformation from the world referen
eto the 
amera referen
e. This set is de�ne by three ve
tors:
• eye = [eye.x, eye.y, eye.z]T is the 
oordinate ve
tor of the position of the
amera in the virtual world 
oordinate system,
• center = [center.x, center.y, center.z]T is the 
oordinate of a point on theaxis view (usually if it is possible, it is the interse
tion point of the axisview with the ground plane 
orresponding to the point where the 
ameralook at),
• up = [up.x, up.y, up.z]T is the dire
tion of the up ve
tor of the 
amera (theve
tor perpendi
ular to the view-axis of the 
amera).The transformation from the world referen
e to the 
amera referen
e is 
har-a
terised with the 4x4 matrix MCT (the 
amera transform matrix):

MCT (β) =









s[0] s[1] s[2] 0
u[0] u[1] u[2] 0
−f [0] −f [1] −f [2] 0

0 0 0 1









MT (−eye)where MT is the translation transformation matrix, and
F =





center.x− eye.x
center.y − eye.y
center.z − eye.z





f =
F

||F ||
(5.1)

up =





up.x
up.y
up.z





up′ =
up

||up||
(5.2)
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s = f.up′ (5.3)and
u = s.f (5.4)This transformation aligns the Z-axis with the view axis.5.2.1.2 The perspe
tive transformThe se
ond intrinsi
 set of parameters de�ne the transformation to model thedistortion of the 
amera. this set is 
omposed of four parameters:

• fovy 
orresponds to the angle of the �eld of view of the real 
amera as shownin �gure 5.1. The Z-axis is perpendi
ular to the image plane with valuesin
reasing toward the viewer.
• aspe
t is the ratio between the width and the height of the image a
quiredby the real 
amera.
• znear de�nes the 
lipping plane (Z = znear) near the observer (in a virtuals
ene all the obje
ts 
annot be drawn, 
lipping planes are then de�ned todes
ribe a virtual area: only the obje
ts between the znear and zfar planesare displayed).
• zfar de�nes the 
lipping plane (Z = zfar) far from the observer.The perspe
tive transformation is represented with a 4x4 matrix de�ned by:

MPT











f
aspect

0 0 0

0 f 0 0

0 0 zfar+znear
znear−zfar

2∗zfar∗znear
znear−zfar

0 0 −1 0









where f = atan
(

fovy
2

).A given point P de�ned by
P =









x
y
z
w







is then transformed by:
P ′ =









x′

y′

z′

w′









= MPT MCT P
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Figure 5.1: A virtual 
amera and its asso
iated znear and zfar planes, and its �eld of view
fovy. Only the obje
ts lo
alised between the two planes are displayed.

The obtained point [

x′

w′ ,
y′

w′

]T are the 
oordinates of the proje
ted point Pin the image plane where [−1,−1]T is the bottom left 
orner of the image, and
[1, 1]T is the top right 
orner of the image. z′

w′ is an important value relatedto the depth of the point: if −1 ≤ z′

w′ ≤ 1 then the point P is between the
lipping plane. Moreover this value is used for the Z-bu�er te
hnique as des
ribedin se
tion 5.2.2.3 to extra
t the silhouette of the 3D avatar. Some details onthe implementation of these transformation with the Mesa library are given inappendix A.On
e the virtual 
amera is designed, the 3D posture avatars are positioned in thevirtual s
ene, as explained in the next se
tion.



5.2 Silhouette Generation 575.2.2 3D Posture Avatar PositioningAn important key of the proposed human posture re
ognition approa
h is todetermine how the posture model is positioned and oriented in the virtual s
enewhi
h depends on the posture avatar type. The avatar is positioned in the virtuals
ene by using the estimated position of the dete
ted person. The orientation ofthe avatar is based on an angle estimated by trying all possible values based ona rotation step. The extra
tion of the avatar silhouette is based on a Z-bu�erte
hnique.5.2.2.1 Posture Avatar PositionThe 3D position of the dete
ted person 
an be estimated from the dete
ted bloband the 
alibration matrix asso
iated with the video 
amera. The 
alibration ma-trix represents the entire transformation from the world to the image 
oordinates.The matrix 
an be determined by the internal parameters of the 
amera (image
enter, fo
al length and distortion 
oe�
ients) and the external parameters (posi-tion and orientation relatively to a world 
oordinate system). The Tsai 
alibrationmethod is used to 
alibrate the real 
amera using known 2D/3D points 
orrespon-den
es [Tsai, 1986℄. The transformation 
an be des
ribed by a 4x3 matrix P by
onsidering homogeneous 
oordinates. The 
oordinates of a 3D point [U, V, W ]Tin the world 
oordinate system and its 
orresponding image 
oordinates [u, v]T(in pixel 
oordinate system) are related by:
s





u
v
1



 = P









U
V
W
1









(5.5)with s an arbitrary s
ale 
oe�
ient.Be
ause homogeneous 
oordinates are 
onsidered, only 11 of the 12 matrix el-ements are independent. The same terms are obtained if every elements aremultiplied by the same 
onstant. Here the twelfth element (P12) of the matrix Pis assumed to be equal to 1.
P =





P1 P2 P3 P4

P5 P6 P7 P8

P9 P10 P11 1



 (5.6)The matrix P 
an be de
omposed into P = A [R|t] where A is a 3x3 matrix, map-ping the normalized image 
oordinates to the retinal image 
oordinates. [R|t] isthe 3D transformation from the world 
oordinate system to the 
amera 
oordinatesystem (where R is the 3x3 rotation matrix and t the translation ve
tor).By developing equations 5.5 and 5.6, the following system is obtained:
(P9U + P10V + P11W ) u = P1U + P2V + P3W + P4 (5.7)
(P9U + P10V + P11W ) v = P5U + P6V + P7W + P8 (5.8)
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(P9u− P1) U + (P10u− P2) V + (P1u− P3) W = P4 − u (5.9)
(P9v − P5)U + (P10v − P6)V + (P1v − P7) W = P8 − v (5.10)The 
omputation of the 3D world 
oordinates of a point in the image is performedunder the assumption that the world point belongs to a parti
ular plane. In our
ase, we are interested by the position of the dete
ted person on the ground plane(W = 0). Equations 5.9 and 5.10 be
omes 5.11 and 5.12 respe
tively when W isset to 0,

(P9u− P1)U + (P10u− P2)V = P4 − u (5.11)
(P9v − P5) U + (P10v − P6)V = P8 − v (5.12)By eliminating U in equations 5.11 and 5.12:

V =
(P4 − u) (P9v − P5)− (P8 − v) (P9u− P1)

(P10u− P2) (P9v − P5)− (P10v − P6) (P9u− P1)
(5.13)Then, by repla
ing the V values in equation 5.11:

U =
P4 − u

P9 − P1
−

P10u− P2

P9u− P1
V (5.14)For all points [u, v]T in the image, the 
orresponding 3D 
oordinates [U, V, W ]T onthe ground plane (W = 0) 
an be 
omputed a

ording to equations 5.13 and 5.14.Depending on the type of the posture avatar to be positioned, two distin
t pointson the blob are 
onsidered: the middle point of the bottom of the bounding boxand the silhouette 
entre of gravity (�gure 5.2). The middle point of the bottomof the bounding box is used to position standing, bending and sitting postureavatars. It approximates the position of the dete
ted person feet. The 
entre ofgravity is used to position lying posture model i.e. it approximates the abdomenposition of the lying person.5.2.2.2 Posture Avatar OrientationAs previously seen, the posture re
ognition approa
h rotates the di�erent postureavatars around one rotation axis with respe
t to the 
amera point of view inorder to generate silhouettes with di�erent orientation angles. The rotation axisis de�ned in fun
tion of the type of posture avatars and depends on how theavatars are positioned. The rotation axis of standing, bending and sitting postureavatar is the verti
al axis passing through the feet of the person. The rotationaxis of the lying postures is the verti
al axis passing through the abdomen of theperson.The 0 degree orientation is 
hosen when a person is fa
ing the 
amera from any
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Figure 5.2: Example of 2D point lo
ation to position the 3D posture avatars. In the two �rstimages (a standing posture avatar), the 
onsidered point is the bottom 
ross (middle of thebottom of the bounding box). In the two last images (a lying posture avatar) the 
onsideredpoint is the top 
ross (the 
entre of gravity of the silhouette).3D position. The default orientation 
an be 
omputed with the position of theperson [U, V, W ]T and the position of the 
amera [UC , VC , WC ]T . The defaultorientation α is then 
omputed by applying the Pythagore theorem as follows(�gure 5.3):

α = acos





U − UC
√

(U − UC)2 + (V − VC)2



 (5.15)In the 
ase where the denominator of the ration in equation 5.15 (U − UC)2 +
(V − VC)2 = 0, that is to say the person is lo
ated at the verti
al of the 
amera,we de
ide that the default orientation is equal to 0.

Figure 5.3: Computation of the default orientation α of a person where 0 degree 
orrespondto a person looking at the 
amera. The �gure represents the proje
tion of the 
amera position
[UC , VC ]T (respe
tively the position of the person [U, V ]T ) on the ground plane.Thus, a

ording to the type of the 
onsidered posture avatar, it 
an be
orre
tly positioned and oriented in the s
ene by 
omputing its 3D positionand its default orientation. The approa
h rotates the posture avatars around
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hthemselves with a given rotation step (rotation_step). The algorithm positionsea
h posture avatar at lo
ation [Ubb, Vbb, 0] in the virtual s
ene 
orrespondingto the middle point of the bottom of the bounding box in the image plane (orthe 
entre of gravity of the silhouette [Ucog, Vcog, 0]T depending on the type ofposture avatar). The algorithm in
reasly rotates the avatar by in
rementing itsorientation by a given rotation step until the avatar makes a 
omplete turn. Thevirtual s
ene is observed with the previously de�ned virtual 
amera, then thesilhouette is extra
ted for ea
h orientation (algorithm 6).The silhouette extra
tion is des
ribed in detail in the next se
tion.Algorithm 6 computeAllGeneratedSilhouettes(Ubb, Vbb, Ucog, Vcog, UC , VC , rotation_step)

all_silhouettes← NULL
α1 ← defaultOrientation(Ubb, Vbb, UC , VC) {
ompute the default orientationin fun
tion of the 
amera and avatar positions}
α2 ← defaultOrientation(Ucog, Vcog, UC , VC)for all Pi ∈ postures_of_interest do

βinit ← choose_default_orientation(Pi, α1, α2) {
hoose the default orien-tation depending on the 
onsidered posture}
U, V ← choose_default_position(Pi, Ubb, Vbb, Ucog, Vcog) {
hoose the defaultposition depending on the 
onsidered posture}
β ← 0while β < 360 do

Rotate(Pi, β + βinit) {rotate the ith avatar}
Translate(Pi, U, V ) {translate the ith avatar}
all_silhouettes← all_silhouettes, SilhouetteExtraction()
β ← β + rotation_stepend whileend for

return all_silhouettes

5.2.2.3 Silhouette Extra
tionThe silhouette extra
tion algorithm is based on the Z-bu�er te
hnique. Thebasi
 idea of the Z-bu�er is to store in an array the maximum Z 
oordinates ofany feature plotted at a given lo
ation [u, v]T on the image plane. The Z-axis isperpendi
ular to the image plane with values in
reasing toward the viewer so thatany point where Z 
oordinate is less than the 
orresponding Z-bu�er value will behidden behind some features whi
h have already been plotted. So in our 
ase, theZ-bu�er is used to know if a pixel on the image plane belongs to the silhouette orto the ba
kground. For all pixels of the image, the Z-bu�er value is determinedwith the transformation des
ribes in se
tion 5.2.1. The value z′

w′ is 
omputed forea
h pixel of the image: if this value respe
ts −1 ≤ z′

w′ ≤ 1 the pixel belongs to



5.3 Silhouette Representation and Comparison 61the silhouette of the avatar otherwise, the pixel is 
lassi�ed as a ba
kground pixel.To optimise the 
omputation time and to avoid problem of misdrawing, adouble bu�ering te
hnique is used. The silhouette must be extra
ted only whenall the body parts are drawn. Indeed, if the silhouette is extra
ted when all thedrawing operations are not done then the silhouette will be false. To respe
t this
onstraint, two bu�ers are used:
• the operation bu�er: all the drawing operations are done in this bu�er. Thedi�erent body parts are sequentially drawn in this bu�er a

ording to thedesired 3D position and orientation.
• the 
urrent bu�er: this bu�er 
ontains the 
onsidered 3D posture avatarwith all the di�erent body parts. The silhouette is extra
ted from thisbu�er.Experimentations have shown that the 
omputation time needed to ensure thatall the drawing operations are done is about 0.001 se
ond for one silhouette.When all the drawing operations are done, i.e. when all the body parts are drawn,the se
ond bu�er be
omes the 
urrent one and the silhouette of the 
onsidered3D posture avatar 
an be extra
ted with the Z-bu�er te
hnique des
ribed above.The silhouettes are then obtained from the posture avatars. Now these silhou-ettes must be 
ompared with the dete
ted blob to determine the posture of theobserved person.5.3 Silhouette Representation and ComparisonA silhouette representation must be 
hosen to 
ompress and to model the silhou-ette data. An asso
iated 
omparison method must also be provided to measurethe similarity between the silhouettes. The silhouette representations must re-spe
t two issues:
• Computation time. In our approa
h several silhouettes are modeled and
ompared. For instan
e, if a rotation step of 36 degrees and 10 postures ofinterest are 
onsidered, then 100 silhouettes are generated. The silhouetterepresentation must model and 
ompare these silhouettes in a little time.
• Dependen
e on the silhouette quality. Sin
e the 
omparison is based on thesilhouettes, the representation must be able to treat noisy silhouettes.In se
tion 5.3.1, several silhouette representations are des
ribed and their robust-ness to the two previous issues are dis
ussed. In se
tion 5.3.2, a fo
us is made onthe 
hosen representations.
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h5.3.1 Silhouette ComparisonComparing two silhouettes is a problem of shape similarity whi
h is inher-ently ill-de�ned be
ause the signi�
an
e of �similar� is appli
ation dependent.A brief survey of te
hniques used in silhouette representation is given innext se
tion. More 
omplete surveys on shape mat
hing 
an be found in[Veltkamp and Hagedoorn, 2001℄ or in [Lon
ari
, 1998℄.The existing approa
hes to represent a silhouette may be 
lassi�ed into three
ategories:1. feature-based2. boundary-based3. stru
tural-based1. Feature-based approa
hes determine a feature ve
tor for a given silhouette.Two operations need to be de�ned: a mapping of the silhouette into the featurerepresentation and a similarity measure of feature ve
tors. The simplest featuresare represented by geometri
 values:
• Area: the quantity of pixels whi
h belong to the silhouette.
• Perimeter. The quantity of pixels whi
h belong to the boundary of thesilhouette.
• Centroid. The 
entre of gravity of the silhouette.
• Compa
tness. This value determines how round is a silhouette.
• E

entri
ity or Elongation. It represents the ratio of the short axis length tothe long axis length of the best �tting ellipse of the silhouette. This ratio issimilar to the ratio of the height and width of a rotated minimal boundingbox whi
h 
ontains the silhouette.
• Re
tangularity. It de�nes �how� re
tangular the silhouette is by 
omputingthe ratio of the area of the silhouette and the area of the bounding box. Thebounding box is the minimal re
tangle whi
h en
loses the silhouette. Thisfeature has a value of 1 for a re
tangular silhouette and de
reases to 0 for a
ross shape (
ross shape minimises the area of the shape and maximise thearea of its bounding box).
• Orientation. the overall orientation of the 2D silhouette on the image plane.More sophisti
ated features may be used. In parti
ular, statisti
al momentsare applied. Based on these moments, many variations have been proposed, sothat they remain invariant under 
ertain transformations su
h as translation,s
aling or rotation. The most 
ommonly used moments are the seven Hu mo-ments: [Bobi
k and Davis, 2001℄, [Rosales, 1998℄. Another widely used person



5.3 Silhouette Representation and Comparison 63representation is based on horizontal and verti
al proje
tions of the silhouette[Haritaoglu et al., 1998b℄, [Haritaoglu et al., 1998a℄, [Cu

hiara et al., 2003℄.Usually, a 
ombination of these features is used to represent the silhouette. Ei-ther the Eu
lidean distan
e or a weighted ve
tor distan
e is used to measure thesimilarity between silhouettes S1 and S2 :
S

(

~S1, ~S2

)

=

m
∑

i=1

αiΨi

(

~S1i, ~S2i

) (5.16)where Ψi

(

~S1i, ~S2i

) is the distan
e between the feature ve
tors ~Sj i, j ∈ {1, 2},asso
iated with the ith feature of the silhouette Sj . These representations are nottime 
onsuming (about 0.04 se
ond to represent and 
ompare 100 silhouettes).The geometri
 features and Hu moments representations have a 
ertain depen-den
e on the quality of the silhouette sin
e they are 
omputed on the wholesilhouette, an error in the silhouette is in all the terms of the representation. Thehorizontal and verti
al proje
tions representation is less sensitive to the qualityof the silhouette. Its smoothing power tends to treat errors in the silhouette.2. Boundary-based approa
hes represent a silhouette by only its boundary.The approa
hes 
an 
onsider a sample of points or all the points of the boundary.Fujiyoshi et al. ( [Fujiyoshi and Lipton, 1998℄ and [Fujiyoshi et al., 2004℄) extra
tsalient points on the boundary of the silhouette by studying the distan
e betweenthe boundary and the 
entre of gravity of the silhouette. The authors 
all thisoperation the �skeletonisation�: the skeleton of the silhouette is obtained by link-ing the salient points with the 
entre of gravity. In [Dedeoglu et al., 2006℄, theauthors use �skeletonisation� to 
lassify a moving obje
t evolving in a video into
lasses su
h as human, human group or vehi
le; and human a
tions are 
lassi�edinto prede�ned 
lasses su
h as walking, boxing or ki
king.Belongie et al. ( [Belongie et al., 2002℄) propose to mat
h shapes and to re
og-nise obje
ts with a te
hnique 
alled shape 
ontext. A sample of uniformly spa
edpoints on the 
ontour is extra
ted. For a given sampled point, a shape 
on-text des
riptor is de�ned by determining the set of ve
tors from this point to allother sampled points on the shape. Spe
i�
ally, the shape 
ontext for a pointis a log-polar histogram that sorts all ve
tors for a given point by a relative dis-tan
e and an angular orientation. The histogram is 
omputed a

ording to alog-polar target and 
an be interpreted as a series of 
on
entri
 
ir
les en
losinga number of bins (�gure 5.4). The density of sampled points is 
omputed forea
h bin indexed by θ and log r: darker is the histogram, greater is the density.In [Mori and Malik, 2002℄, human body is estimated with shape 
ontext mat
h-ing.The similarity between two silhouettes 
an also be measured with their Cham-fer distan
e [Barrow et al., 1977℄. Given the two sets of points, P = {pi}
n
i=1 and

Q = {qj}
m
j=1 whi
h belong to the boundaries, the Chamfer distan
e is 
omputed
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Figure 5.4: Log-polar target used in shape from 
ontext representation and a 
orrespondinghistogram where intensity is relative to density.as the mean of the distan
es between ea
h point belonging to P and its 
losestpoint in Q:
dcham (P, Q) =

1

n

∑

pi∈P

min
qj∈Q

‖ pi − qj ‖ (5.17)The symmetri
 Chamfer distan
e is obtained by adding dcham (Q, P ). A 
ompari-son of shape 
ontext and Chamfer distan
e is given in [Thayananthan et al., 2003℄for obje
t lo
alisation in 
luttered s
ene. The authors 
laim that Chamfer dis-tan
e is more robust in 
luttered s
enes than shape 
ontext mat
hing by testingthe measures for hand lo
alisation.These representations are based on the boundary of the silhouettes, so they havea 
ertain dependen
e on the quality of the silhouette. The shape from 
ontextneed a huge 
omputation time a

ording to the number of 
onsidered bins andpoints on the boundary (about 3.5 se
onds for 100 silhouettes by 
onsidering 100points on the boundary and 18 bins). The skeletonisation representation treats100 silhouettes in 0.04 se
ond.3. Stru
tural-based approa
hes usually represent the silhouette by a graph.A skeleton is 
omputed with a distan
e transform. A distan
e transform D, 
om-putes a map in whi
h ea
h point 
orresponds to the distan
e of the pixel to the
losest pixel of the obje
t boundary. On
e the skeleton is 
omputed, its di�erent"bran
hes" are des
ribed, usually in polar 
oordinate, by their orientation andposition. In [Smin
hises
u and Telea, 2002℄, the distan
e transform D is approx-imated by solving the Eikonal equation:
|∇D| = 1 (5.18)This equation models the displa
ement in a perpendi
ular dire
tion of a 
urve ata 
onstant speed. D is initialised to 0 on the boundary. The solution of equa-



5.3 Silhouette Representation and Comparison 65tion 5.18 has the property that its level sets are at equal distan
e from ea
h otherin the 2D spa
e. Thus D is a good approximation of the distan
e transform map.The silhouette skeleton is then extra
ted from this distan
e map. The prin
ipaldrawba
k of these te
hniques is that the skeleton of a noisy silhouette may be
ompletely di�erent from the one of a sharp silhouette.In [Aslan and Tari, 2005℄, the authors propose a new axis-based silhouette rep-resentation by de�ning the relative spatial arrangement of lo
al symmetry axesand their properties in a shape 
entered 
oordinate frame. The symmetry pointsare extra
ted from the evolving 
urves roughly mimi
 the motion by 
urvature ρ.The 
urve is evolving a

ording to the equation 5.19 by initialising D by 1 on theboundary:
∇2D −

D

ρ2
= 0 (5.19)where ρ is the 
urvature. In this representation, the bran
hes are not ne
essary
onne
ted.In [Erdem et al., 2006℄, the skeleton is extra
ted using the equation 5.19. Theauthors argue that this representation does not distinguish a likely arti
ulationfrom an unlikely one. They propose an �arti
ulation spa
e� in whi
h similar ar-ti
ulations yield 
loser 
oordinates.The main drawba
k of this te
hnique to 
ompute the skeleton is the iterativepro
ess. Another te
hnique has been implemented, based on the propagation oflo
al distan
es in a two passes algorithm over the image, known as �the lawnmowing algorithm� [Rosenfeld and Kak, 1976℄. The distan
e map is initialised tothe in�nity, and the pixels of the boundary to 0. During the �rst pass, forwardpass, the image is pro
essed from left to right and from top to bottom. Duringthe se
ond pass, ba
kward pass, the image is pro
essed from right to left, bot-tom to top. The pixel under 
onsideration, is given the minimum value of itselfand the values of its already visited neighbors ea
h in
reased by their respe
tivelo
al step weights. This pro
ess of propagating information over the image usinglo
al step weights is often referred as 
hamfering, and weighted distan
e trans-forms (WDTs) [Borgefors, 1986℄, are therefore sometimes 
alled Chamfer distan
etransforms or simply distan
e transform.The prin
ipal drawba
k of the distan
e transform is that it is strongly dependenton the quality of the silhouette. An hole in the 
onsidered silhouette gives a dis-tan
e transform di�erent from the one of the same silhouette without hole. Someexamples are given in �gure 5.5.
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Figure 5.5: Silhouettes and asso
iated distan
e maps. A darker pixel implies a nearest pixel tothe boundary of the silhouette.The table 5.1 summarises the di�erent silhouette representations 
ited aboveby evaluating their 
omputation time need and their dependen
e on the silhouettequality. The number of + and − gives an approximated idea about the two 
itedproperties. The 2D method is well adapted to the 
onsidered property if there isseveral −. Inversely, the 2D method is not adapted to the 
onsidered property ifthere is several +.2D methods Computation time Silhouette quality dependen
eGeometri
 features - - ++Hu moments - - ++H. & V. proje
tions - - +Skeletonisation - ++Shape from 
ontext +++ ++Distan
e transform - +++Table 5.1: Classi�
ation of di�erent 2D methods to represent silhouette a

ording to their
omputation times and their dependen
e on the quality of the silhouette.Four di�erent representations have been 
hosen a

ording to the table 5.1:
• a 
ombination of geometri
 features of the silhouette,
• the seven Hu moments,
• the skeletonisation
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• and the horizontal and verti
al proje
tions.In the next se
tion, the four silhouette representations whi
h 
omposed theproposed hybrid approa
h are des
ribed in details.5.3.2 Silhouette Representation5.3.2.1 Hu MomentsShape representation by statisti
al moments is a 
lassi
al te
hnique inthe literature [Bobi
k and Davis, 2001℄. We use the de�nition des
ribedin [Bobi
k and Davis, 2001℄. These moments are based on 2D polynomial mo-ments:

mpq = ΣxΣyx
pyqρ(x, y)where ρ is equal to 1 for pixels belonging to the silhouette and 0 for the ba
k-ground. In order to make moments invariant to translations, the moments are
entered :

µpq = ΣxΣy(x− x̄)p(y − ȳ)qρ(x, y)where x̄ = m10

m00
and ȳ = m01

m00
. Furthermore, the following moments are 
omputedto be invariant to s
ale 
hanges by dividing the 
entered moments by the area ofthe silhouette:

ηpq =
µpq

µ
p+q

2
+1

00where p + q ≥ 2. Finally for these moments to be invariant to rotations, thefollowing seven Hu moments are 
omputed:
H1 = η20 + η02

H2 = (η20 − η02)(η20 − η02) + 4η11η11

H3 = (η30 − 3η12)(η30 − 3η12) + (η03 − 3η21)(η03 − 3η21)

H4 = (η30 + η12)(η30 + η12) + (η03 + η21)(η03 + η21)

H5 = (η30 − 3η12)(η30 + η12)[(η30 + η12)(η30 + η12)− 3(η03 + η21)(η03 + η21)]

+(3η21 − η03)(η03 + η21)[3(η30 + η12)(η30 + η12)− (η03 + η21)(η03 + η21)]

H6 = (η20 − η02)[(η30 + η12)(η30 + η12)− (η03 + η21)(η03 + η21) (5.20)
+4η11(η30 + η12)(η03 + η21)]

H7 = (3η21 − η03)(η30 + η12)[(η30 + η12)(η30 + η12)− 3(η21 + η03)(η21 + η03)]

−(η30 − 3η12)(η21 + η02)[3(η30 + η12)(η30 + η12)− (η21 + η03)(η21 + η03)]The dete
ted blob and the generated silhouettes are represented with these sevenHu moments de�ned in equations 5.20. The 
omparison between two sets of Humoments is performed using an Eu
lidean distan
e.
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h5.3.2.2 Geometri
 FeaturesIn this se
tion, a 
ombination of di�erent geometri
 features is studied to representthe silhouette: area, 
entroid, orientation, e

entri
ity and 
ompa
tness. Ea
h ofthese features are des
ribed below. Most of these measures make referen
e tothe 
lassi
al moments mij and to the 
entered moments µij . A de�nition ofthese moments are given in se
tion 5.3.2.1 and they are 
omputed on the wholesilhouette.AreaThe area AS of the silhouette S is 
omputed by 
ounting the quantity of pixels pwhi
h belong to the silhouette:
AS = Card {p ∈ S} = m00 (5.21)where # is the 
ardinal operator and m00 the zero order moment.CentroidThe 
entroid of the silhouette is 
omputed using the 
lassi
al moment m00, m01and m10:

[x̄, ȳ]T =

[

m10

m00
,
m01

m00

]T (5.22)OrientationThe 2D orientation of the silhouette is determined using the se
ond order 
enteredmoments µ11, µ20 and µ02. By 
onsidering the 
ovarian
e matrix of the image:
Cov (I) =

[

µ′
20 µ′

11

µ′
11 µ′

02

] (5.23)where µ′
ij =

µij

µ00
. The orientation θ of the silhouette 
orresponds to the angle ofthe eigenve
tor asso
iated to the largest eigenvalue with the verti
al axis and 
anbe 
omputed as:

θ =
1

2
atan

(

2µ′
11

µ′
20 − µ′

02

) (5.24)The value belongs to the range ] − 90, 90] degrees and gives the angle with theverti
al axis (�gure 5.6).
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Figure 5.6: Example of orientation for two di�erent generated silhouettes. The 
oordinatesystem is represented in green, and the prin
ipal axis is drawn in red. The orientation on thetwo �rst (resp. last) images is of 3.3 (resp. -73.9) degreesE

entri
ityThe e

entri
ity represents the ratio of the short axis length to the long axislength of the best �tting ellipse of the shape. The e

entri
ity is 
omputed fromse
ond order 
entral moments of the shape. The two eigenvalues λi of the matrixde�ned in equation 5.23 
an be 
al
ulated with:

λi =
µ′

20 + µ′
02

2
±

√

(µ′
20 − µ′

02)
2 + 4µ′2

11

2
(5.25)

λi are proportional to the squared length of the eigenve
tors and the ratio of theeigenvalues gives the e

entri
ity of the silhouette:
Ecc =

µ′
20 + µ′

02 −
√

(µ′
20 − µ′

02)
2 + 4µ′2

11

µ′
20 + µ′

02 +
√

(µ′
20 − µ′

02)
2 + 4µ′2

11

(5.26)This value belongs to the range [0, 1]. It de�nes if the shape approximates morea 
ir
le (Ecc = 0) than a segment (Ecc = 1). In �gure 5.6 the e

entri
ity valuesare for the left and right images respe
tively 0.5 and 0.8.Compa
tnessThe 
ompa
tness value determines how round is the silhouette.
Com =

4Π ∗AS

P 2
S

=
4Πm00

P 2
S

(5.27)with AS the area of the silhouette (equation 5.21), and PS the quantity of pixelswhi
h belong to the silhouette boundary. The 
ompa
tness value is maximumfor a 
ir
le silhouette (Com = 4ΠΠr2

(2Πr)2
= 1) and is less for other silhouettes. In�gure 5.6, the 
ompa
tness values are 0.18 and 0.29 for the left and right imagesrespe
tively.
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hCombination of the geometri
 featuresIn order to 
ompare two silhouettes, S1 and S2, the previous des
ribed featuresare 
omputed and 
ombined by a similarly measure S:S (S1, S2) =
m

∑

i=1

αiΨi (S1, S2) (5.28)with Ψi the measure asso
iated to the ith feature.For ea
h feature, a distan
e measure is proposed and the results always belongsto the interval [0, 1] (0 for identi
al features and 1 for totally di�erent):
• Area.

ΨA (S1, S2) =
|A1 −A2|

A1 + A2
(5.29)where Ai is the area of the silhouette Si.

• Centroid.
Ψx (S1, S2) =

√

(x̄1 − x̄2)
2 + (ȳ1 − ȳ2)

2

√

max (h1, h2)
2 + max (w1, w2)

2
(5.30)where hi and wi are the height and width of the bounding box of the sil-houette Si and [x̄i, ȳi]

T is its 
entroid.
• Orientation.

Ψθ (S1, S2) =

{

|θ1−θ2|
90 if |θ1 − θ2| < 90

180−|θ1−θ2|
90 else (5.31)where θi is the orientation of the silhouette Si

• E

entri
ity.
ΨEcc (S1, S2) = |Ecc1 − Ecc2| (5.32)where Ecci is the e

entri
ity of the silhouette Si.

• Compa
tness.
ΨCom (S1, S2) = |Com1 − Com2| (5.33)where Comi is the 
ompa
tness of the silhouette Si.



5.3 Silhouette Representation and Comparison 715.3.2.3 SkeletonisationA silhouette 
an be represented by its boundary. One way to extra
t salient pointsof the boundary is by skeletonising the silhouette. There are many te
hniques to
ompute the silhouette skeleton su
h as thinning or distan
e transformation (se
-tion 5.3). These te
hniques are 
omputationally expensive. The method we usehere is similar to the one proposed in [Fujiyoshi et al., 2004℄ and is des
ribed be-low.The silhouette is dilated twi
e to remove small holes. Then an erosion is appliedto smooth out any anomalies. The boundary is obtained by using a border follow-ing algorithm. The 
entroid of the silhouette is determined based on statisti
almoments. The distan
es from the 
entroid to the boundary points are 
al
ulatedas Eu
lidean distan
es. Finally, the obtained distan
e 
urve is smoothed by usinga smoothing �lter before lo
al maxima extra
tion. The lo
al distan
e maxima
orrespond to the salient points of the boundary. The skeleton is then formed by
onne
ting these maxima to the 
entroid.A mean window algorithm is 
hosen to smooth the 
urve: the smoothed value ofthe 
urve is equal to the mean of the distan
es of the neighbor boundary pointswithin the window. A larger window (in size) allows the dete
tion of a smallernumber of salient points 5.7.
Figure 5.7: Examples of skeleton obtained for di�erent window size: 0, 7, 9, 11, 21, and 41. Theboundary of the silhouette is shown in green, and the skeleton is drawn in red. More the size ofthe window is big, less salient points on the boundary are found.A measure based on the distan
e between salient points is proposed to evaluatethe similarity between two silhouettes. The skeleton points are 
entered aroundthe 
entroid of the silhouette. Let us de�ne SD a set whi
h 
ontains the skeletonpoints of the dete
ted silhouette, and SAi a set whi
h 
ontains the skeleton pointsof the avatar silhouette of the ith posture. The measure between the two skeletons
hara
terised by SD and SAi is given by:

Mi =
∑

d∈SD

min
a∈SAi

(‖d− a‖) (5.34)where ‖.‖ is the Eu
lidean distan
e. The posture that minimises this measure is
hosen as the solution.
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h5.3.2.4 Horizontal and Verti
al Proje
tionsA silhouette 
an be represented by its horizontal and verti
al proje
tions[Haritaoglu et al., 1998a℄, [Panini and Cu

hiara, 2003℄, [Boulay et al., 2005℄.The horizontal (resp. verti
al) proje
tion onto the referen
e axis is obtained by
ounting the number of moving pixels 
orresponding to the dete
ted person atea
h image row (resp. 
olumn) denoted by H (and V respe
tively).The 3D avatar is proje
ted onto an image for ea
h referen
e posture whi
h are gen-erated for all possible orientations. Then the horizontal and verti
al proje
tionsof these silhouettes are 
ompared with those of the dete
ted person silhouette.
Q

ua
nt

ity
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f 
m

ot
io

n 
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ls

Image row

Misdetected region

Overdetected region

Im Im

H
d : Horizontal proje
tion of dete
ted silhouette

Io Io

H
a : Horizontal proje
tion of avatar silhouette

Figure 5.8: The �overdete
ted regions� Io 
orrespond to the regions where the horizontal proje
-tion of the dete
ted silhouette is greater than the horizontal proje
tion of the avatar silhouette,and inversely for the �misdete
ted regions� Im.Usually proje
tions are 
ompared with a 
lassi
al SSD (Sum of Squared Di�er-en
es) but tests have shown its limitation to handle noisy silhouette and di�eren
ebetween the 3D avatar and the observed person. Thus, we propose a 
ompari-son between proje
tions based on the non-overlapping areas de�ned by equations5.35, 5.36 and 5.37, and an illustration is given in �gure 5.8.Let us de�ne two ratios Ro (H) and Rm (H) as follows:
Ro (H) =

∑

i∈Io

(

Hd
i −Ha

i

)2

∑

i

(

Hd
i

)2 (5.35)
Rm (H) =

∑

i∈Im

(

Hd
i −Ha

i

)2

∑

i (H
a
i )2

(5.36)The �rst ratio Ro (H) represents the sum of squared di�eren
es of the proje
tions
omputed on the interval Io, normalised by the sum of squared values of the
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y 73horizontal proje
tion of dete
ted person Hd. The se
ond ratio Rm (H) representsthe sum of squared di�eren
es of the proje
tions 
omputed on the interval Im,normalised by the sum of squared values of the horizontal proje
tion of generatedavatar Ha. The same 
omputation is performed along the verti
al axis to obtainthe ratios Ro (V ) and Rm (V )The distan
e between the dete
ted silhouette Sd and the avatar silhouette Sais given by the mean of the four ratios Ro (H), Rm (H), Ro (V ) and Rm (V ) inequation 5.37:
dist (Sa, Sd) =

1

4
(Ro (H) + Rm (H) + Ro (V ) + Rm (V )) (5.37)This distan
e belongs to the range [0, 1] whereby 0 
orresponds to similar sil-houettes. Before 
omputing these measures, the silhouettes are aligning on their
entroid. The posture model whi
h gives the minimum distan
e is 
hosen as theposture of the observed person.5.4 Temporal Posture Coheren
yThe posture of an observed person is re
ognised in ea
h frame independently fromea
h other. However the postures of a person from one frame to another frameare 
orrelated with ea
h other. This dependen
e de�nes the posture stabilityprin
iple des
ribed in the next se
tion.5.4.1 Posture Stability Prin
ipleThe posture stability prin
iple states that for a high enough frame-rate the posture
hanges gradually. The use of this prin
iple relies on the fa
t that the previouslydete
ted postures are known. The tra
king information given by the people tra
k-ing task (the identi�er) provides the list of the previously dete
ted postures. Thestability prin
iple is then applied to a window of su

essive postures of a personwhere the most probable posture is 
hosen as the �ltered posture of the person(algorithm 7) within a time interval.Algorithm 7 postureStability(detectedPosture, windowSize, weightList, t)

postureList ← NULL {The list whi
h 
ontains the quantity of o

uren
e ofthe postures}for i = −windowSize to windowSize do
postureList [detectedPosture [t + i]] + = weightList [i]end for

return getIndexOfTheMaximum (postureList) {return the posture whi
ho

urs the most frequently as the �ltered posture at time t.}The weight list, weightList [i], determines how probable the ith posture o

ursin the window of size 2*windowSize+1. This smoothing algorithm redu
es
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hposture misdete
tion and allows a
tion re
ognition to bene�t from reliable �lteredpostures. Di�erent tests are realised for several set of weight. In parti
ular, bypondering more or less the posture at time t. The experimentations have shownthat a weight of 1 for ea
h posture gives the best results.5.4.2 Time Pro
essing ControlUp to now, the posture avatar data-base is generated for ea
h frame in fun
tionof the position of the dete
ted person and the virtual 
amera. The 
omputationof the data-base is expensive as des
ribed in 
hapter 6 (1.28 se
ond to generate100 silhouettes). To de
rease the pro
essing time, the data-base is generatedwhen ne
essary depending on the position of the person: if the dete
ted persondoes not move, the posture avatar data-base remains the same as previouslyand it does not need to be updated. The data-base is only updated when thedete
ted person moves relatively far enough from the position 
orresponding tothe last data-base update. This 
ue allow the proposed hybrid approa
h to treat5-6 frames by se
ond.5.5 Con
lusionThe proposed human posture re
ognition approa
h has been presented in this
hapter. The approa
h 
ombines 2D te
hniques and the use of 3D posture avatarto have a 
ertain independen
e from the 
amera point of view and to minimisepro
essing time as explained in se
tion 3.3.The approa
h uses the posture avatars de�ned in 
hapter 4, a virtual 
ameraand the estimated position of the dete
ted person to generate silhouettes of thepostures of interest. The posture avatars are positioned in the s
ene dependingon the type of the posture and avatars are rotated with a given rotation step.Finally, a Z-bu�er te
hnique is used to extra
t the silhouettes as des
ribed inse
tion 5.2.2.3. Four di�erent 2D te
hniques widely used to represent personsilhouette have been 
hosen a

ording to their reliability in terms of 
omputa-tion time and silhouette quality dependen
e. One of these te
hniques involves a
ombination of geometri
 features: area, 
entroid, orientation, e

entri
ity and
ompa
tness. Another te
hnique is based on the silhouette region 
hara
terisedby the seven Hu moments. The third te
hnique studies the boundary of the sil-houette to extra
t salient points: this te
hnique is referred to the skeletonisation.The last te
hnique involves horizontal and verti
al proje
tions of the silhouette.The 
hoi
e of the silhouette representation depends dire
tly on the segmentationquality. For example, silhouette with holes must not used Hu moments represen-tation sin
e this approa
h mis-
omputes the moment terms. Also a problem ofboundary dete
tion will o

ur if the silhouette is de�ned by several blobs. More-over, the silhouette representation must be 
hosen a

ording to the goal of the
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lusion 75appli
ation. For instan
e, if the appli
ation requires lo
ating salient points ofthe dete
ted person (head or feet), skeletonisation is more appropriate than hor-izontal and verti
al proje
tions representation sin
e these points are features forthe skeletonisation. Finally, temporal information is used by applying the pos-ture stability prin
iple des
ribed in se
tion 5.4. The next 
hapter experimentally
omputes the performan
e of these te
hniques using both syntheti
 and real data.
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Chapter 6Experimental Performan
eEvaluationThe goal of this 
hapter is to experimentally 
ompare the te
hniques des
ribedin 
hapter 5. Se
tion 6.1 presents the ground truth asso
iated with the test se-quen
es and des
ribes how the video sequen
es are annotated and whi
h attributesare 
onsidered. A tool is presented to easily a
quire ground truth. Finally, themethod whi
h 
ompares the obtained results with the ground-truth data is ex-plained.The experimental proto
ol is presented in se
tion 6.2. Se
tion 6.3 des
ribes theresults obtained with syntheti
 data. As our 3D posture avatars are realisti
enough to generate realisti
 silhouettes, they are used to generate input videodata. The great advantage of syntheti
 data is that all the video input data 
har-a
teristi
s are 
ontrolled and a large amount of data from any view point 
an beeasily generated. Indeed the virtual 
amera 
an observe the s
ene from any pla
ein the virtual s
ene. Moreover, the segmentation 
an be more or less perfe
t.Se
tion 6.4 des
ribes the results obtained with real data to evaluate the proposedhuman posture re
ognition approa
h. The robustness of the re
ognition for di�er-ent segmentation types (over-segmentation and under-segmentation are des
ribedin se
tion 6.4.1).The 
on
lusion of this 
hapter is given in se
tion 6.5 whi
h explains the robust-ness of the approa
h to over/under silhouette segmentations and the genere
ityof the approa
h by adding/removing postures of interest a

ording to the type ofappli
ation.6.1 Ground TruthThe usual way to evaluate a vision algorithm is to 
ompare its results with ground-truth. The ground truth is de�ned by its attributes that 
orrespond to someproperties of the video sequen
es. On
e these attributes are de�ned, the remainingproblem 
onsists in a
quiring these attributes. Finally, when the ground truth isa
quired, it is 
ompared with the results data obtained with the algorithm.
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e Evaluation6.1.1 Ground Truth AttributesThe attributes of the ground truth to be annotated depend on the task to beperformed by the vision algorithm to evaluate. In our 
ase, we are interesting inevaluating the ability of our approa
h to re
ognise the posture of the persons invideo sequen
es. The information needed by the ground-truth is:
• the information to lo
ate the di�erent people evolving in the s
ene. At thetime of the 
omparison of the ground-truth with the obtained results data,the 
omparison algorithm must asso
iate the dete
ted person with a personin the ground-truth (or it may be able to say that the dete
ted person doesnot exist).
• the posture of the person. The 
omparison algorithm must have informationabout the posture of the person to evaluate the results obtained by thehuman posture re
ognition algorithm.To lo
ate the di�erent people evolving in the s
ene, two attributes areproposed. The �rst attribute is a single identi�er asso
iated to ea
h of theperson who appears in the video sequen
e. The people are then tra
ked in theentire sequen
e with their single identi�er. The se
ond attribute is the boundingbox around the person. The person evolving in the sequen
e is lo
alised withthis bounding box whi
h is represented by the 
oordinates of the upper left box
orner and by the height and the width of the box.The posture of a person is de�ned by an identi�er and an approximation ofits orientation. The posture is represented by an identi�er asso
iated with thedetailed postures: standing with the left arm up (0), standing with the rightarm up (1), standing with arms near the body (2), T-shape (3), sitting on a
hair (4), sitting on the �oor (5), bending (6), lying with spread legs (7), lyingon the right side with 
urled up legs (8) and lying on the left side with 
urledup legs (9). Ground truth posture is manually 
hosen among the previous listwhi
h visually mat
hes the observed posture. The next attribute represents theorientation of the person whi
h is approximated by 
hoosing one of the eightintervals: [0, 45[, [45, 90[, [90, 135[, [135, 180[,[180, 225[, [225, 270[, [270, 315[ and

[315, 360[. A person who looks at the 
amera has a 0 orientation.A last attribute represents the o

lusion type of the person. The person 
aneither be partially o

luded or not o

luded by an obje
t or a person.Thus in the ground truth, ea
h person of the video sequen
e is represented bya single identi�er, and for ea
h frame, the person is des
ribed by its boundingbox, its posture, its orientation and its o

lusion type. The lo
ation of a personis given by an identi�er and a bounding box. Ideally, sin
e the proposed humanposture re
ognition approa
h has to be evaluated, the quality of the silhouetteshould also be annotated. In pra
ti
e, it is not possible, sin
e the ground truth



6.1 Ground Truth 79data would be asso
iated to a given segmentation algorithm and not to a videosequen
e. The segmentation task and the posture re
ognition tasks are thusevaluated together. To take into a

ount the impa
t of the silhouette quality onthe human posture re
ognition, we propose an evaluation based on a boundingbox 
riteria as des
ribed in se
tion 6.1.3.6.1.2 Ground Truth A
quisitionGround-truth a
quisition is a tedious and long task. Fortunately, there isa helpful graphi
al tool for annotation: the Viper software from Universityof Maryland (VIdeo Performan
e Evaluation Resour
e) [Mariano et al., 2002℄,[Doermann and Mihal
ik, 2000℄, [Viper, 2006℄. This tool (�gure 6.1) makes pos-sible to easily draw bounding boxes and to assign user de�ned information to ea
hperson evolving in the s
ene (posture, o

lusion, ...). The Viper software savesthe ground truth in a Viper XML format �le. The evaluation of the approa
h
onsists in 
omparing the Viper XML �le with the data obtained with the posturere
ognition algorithm.

Figure 6.1: The Viper graphi
al tool to annotate a video sequen
e.We have de�ned some rules to homogenise the ground truth throughout theexperimentation:
• The bounding box is drawn around the entire person even for the o

ludedparts. A part of the person must be visible on the image.
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• A single identi�er must be asso
iated to the same person of the entire videosequen
e, even if the person temporally disappears.
• The bounding box is not drawn if the person is 
ompletely o

luded.6.1.3 Evaluation MethodThe proposed human posture re
ognition approa
h provides a �le whi
h des
ribesthe obtained results. This output �le 
ontains three attributes for ea
h frame andea
h person:
• the number of the frame
• and for ea
h dete
ted person in ea
h frame:� its bounding box to 
ompare with the bounding box in the groundtruth �le� the best re
ognised posture, its orientation and an asso
iated error (theerror measures the similarity between the dete
ted silhouette and the
hosen generated one).� the other re
ognised postures, 
lassi�ed from best re
ognised posture toworst re
ognised posture, to 
he
k how far the best re
ognised postureis from the other re
ognised postures.The evaluation of the approa
h is based on the 
omparison of the data 
ontainedin this �le with the ground truth data asso
iated with the video sequen
e.

Figure 6.2: Illustration of two overlapping bounding boxes, BBgt: ground truth bounding boxand BBr: bounding box 
omputed by the people dete
tion task. BBT (respe
tively BBS)denotes their interse
tion (resp. union).Ea
h dete
ted person in the result �le is sear
hed in the ground-truth �le by
omparing their bounding boxes a

ording to the frame number. The boundingbox overlapping rate is 
omputed as follows:
#

(

BBT

)

#
(

BBS

) (6.1)
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ardinal operator and BBT (respe
tively BBS) is the interse
tion(resp. union) of the ground truth bounding box BBgt (�gure 6.2). The values ofthe overlapping rate varies from 0 (dis
onne
ted bounding boxes) to 1 (perfe
tlymat
hed bounding boxes).Sin
e the posture re
ognition algorithm is evaluated and not the segmentationalgorithm (neither the people dete
tion algorithm), the 
ase where a person isdete
ted but does not exist in the ground truth �le is not taken into a

ount.Moreover the 
ase where a person is not dete
ted is not taken into a

ount. Athreshold on the overlapping bounding boxes 
riteria (equation 6.1) is used totake into a

ount the quality of the silhouette. On
e the person is identi�ed, thepostures are 
ompared: if the postures are the same, the re
ognition is 
orre
tand if not the re
ognition is wrong.The three 
lassi
al evaluation rates are 
omputed for the posture types Pi as follow(i ∈ {1 · · ·ng}, where ng is the number of general postures and i ∈ {1 · · ·nd},where nd is the number of detailed postures):
• true positive (TP ): the posture Pi is 
orre
tly dete
ted a

ording to theground truth.

TP (Pi) =
# {Pi 
orre
tly dete
ted}

# {Pi in the ground-truth} (6.2)
• false positive (FP ): the posture Pi is wrongly dete
ted a

ording to theground truth.

FP (Pi) =
# {P wrongly dete
ted as Pi}

# {P in the ground-truth} (6.3)
• false negative (FN) gives the rate of wrong re
ognition of posture type Pia

ording to the ground truth.

FN (Pi) = 1− TP (Pi) (6.4)The results are given with two levels of detail by 
onsidering the general pos-tures and the detailed postures:
• the general posture re
ognition rate: GPRR 
orresponds to the TP asso
i-ated to the number ng of general postures Pgi:

GPRR =
1

nT

ng
∑

i=1

ngi ∗ TP (Pgi) (6.5)where ngi is the number of 
ase where the posture is Pgi and nT is the totalnumber of 
onsidered 
ases.
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• the detailed posture re
ognition rate: DPRR 
orresponds to the TP asso-
iated to the number nd of detailed postures Pdi:

DPRR =
1

nT

nd
∑

i=1

ndi ∗ TP (Pdi) (6.6)where ndi is the number of 
ase where the posture is Pdi and nT is the totalnumber of 
onsidered 
ases.6.2 Experimental Proto
olThe tests were performed on a 
lassi
al PC under the Linux operating system:
• pro
essor: Intel Xeon 3.06GHz
• memory: 1 Go of RAM
• Graphi
 
ard: NVidia Quadro 280NVS, AGP 8X, 64 Mo.6.3 Syntheti
 DataAs explained in se
tion 4.2.2, the body parts of our 3D human model have beendesigned to obtain a realisti
 model in order to generate syntheti
 data. Syntheti
data have several advantages:
• The data 
an be generated easily for any view point and for any position ofthe avatars in the virtual s
ene.
• The posture re
ognition approa
h 
an be studied a

ording to di�erent prob-lems: segmentation quality, intermediate postures, ambiguous postures andvariability between the observed person and the 3D avatar.
• The ground truth generation is 
ompletely automati
. Indeed, during thesyntheti
 data generation pro
ess, all the parameters are 
ontrolled, there-fore all the information needed by the ground truth is available at any time(posture, 3D position, orientation, et
.)The main drawba
k of using syntheti
 data is that it is di�
ult to realisti
lysimulate some noise su
h as real sensor one. In parti
ular, we must be 
areful on
hoosing the best silhouette representation, whi
h also depend on the quality ofthe silhouette obtained through the segmentation task.6.3.1 Syntheti
 Data GenerationIn this se
tion, syntheti
 data are generated from two di�erent ways. A �rst wayto generate syntheti
 data is based on a virtual traje
tory method (�gure 6.3).A graphi
al interfa
e displays a s
ene visualised from the top. The user 
li
ks
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 Data 83on the interfa
e to draw the desired traje
tory. At ea
h salient point of the tra-je
tory a posture 
hosen among the sele
ted ones is asso
iated. The images ofthe 3D posture avatar whi
h moves on the traje
tory are then 
omputed. Theintermediate postures between two postures of interest are not 
omputed. Thisexperimentation is interesting to have a qui
k overview of the re
ognition rateof the algorithm. The se
ond generation is exhaustively done. The di�erent 3D

Figure 6.3: Graphi
al tool to easily generate data based on traje
tory.posture avatars are positioned in the virtual s
ene and rotated around the axe wfor any given rotation angle on the ground αg. A virtual 
amera is positioned on a
ir
le traje
tory at every �ve degrees (βc) as shown in �gure 6.4. The exhaustivedata generation is simple to use to evaluate the proposed human posture re
og-nition. In the next se
tion, the di�erent silhouette representations are evaluatedwith this experimentation.6.3.2 Silhouette Representation EvaluationSyntheti
 data are used to evaluate the di�erent silhouette representations. Adata-base is 
omputed a

ording to the exhaustive te
hnique des
ribed above.Ten posture are used: standing with left arm up, standing with right arm up,standing with arms along the body, T-shape posture, sitting on a 
hair, sittingon the �oor, bending posture, lying with spread legs, lying on the left side with
urled up legs and lying on the right side with 
urled up legs. 19 di�erent pointsof view are 
onsidered by moving the virtual 
amera at every 5 degrees in a 
ir
learound the avatars as shown in �gure 6.5 for the T-shape posture. The data-baseis then 
omposed of 68400 frames (10 avatars * 360 orientations * 19 viewpoints).Moreover, the 3D posture avatar model involved in the generation of data isdi�erent from the one used for the posture re
ognition pro
ess (�gure 6.6).
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Figure 6.4: Generation of syntheti
 data for di�erent points of view.

Figure 6.5: Silhouettes obtained with the woman model for the di�erent 
onsidered points ofview: βc = 0, 5, 10, 15, 20, 25, 30, 35, 40, 45, 50, 55, 60, 65, 70, 75, 80, 85, 90 degrees.
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Figure 6.6: 3D posture avatar involved in data generation (testing with woman model) and inthe posture re
ognition pro
ess (re
ognition done with man model).Geometri
 featuresWe have performed some experimentations to sele
t whi
h features should be
hosen for geometri
 features silhouette representation. The features involved inthe geometri
 features representation are 
omposed of the 2D orientation, thee

entri
ity and the 
ompa
tness. Their values are displayed in �gures 6.7, 6.8,and 6.9 respe
tively for di�erent 3D avatar orientations and a given point ofview (βc = 0). The experimentation 
onsists in rotating the di�erent 3D postureavatars and 
omputing the di�erent geometri
 features for ea
h degrees.A symmetry 
an be observed on ea
h graphi
 a

ording to the abs
isse point 180(the ba
k of the avatar fa
ing the 
amera), due to the symmetry of the humanbody. We 
an see in �gure 6.7 that the orientations of the four standing postures(the four top 
urves in dark blue on the �gure) are near 0 degree and are verysimilar. More generally, the postures whi
h belong to the same general posturehave a similar orientation feature. Moreover, the orientation features are di�erentfor the di�erent general postures ex
epted for few 3D avatar orientations (αg =
180 degrees). Thus, the orientation feature seems to be a good dis
riminant forthe general postures. Other features should be used to dis
riminate the detailedpostures. E

entri
ity feature is studied in the following. The e

entri
ity featurevalue de�ned in se
tion 5.3.2.2 represents if the silhouette approximates morea 
ir
le (e

entri
ity equal to 0) than a segment (e

entri
ity equal to 1). The�gure 6.8 shows also the symmetry of the e

entri
ity value a

ording to an avatarorientation αg = 180 degrees. The e

entri
ity feature separates the detailedpostures ex
ept for the two top 
urves (respe
tively the two bottom 
urves) whi
hrepresents the e

entri
ity values for standing with left arm up and standing withright arm up postures (respe
tively lying on the right side and lying on the leftside). These four pre
ited postures are visually ambiguous (see �gure 6.10 the �rstand se
ond rows, and the last but one and last rows) for many avatar orientations
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Figure 6.7: Orientation of the silhouette in fun
tion of the orientation of the 3D posture avatar.(αg). In the next, we 
onsider that these postures 
orrespond to only two posturesof interest: the standing with one arm up posture and the lying with 
urled uplegs.The 
ompa
tness feature value de�ned in se
tion 5.3.2.2 represents how roundis the silhouette. In �gure 6.9, we 
an see that the 
ompa
tness feature valueis less than 0.6 for all the postures of interest be
ause the 
ompa
tness value isequal to 1 for a 
ir
le silhouette. The di�erent 
urves show that the 
ompa
tnessvalues are similar for postures whi
h belong to the same general posture. The
ompa
tness feature is a good dis
riminant for the general postures. Therefore,the 
ombination of these di�erent features is ne
essary to re
ognise 
orre
tly the
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6.3 Syntheti
 Data 89Silhouette Representation EvaluationThe approa
h is evaluated for di�erent rotation steps whi
h is one of the mainparameter of the proposed human posture re
ognition approa
h (see �gure 6.10).

Figure 6.10: Silhouettes obtained with the woman model for the ten postures of interest forseveral avatar orientations (αg = 0, 90, 180, 270, 359), for the point of view βc = 0.The pro
essing time is also evaluated whi
h is 
hara
terised by three times:
• the silhouette generation time tg whi
h represents the ne
essary time to gen-erate the silhouettes of the 3D posture avatars. It depends on the rotation
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h de�nes the number of generated silhouettes.
• the silhouette representation time tr whi
h represents the ne
essary time tomodel ea
h generated silhouette. It depends on the 
onsidered 2D silhouetterepresentation approa
h,
• the silhouette 
omparison time tc whi
h represents the ne
essary time to
ompare the generated silhouettes with the dete
ted one. It also dependson the 
onsidered representation.The posture re
ognition rates are given in table 6.1 for the four 
hosen silhouetterepresentations and for di�erent rotation steps. The woman model is used togenerate data and the man model is used to the re
ognition. The table 6.1 ismade of four parts, ea
h one is asso
iated with a studied silhouette representation.Ea
h part des
ribes the general posture re
ognition rate (GPRR), the detailedposture re
ognition rate (DPRR) and gives a 
omputation time approximationfor a given rotation step. The table shows that the rotation step is an important
ue for re
ognising posture. The results 
an be interpreted in term of posturere
ognition rate and in term of 
omputational time:
• The general postures are better re
ognised than the detailed ones for allthe silhouette representations sin
e the GPRR is always greater than theDPRR. There are fewer visual ambiguities with general postures than withdetailed postures. The horizontal and verti
al proje
tions of the silhouetterepresentation gives the best re
ognition rates for both the general and de-tailed postures as shown in table 6.1 by 
omparing the GPRR and DPRR forea
h silhouette representation. The geometri
 features representation givesbetter re
ognition than skeletonisation and Hu moments representations.The posture re
ognition rates in
rease when the rotation step de
reases (i.e.when more silhouettes are generated) for the H. & V. proje
tions and theHu moments representations. The geometri
 features and skeletonisationrepresentations are less dis
riminant for a rotation step below 20 degreesbe
ause the dis
rimination power of these approa
hes are not su�
ient to
orre
tly dis
riminate the di�erent silhouettes (180 silhouettes for a rotationstep of 20 degrees up to 3600 silhouettes for a rotation step of 1 degree).
• The 
omputation time depends on the rotation step value: the 
omputa-tional time de
reases when the rotation step in
reases sin
e the number ofgenerated silhouette de
reases. The most 
onsuming step is the silhouettegeneration. To obtain a real time pro
essing, a trade-o� must be 
hosenbetween re
ognition and 
omputation time. A rotation step of 36 degreeswas 
hosen as the optimal rotation step the proposed human posture re
og-nition approa
h. This rotation step 
orresponds to the generation of 100silhouettes 
orresponding to 10 postures of interest and 10 orientations perposture. As shown, in se
tion 6.4, for a rotation step of 36 degrees, theapproa
h treats 5 to 6 frames per se
ond.
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Geometri
 FeaturesRotation step (degrees) 1 5 10 20 36 45 90GPRR (%) 88 88 91 92 89 88 69DPRR (%) 79 78 82 81 75 72 52

tg (s/frame) 40.6 8.2 4.12 2.12 1.28 1.04 0.52
tr (s/frame) 1.39 0.28 0.14 0.07 0.04 0.03 0.02
tc (s/frame) 0.49 0.02 0.005 0.0013 0.00039 0.00025 0.00006Hu MomentsRotation step (degrees) 1 5 10 20 36 45 90GPRR (%) 72 72 72 72 69 68 59DPRR (%) 64 62 62 59 57 54 43
tg (s/frame) 40.6 8.2 4.12 2.12 1.28 1.04 0.52
tr (s/frame) 1.35 0.27 0.14 0.07 0.04 0.03 0.01
tc (s/frame) 0.46 0.02 0.005 0.0012 0.0004 0.0003 0.00004SkeletonisationRotation step (degrees) 1 5 10 20 36 45 90GPRR (%) 86 87 89 89 84 82 71DPRR (%) 74 76 77 75 68 63 47
tg (s/frame) 40.6 8.2 4.12 2.12 1.28 1.04 0.52
tr (s/frame) 1.5 0.29 0.14 0.07 0.04 0.03 0.01
tc (s/frame) 0.47 0.02 0.005 0.0015 0.0006 0.0004 0.0001Horizontal and Verti
al Proje
tionsRotation step (degrees) 1 5 10 20 36 45 90GPRR (%) 99 99 98 95 90 89 75DPRR (%) 95 94 92 87 76 72 54
tg (s/frame) 40.6 8.2 4.12 2.12 1.28 1.04 0.52
tr (s/frame) 1.34 0.27 0.13 0.06 0.04 0.03 0.02
tc (s/frame) 0.71 0.06 0.03 0.012 0.006 0.005 0.003Table 6.1: General (GPRR) and detailed posture re
ognition rate (DPRR), and di�erent pro-
essing times obtained: silhouette generation time (tg), silhouette representation time (tr) andsilhouette 
omparison time (t
) a

ording to the di�erent silhouette representations.



92 Experimental Performan
e Evaluation6.3.3 Variability in the syntheti
 dataTo analyse the behaviour of the posture re
ognition algorithm on intermediatepostures, a se
ond set of syntheti
 data has been generated by randomly modifyingthe joint parameter angles. The random added angles are in the range [−15; 15]in degree. The di�erent re
ognition rates are given in table 6.2 a

ording to thesilhouette representation approa
h.Geometri
 FeaturesRotation step (degrees) 10 20 36 45 90GPRR (%) 84 84 81 82 81DPRR (%) 58 61 53 58 53Hu MomentsRotation step (degrees) 10 20 36 45 90GPRR (%) 51 51 54 45 47DPRR (%) 37 36 35 34 29SkeletonisationRotation step (degrees) 10 20 36 45 90GPRR (%) 65 66 70 66 73DPRR (%) 44 44 47 42 42Horizontal and Verti
al Proje
tionsRotation step (degrees) 10 20 36 45 90GPRR (%) 73 74 73 75 63DPRR (%) 51 54 54 54 42Table 6.2: General (GPRR) and detailed posture re
ognition rate (DPRR) obtained a

ordingto the di�erent silhouette representations for joint angles variation.Geometri
 features and H. & V. proje
tions representations are less sensitiveto the variability in 3D posture avatars than other representations. In addition,the gesture: �left arm in motion� is studied in detail. A third syntheti
 sequen
e isobtained by modifying the left shoulder angle parameters as shown in �gure 6.11:90 degrees 
orresponds to the arm at the up verti
al, -90 degrees 
orresponds tothe arm down. We expe
t that the approa
h re
ognise �rst the standing posturewit arms near the body (the most visually similar posture of interest), then stand-ing with one arm up and �nally standing wit arms near the body. The result ofthe posture re
ognition algorithm is shown in �gure 6.12 wit hand without tem-poral �ltering. First, we 
an noti
e the the temporal �ltering (se
ond 
olumn),removes the �noisy� re
ognised postures by smoothing the re
ognition. Se
ond,the H. & V. proje
tions representation (
urves on the se
ond row in red on the�gure 6.12) gives the best results by re
ognising 
learly the three su

essive pre-
ited postures. The approa
h with the Hu moment representation re
ognise moresoon the standing with one arm up posture, but re
ognise also on few frames thelying posture. The H. & V. proje
tions representation is less sensitive to di�er-
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Figure 6.11: Di�erent images of the sequen
e: �left arm in motion� for a given orientationin degree of the left shoulder: -90,-45,-22,0,25,45,68,90. The fourth image 
orresponds to theposture of interest: standing with left arm up (0 degree), and the last image 
orresponds to theposture of interest standing with arms near the body (90 degrees).en
e of the intermediate postures from the postures of interest by smoothing thesilhouettes.



94 Experimental Performan
e Evaluation

−45 0 45−90 90
0

2
3

7

D
et

ec
te

d 
po

st
ur

e

 

 

−45 0 45 90−90
0

2
3

7

F
ilt

er
ed

 p
os

tu
re

 

 

−45 0 45 90−90
0

2
3

7

D
et

ec
te

d 
po

st
ur

e

 

 

−45 0 45 90−90
0

2
3

7

D
et

ec
te

d 
po

st
ur

e

 

 

−45 0 45 90−90
0

2
3

7

Left arm orientation (degrees)

D
et

ec
te

d 
po

st
ur

e

 

 

−45 0 45 90−90
0

2
3

7

F
ilt

er
ed

 p
os

tu
re

 

 

−45 0 45 90−90
0

2
3

7

F
ilt

er
ed

 p
os

tu
re

 

 

−45 0 45 90−90
0

2
3

7

Left arm orientation (degrees)

F
ilt

er
ed

 p
os

tu
re

 

 

Hu momentsHu moments

Geometric features Geometric features

H. & V. projections H. & V. projections

Skeletonisation Skeletonisation

Figure 6.12: Re
ognised postures for the �left arm in motion� sequen
e, a

ording to the di�er-ent silhouette representations with (left 
olumn) and without (right 
olumn) temporal posture�ltering. The dete
ted postures are : 0-standing with one arm up, 2-standing with arms nearthe body, 3-T-shape, 7-lying posture.
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 Data 956.3.4 Ambiguous CasesSilhouettes representative of di�erent postures 
an have the same proje
tionon the image for a 
ertain point of view generating ambiguous 
ases. Theseambiguities are due to ambiguous view points and person self-o

lusion. Thequality of re
ognition for these 
ases depends on the silhouette representationsand the 
omparison measure. Syntheti
 data 
an be used to identify ambiguous
ases a

ording to the point of view, the posture and the orientation. Confusionmatri
es for ea
h silhouette representation and ea
h point of view (ea
h value of
βc) are given in appendix B.0 1 2 3 4 5 6 7 8 90 185 49 18 42 0 0 0 0 0 01 113 249 48 60 0 0 0 0 0 02 27 33 294 53 0 0 0 0 0 03 35 29 0 205 0 0 0 0 0 04 0 0 0 0 338 2 0 0 0 05 0 0 0 0 22 357 37 0 0 06 0 0 0 0 0 0 323 9 0 07 0 0 0 0 0 0 0 283 23 08 0 0 0 0 0 1 0 18 284 1219 0 0 0 0 0 0 0 50 53 239Table 6.3: Confusion matrix for detailed postures re
ognition for H. & V. proje
tions for syn-theti
 data a

ording to the 0th point of view. (0: standing with left arm up, 1: standing withright arm up, 2: standing with arms near the body, 3: T-shape posture, 4: sitting on a 
hair, 5:sitting on the �oor, 6: bending, 7: lying with spread legs, 8: lying with 
urled up legs on rightside, 9: lying with 
urled up legs on left side)For example the table 6.3.4 shows the 
onfusion matrix 
orresponding to thepoint of view (βc = 0): the rows 
orrespond to the re
ognised postures and the
olumn 
orrespond to the ground-truth ones. By analysing the table, we see thatthe detailed postures are 
onfused with their general postures. In detail, theposture sitting on the 
hair is re
ognised 
orre
tly 338 times on 360 
ases: the
on�dent value of this posture is then 338

360 . Moreover, a

ura
y 
an be added byanalysing results a

ording to the orientation angle of the 3D avatar (αg). Figure6.13 illustrates the ambiguity problem for standing with one arm up posture forthe (H. & V.) proje
tions. This posture is similar to standing with arms near thebody posture for many orientations. The graph 
an provide 
on�den
e value forthe re
ognition in fun
tion of the re
ognised posture and orientation. For exampleduring the interval [50,125℄ and [200,250℄, standing with one arm up posture 
anbe re
ognised without ambiguity.This a priori knowledge 
an be exploited in the re
ognition pro
ess to asso
iatea 
on�dent value to how the postures are re
ognised.
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Figure 6.13: The graphi
s shows distan
e obtained by 
omparing standing postures with one armup (3D woman model) with all the standing postures (3D man model). (H. & V.) proje
tionsrepresentation is used for di�erent avatar orientation.



6.4 Real Data 976.4 Real DataEvaluating a vision algorithm on real data is an important step to validate analgorithm. Indeed, real data are more 
omplex than syntheti
 ones, and intro-du
e some di�
ulties in re
ognising postures. In our 
ase, the prin
ipal di�
ultyo

urs during the segmentation of the people evolving in the s
ene whi
h intro-du
es errors in the silhouette. In real data, the segmentation is noisy due to manyreasons su
h as light 
hanges or bad image 
ontrast. Sin
e the posture re
ognitionis based on the silhouette, segmentation errors in�uen
e the re
ognition. More-over, in the 
ase of our algorithm, real data introdu
e variability in the posture:the intermediate postures between the postures of interest 
an vary signi�
antly.Finally, real data 
reate variability of the morphology of the people evolved inthe video. This suggests the use of several 3D avatars models 
orresponding todi�erent morphologies or 
lothes. In se
tion 6.4.1, the three segmentation algo-rithms used in this work are des
ribed. The di�erent video sequen
es and resultsare des
ribed in se
tion 6.4.2.6.4.1 People Dete
tionDete
ting people is the �rst step in a human posture re
ognition system. Thisstep is 
ru
ial be
ause it has a strong impa
t on the quality of the re
ognisedpostures and it is the main reason to explain the limitation of the posturere
ognition. To a
hieve a good dete
tion, the mobile obje
ts of the s
ene 
anbe segmented using di�erent segmentation algorithms. A 
ommon te
hnique isbased on referen
e image subtra
tion, where the referen
e image is an image ofthe s
ene, without any mobile obje
t (like human in our 
ase). During this thesiswork, we have used three di�erent segmentation algorithms: one developed bythe ORION team (VSIP algorithm), an other proposed by the CMM (Centre deMorphologie Mathématique) of E
ole des Mines de Paris (watershed algorithm),and a last used in gait analysis [Sarkar et al., 2005℄.The VSIP segmentation algorithm is based on the subtra
tion of the 
urrentimage with the referen
e image in di�erent 
olor spa
es. The di�eren
e imageis thresholded with several 
riteria based on pixel intensity. Moreover, for real-time issues, only some pixels are analysed. Pixels are sampled at regular intervaland then analysed to determine if they belong to the ba
kground s
ene or to theforeground. We 
all pixel of interest a pixel of the foreground. The neighbourpixels of a pixel of interest are also analysed sin
e they are likely to be of interesttoo.To 
ategorise the type of a pixel, four 
onse
utive 
riteria are applied in di�erent
olor spa
es:
• The di�eren
e between the red, green and blue values of the pixel in the
urrent image and in the referen
e image are 
omputed. If these di�eren
esare less than a threshold, the pixel is 
onsidered as ba
kground else the next
riteria is used.
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• The intensity value Y of the pixel is 
onsidered in the YUV 
olor spa
e. Two
ases 
an happen: the dark 
ase (Yref < 100) and the 
lear one (Yref ≥ 100)where Yref is the Y value intensity in the referen
e image. The di�eren
e ofthe Y values in the referen
e image and in the 
urrent image are 
omparedto the 
orresponding threshold. If the di�eren
e is less than the thresholdthe pixel is 
onsidered as a pixel of interest else the next 
riteria is applied.
• The 
olor values U,V of the pixel are 
onsidered in the YUV 
olor spa
e.Two 
ases 
an also happen: depending on the previous dark and 
lear 
ases.The absolute value of the di�eren
e of the U and V values between thereferen
e image and the 
urrent one are 
ompared to suitable threshold. Ifthe two di�eren
es or the sum of the di�eren
es are more than the threshold,the pixel is 
lassi�ed as a pixel of interest else the next 
riteria is applied.
• The 
riteria is based on the HSV 
olor spa
e. This stage aims at removingshadow based on the 
hrominan
e of the moving pixel. Two 
ases are 
on-sidered: the pixels of the 
urrent and referen
e images are 
olored (S ≥ 0.2)or only one pixel of the two is 
olored. The di�eren
e of the H and S valuesare 
ompared to a threshold a

ordingly. If one of the di�eren
es are lessthan a threshold, the pixel is 
onsidered as a pixel of interest.
• If none of these 
riteria labels the pixel as of interest then it is 
onsideredas a ba
kground pixel.The resulting binary image is 
ompressed in the RLE (Run Length En
oding)format. This format 
odes the repetition of a same pixel: the repeated pixelsare stored as a single data value (the value of the pixel) and a 
ounter (thequantity of 
onse
utive appearan
e of the pixel). We 
an also noti
e that all theparameters of this segmentation algorithm have been tuned manually to obtainthe best segmentation for human posture re
ognition pro
ess.The CMM (Centre de Morphologie Mathématique) approa
h is basedon several su

essive steps to re�ne progressively the following informa-tion [Lerallut, 2006℄:
• The di�eren
e between the 
urrent image and the referen
e image is pro-
essed in the RGB spa
e. A set of pixels of interest is then obtained. Thisset gives the position and an approximation of the 
ontour of the person.This set may 
ontain a lot of noise due to similarity in the texture betweenthe obje
t of interest and ba
kground or be
ause the obje
t is not 
ontrastedenough 
ompared to the ba
kground.
• To take into a

ount the well known problem of shadow, there is a step inwatershed algorithm whi
h removes proje
ted shadows in the s
ene. Theoperation is based on the fa
t that a proje
ted shadow does not modify the
hrominan
e of the region but it de
reases the intensity re�e
ted by thissurfa
e [Cavallaro et al., 2004℄.
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• The 
olor gradient of the images are 
omputed to dete
t edges in the image.The edge of the 
urrent image is 
ombined with the edge of the same imagewithout shadow to obtain robust 
ontours. An erosion is made to 
omputeinterior markers, and a dilatation is made to 
ompute the exterior markers.A watershed algorithm is then applied with the markers to obtain the best
ontour between the markers.These both segmentations provide di�erent types of silhouette. The watershedalgorithm gives 
ompa
t silhouettes but tends to over-segment people evolving inthe s
ene. In 
ontrast, the VSIP algorithm dete
ts pixels whi
h belong to theperson but the silhouette is less 
ompa
t than watershed one with some holes.The two algorithms have been manually tuned to obtain good silhouettes withthe test sequen
es. Examples of segmented silhouettes obtained with the both twoalgorithms are shown in �gure 6.14. The �rst row shows a leak with the watershedsilhouette due to the property of the watershed algorithm. The following two rowsshow under-segmented VSIP silhouettes with some holes. The both algorithmstreat about 25 frames by se
ond for 
olor images 388x284 pixels (without takinginto a

ount the reading/writting of the images).

Figure 6.14: Segmentations of the image in the �rst 
olumn obtained a

ording to the VSIPalgorithm (se
ond 
olumn) and the watershed algorithm (third 
olumn).The third segmentation algorithm has been used for gait analysis purpose: gaitsegmentation. A semi-automati
 pro
edure is used to dete
t the bounding boxeswhi
h 
ontain the people evolving in the s
ene. The bounding boxes are manually
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e Evaluationoutlined in the starting, middle and ending frames. The bounding boxes of theintermediate frames are linearly interpolated from these manual ones, using theupper left and bottom right 
orners of the boxes. This method works well for
ases where there is fronto-parallel and 
onstant velo
ity motion. A ba
kgroundmodel of the s
ene is built by 
omputing statisti
s of the RGB values at ea
h pixeloutside the manually de�ned bounding boxes. The mean and the 
ovarian
e ofthe RGB values at ea
h pixel are 
omputed.For pixel in the bounding boxes, the Mahanalobis distan
e is 
omputed in RGBspa
e for the pixel value from the estimated mean ba
kground value. Based on thisdistan
e the pixel is 
lassi�ed into foreground (the person) or ba
kground pixel.The de
ision is taken by 
omputing the foreground and ba
kground likelihooddistributions on ea
h frame by using the iterative expe
tation maximisation (EM)pro
edure. Examples of obtained silhouettes are given in �gure 6.15. Thesesilhouettes are very noisy due in parti
ular to the dete
tion of the shadow of theperson.
Figure 6.15: Several silhouettes obtained with the segmentation algorithm used in gait analysis.The properties of the three segmentation algorithms allow to test the robust-ness of the proposed human posture re
ognition a

ording to di�erent types ofsegmentation: noisy over segmented silhouettes (watershed segmentation), un-der segmented silhouettes (VSIP segmentation) and very noisy over segmentedsilhouettes (gait segmentation).6.4.2 A
quisition ContextThe proposed human posture re
ognition has been tested with di�erent imagesequen
es:
• Di�erent image sequen
es have been a
quired from a non optimal 
ameraviewpoint (the people evolving in the s
ene are not fa
ing the 
amera). Fourdi�erent people a
t the postures of interest by rotating around themselvesto have many points of view.
• The approa
h has also been tested on sequen
es a
quired for gait analysispurpose. The �walking� posture, shown in �gure 6.16, has been added to thepostures of interest set in order to adapt the re
ognition to this appli
ation.
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Figure 6.16: The "walking" posture avatar from di�erent points of view.6.4.2.1 Own Sequen
esDi�erent sequen
es have been a
quired in our laboratory. Four people a
t the dif-ferent postures of interest by rotating around themselves to a
quire many pointsof view. A ground truth is asso
iated to ea
h image sequen
e as des
ribed in 6.1for more than 1000 frames. A sample of test images is given in �gure 6.17.All the results are given for the optimal rotation step of 36 degrees. Table 6.4shows the re
ognition rates of general postures for the di�erent silhouette rep-resentations with the watershed segmentation algorithm (similar re
ognition isobtained with the VSIP segmentation algorithm) whi
h are equivalent to therates obtained with syntheti
 data. The H. & V. proje
tions representation givesthe best results as shown on the last row of the table 6.4 and it is studied inmore depth in the following. The ability of the H. & V. proje
tions representa-tion to smooth silhouette explains these results. This representation takes intoa

ount the variability of the 3D avatar from the observed person and silhouettemisdete
tion.
Ground Truth

Recognition Standing Sitting Bending LyingGeometri
 features 94 82 77 83Hu moments 68 73 27 35Skeletonisation 93 68 82 65H. & V. proje
tions 100 89 78 93Table 6.4: General postures re
ognition rates for the di�erent silhouette representations withwatershed segmentation.



102 Experimental Performan
e EvaluationTable 6.5 and table 6.6 show the 
onfusion matri
es for the re
ognition of thegeneral postures a

ording to the segmentation approa
h. The obtained resultsare satisfa
tory (the rate of 
orre
t re
ognition is above 80%) and show the ro-bustness of re
ognition of general postures in all possible orientations.
Ground Truth

Recognition Standing Sitting Bending LyingStanding 271 25 2 0Sitting 0 196 13 36Bending 0 0 54 2Lying 0 0 0 484Dete
ted/total 271/271 196/221 54/69 484/522Su

ess per
entage 100 89 78 93Table 6.5: Confusion matrix for general postures re
ognition for H. & V. proje
tions withwatershed segmentation.
Ground Truth

Recognition Standing Sitting Bending LyingStanding 271 46 6 0Sitting 0 167 0 40Bending 0 8 63 2Lying 0 0 0 471Dete
ted/total 271/271 167/221 63/69 471/513Su

ess per
entage 100 75 91 92Table 6.6: Confusion matrix for general postures re
ognition for H. & V. proje
tions with VSIPsegmentation.The 
onfusion matri
es for the re
ognition of detailed postures are given intable 6.7 and in table 6.8 and gives similar results for the di�erent segmentationapproa
hes. For instan
e, the lying with 
urled up posture is re
ognised with63% for watershed segmentation algorithm, and with 60% for VSIP segmentationalgorithm. This posture is more mis-re
ognised with the lying with spread legsposture (81 
ases for watershed segmentation and 86 
ases for VSIP segmentation),than the sitting on the �oor posture (25/28 
ases) and sitting on a 
hair posture(11/12 
ases) for the both segmentations. Postures are often mis-
lassi�ed withanother posture of the same 
ategory (e.g. sitting on the �oor and sitting ona 
hair) due to the ambiguous 
ases previously des
ribed. Even if the (H.&V.) proje
tions silhouette representation manages the di�eren
es between the 3Dposture avatar and the posture a
ted by a person there is some mis-re
ognitionin extreme 
ases. Few errors o

ur be
ause the 3D posture avatars representspe
i�
 postures and do not take into a

ount the variability of these postures
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an vary when raised for the standing posture with one arm up).The pro
essing time is about 5-6 frames by se
ond by taking into a

ount thefollowing tasks: reading task, segmentation task, 
lassi�
ation task, tra
king taskand posture re
ognition task.



104 Experimental Performan
e Evaluation
Ground Truth

Recognition 1 2 3 4 5 6 7 8Standing withone arm up (1) 79 21 13 3 0 0 0 0Standing (2) 5 67 1 22 0 2 0 0T-shape (3) 27 3 55 0 0 0 0 0Sitting on a
hair (4) 0 0 0 51 44 7 0 11Sitting on the�oor (5) 0 0 0 1 100 6 0 25Bending (6) 0 0 0 0 0 54 2 0Lying withspread legs (7) 0 0 0 0 0 0 162 81Lying with
urled up legs(8) 0 0 0 0 0 0 45 196Dete
ted/total 79/111 67/91 55/69 51/77 100/144 54/69 162/209 196/313Su

ess per
entage 71 74 80 66 69 78 77 63Table 6.7: Confusion matrix for detailed postures re
ognition with (H. & V.) proje
tions ap-proa
h obtained with watershed segmentation.
Ground Truth

Recognition 1 2 3 4 5 6 7 8Standing withone arm up (1) 79 21 13 0 0 5 0 0Standing (2) 5 67 1 36 10 1 0 0T-shape (3) 27 3 55 0 0 0 0 0Sitting on a
hair (4) 0 0 0 40 20 0 0 12Sitting on the�oor (5) 0 0 0 1 106 0 0 28Bending (6) 0 0 0 0 8 63 2 0Lying withspread legs (7) 0 0 0 0 0 0 158 86Lying with
urled up legs(8) 0 0 0 0 0 0 35 192Dete
ted/total 79/111 67/91 55/69 40/77 106/144 63/69 158/195 192/318Su

ess per
entage 71 74 80 52 74 91 81 60Table 6.8: Confusion matrix for detailed postures re
ognition with (H. & V.) proje
tions ap-proa
h obtained with VSIP segmentation.
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Figure 6.17: Sample of the image sequen
es used in the tests.
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e EvaluationSegmentation ErrorsThe results are given up to now for a bounding box overlapping rate equal atleast 70%. By 
hanging this value di�erent 
ases 
an be 
onsidered. A value near100 means segmentation is perfe
t whereas a lower value 
orresponds to 
ases ofmis-segmentations. Figure 6.18 gives the general and detailed posture re
ogni-tion rates for standing postures with di�erent levels of bounding box overlapping.The histogram are 
omputed for several overlapping rates: 100±2.5%, 95±2.5%,
90 ± 2.5%, 85 ± 2.5%, 80 ± 2.5%, 75 ± 2.5%, 70 ± 2.5%, 65 ± 2.5%, 60 ± 2.5%.The 
urve represents the number of 
onsidered 
ases. Under 70% of overlappingonly 1 or 2 
ases are 
onsidered, then their values are not 
on
luding. It is thereason why the results are previously given for an overlapping rate superior to70%. By analysing the histograms, both general and detailed postures re
og-nitions are 
orre
t (above 65%) for all tested situations (with at least 70% ofoverlapping). Then the proposed human posture re
ognition approa
h is able tore
ognise detailed postures even if the segmentation is not perfe
t as shown onthe �gure 6.18.
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Figure 6.18: General (GPRR) and detailed (DPRR) re
ognition rates for standing postures withdi�erent overlapping per
entages with the watershed algorithm. The number of 
onsidered 
asesis also given.



6.4 Real Data 1076.4.2.2 Walking Sequen
esThe proposed approa
h has also been tested using di�erent image sequen
es a
-quired for human gait analysis purpose. The walking posture (�gure 6.16) hasbeen added to the set of posture of interest in order to better �t with the gaitpostures. This posture has been modeled very easily (in 5 minutes) by animatinga 3D avatar body part by body part to determine the set of parameters (the ar-ti
ulation angles) 
orresponding to the walking posture.The �rst sequen
e has been used in [Sidenbladh et al., 2002℄ for human motiontra
king. The sequen
e is 
omposed of one person walking from right to left:see �gure 6.19. Due to the 
ontrast between the person and the ba
kground thesegmentation is perfe
t (the results are obtained with the watershed algorithm).A manually ground truth has been made by annotated for ea
h frame the postureof the person: standing with arms near the body or walking posture. The re
og-nition results are displayed in the graph of �gure 6.20. 78 postures are 
orre
tlydete
ted on the total of 81 postures. Moreover, the walking periodi
ity (the rep-etition of the standing posture followed by walking posture) is 
learly identi�ed.The four walking 
y
les are 
orre
tly dete
ted.

Figure 6.19: A person walking straight from the right to the left
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Figure 6.20: Results obtained on walking sequen
e with H. & V. proje
tions representation andground truth.
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es are extra
ted from the HumanID gait 
hallenge problemdata set ( [Sarkar et al., 2005℄). This data set has been designed to evaluate thestate of the art in automati
 gait re
ognition and to 
hara
terise the e�e
ts ofdi�erent environmental and walking 
onditions: 
on
rete ground/grass ground,di�erent shoes (sneakers, sandal, ...). The people evolving in the s
ene walkalong a demi-ellipse observed by two 
ameras. The segmented silhouettes are alsoavailable as shown in �gure 6.21 and they are obtained with the gait segmentationalgorithm. The proposed approa
h is tested on these silhouettes. The originaldata-base 
ontains 122 image sequen
es. We test our human posture re
ognitionon �ve sequen
es a
quired with two di�erent points of view and di�erent grounds(
on
rete and grass). This 
orresponds to 65 walking 
y
les and 911 frames. Theresult of the re
ognition for one of the tested sequen
e is given in �gure 6.22. 162postures are 
orre
tly dete
ted for 186 
onsidered 
ases. The walking periodi
ityis also 
learly identi�ed even if some one are not 
ompletely dete
ted su
h as theninth 
y
le. By 
onsidering all the �ve sequen
es, 711 postures are re
ognisedamong the 911 total 
ases.

Figure 6.21: A person walking along a demi-ellipse and its 
orresponding silhouettes.By adding the walking posture to the posture of interest set, the proposedhuman posture re
ognition approa
h shows its adaptability to the need of a givenappli
ation. Moreover, the approa
h 
ombining the 3D posture avatar and thehorizontal and verti
al proje
tions has shown its robustness to the erroneous sil-houettes by testing it with noisy silhouettes.
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Figure 6.22: Results obtained on walking binary sequen
e with H. & V. proje
tions representa-tion.



6.5 Con
lusion 1116.5 Con
lusionThe proposed human posture re
ognition approa
h has been su

essfully testedusing both syntheti
 and real data. A ground-truth is de�ned to evaluate theproposed approa
h 
omposed for ea
h person in the video sequen
e of:
• a single identi�er,
• a bounding box whi
h lo
alises a person in an image,
• the posture whi
h evaluates the result of the re
ognition.The bounding box is used to test the quality of the segmented silhouette by 
om-puting the overlapping rate of the bounding boxes de�ned in the ground-truthand dete
ted by the vision algorithms.Syntheti
 data were used to evaluate the proposed approa
h. The advantages ofusing su
h data is that many viewpoints 
an be 
onsidered and ground-truth dataare automati
ally generated. We have used syntheti
 data to 
ompare the di�er-ent silhouette representations and to determine the optimal rotation step de�nedin se
tion 6.3.2. The evaluation is performed in terms of posture re
ognition and
omputational time e�
ien
y. The horizontal and verti
al proje
tions represen-tation de�ned in 5.3.2.4, gives the best re
ognition. Moreover a rotation step of36 degrees is 
hosen as optimal sin
e it gives the best 
ompromise between highre
ognition and low 
omputation time.The posture re
ognition algorithm has also been tested with di�erent real data.Real data introdu
es some di�
ulties like segmentation errors (noisy silhouettes)or the problem of intermediate postures (postures 
an be slightly di�erent a

ord-ing to the postures of interest). A data base has been a
quired to evaluate theapproa
h. It is 
omposed of more than 1000 manually annotated frames for fourpeople and the eight postures of interest. The horizontal and verti
al proje
tionsrepresentation gives the best results sin
e it takes into a

ount little holes whi
h
an appear in the segmentation or small 
hanges in the posture. The other repre-sentations are more sensitive to the segmentation errors. In parti
ular, sin
e Humoments are 
omputed on the whole silhouette, an error on the silhouette implieserroneous terms for the Hu moments representation. Moreover, skeletonisation isbased on the 
ontour of the silhouette then it is sensitive to segmentation errors.Hu moments representation has also an other problem. Sin
e the Hu moments areindependent from the s
ale and orientation, standing posture and lying posture
an be 
onfused.The approa
h has also been tested on data set a
quired for a gait analysis pur-pose. A new posture of interest, the walking posture, has been added in order tobetter �t with the gait postures. The approa
h 
learly identi�es the gait period.The approa
h has been su

essfully tested on outside/inside sequen
es and forover/under segmentations. It has shown its robustness with missing body partssu
h as extremities (head, feet). It 
an be easily adapted to any view pointsthanks to the virtual 
amera. Moreover posture avatars 
an be added/removed
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ording to the spe
i�
ity of the appli
ation.The approa
h has been tested under three di�erent segmentation algorithms:VSIP segmentation, watershed segmentation and gait segmentation. We havetuned the two �rst algorithms to obtain pretty silhouettes, whereas we have justuse the available silhouettes obtained with the third algorithm. These algorithmsprovide di�erent type of silhouette: noisy over segmented silhouettes (watershedsegmentation), under segmented silhouettes (VSIP segmentation) and very noisyover segmented silhouettes (gait segmentation). The posture re
ognition is simi-lar for the two �rst algorithms by representing the silhouettes with the (H. & V.)proje
tions. The segmentation problems asso
iated to these segmentation algo-rithms (hole in the silhouette or over segmentation) are taking into a

ount withthe smoothing power of the (H. & V.) proje
tions. Finally the proposed approa
hgives good re
ognition rate for the gait segmentation, by 
onsidering the �simple�
ase of the walk (i.e. the di�erent standing postures).As said in 
hapter 2, the proposed approa
h extends works des
ribedin [Zhao and Nevatia, 2004℄ by 
onsidering four general postures (standing, sit-ting, bending and lying). Our proposed hybrid approa
h takes advantages ofthe te
hniques des
ribed in 
hapter 2, by 
ombining the 2D te
hniques (real-time
omputation) and the use of 3D posture avatar (independen
e from the viewpoint). The fourth 
onstraints given in 
hapter 3 have been respe
ted. The ap-proa
h works in real time (5-6 frames by se
ond). The generation of the 3D avatarsilhouettes is the most time 
onsuming step (1,28 se
ond to generate 100 silhou-ettes). The approa
h is independent from the 
amera viewpoint by using a virtual
amera whi
h has the same 
hara
teristi
s than the real one. The approa
h isfully automated by adapting the height of the 3D posture avatar to the observedperson height. Finally, the approa
h uses only one stati
 
amera by taking ad-vantage of a knowledge base, in parti
ular the 
alibration matrix of the 
amera.However, the approa
h is limited in terms of quantity of interest postures. The
omputing time in
reases when more postures are 
onsidered. Moreover, whenmore postures are 
onsidered the number of ambiguity 
ases in
reases. Finally,we have made the strong hypothesis that the observed person is isolated. Theapproa
h does not take into a

ount the problem of o

luded person.The next 
hapter, fo
uses on how the postures re
ognised by our posture re
og-nition approa
h 
an be used in a
tion re
ognition.



Chapter 7A
tion Re
ognition usingPostures7.1 Introdu
tionIn the previous 
hapters, the proposed human posture re
ognition approa
h hasbeen presented whi
h 
ombines 2D te
hniques and the use of 3D posture avatars.The results of the approa
h (the �ltered postures) 
an be exploited in the humanbehaviour analysis.More generally, a
tions 
an be 
lassi�ed in three 
ategories:
• the self-a
tions where only the 
on
erned person a
ts: walking, running,sitting, falling, pointing, jumping, et
...
• the a
tions involving a person with 
ontextual obje
ts: drinking, eating,writing on a whiteboard, typing (using 
omputer keyboard), taking an ob-je
t, putting an obje
t, et
...
• the a
tions where several individuals intera
t with ea
h other: shaking hand,kissing, �ghting, et
...In this 
hapter, a fo
us is made on how self a
tions 
an be re
ognised thanks tothe �ltered postures be
ause the main problem to re
ognise the other types ofa
tion is the obje
t dete
tion whi
h is not the s
ope of this work.Existing te
hniques to re
ognise a
tions are brie�y presented in the �rst se
tion.The modeling of self-a
tions is presented in the se
ond se
tion and the re
ognitionin the third se
tion. Finally some re
ognition results are given for the falling andwalking examples.7.2 Existing te
hniquesThe a
tion re
ognition task 
an be 
onsidered as a time-varying data mat
hingproblem. Classi
al methods to solve this kind of problem may involves: dynami
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tion Re
ognition using Posturestime warping (DTW), hidden Markov model (HMM) and neural network. Twodi�erent approa
hes 
an be used to analyse human a
tion.Probabilisti
 approa
hProbabilisti
 approa
hes need a learning phase to make a probabilisti
 modelof the desired behaviour. An image sequen
e of a given a
tion is 
onverted into astati
 template whi
h represents the a
tion. Dynami
 time warping algorithm isthen used to measure similarity between template and dete
ted sequen
e whi
hmay vary in time or speed. In [Bobi
k and Davis, 2001℄, the a
tion is representedwith the motion energy image (MEI) and the motion history image (MHI). TheMEI is obtained by 
umulating binary motion image: ea
h pixel 
orresponding toa motion in the image is 
onsidered like a pixel of interest. The MHI is obtainedsimilarly by indi
ating the quantity of movement for ea
h pixel. These images arethen represented with the seven Hu moments and 
ompared to stored samples byMahanalobis distan
e.In [Chen et al., 2006℄, the authors propose a HMM-based methodology for a
tionre
ognition using skeletonisation as a representative des
riptor of human posture.Ea
h a
tion is des
ribed by representative skeletons. Then a HMM is optimisedto represent the desired a
tion.The probabilisti
 approa
hes are easy to implement be
ause based on well knownlearning tool su
h as neural network. But the main drawba
k is that it is di�
ultto know how these approa
hes work: what does represent a neuron of a givenneural network?Deterministi
 approa
hIn 
ontrast to the previous approa
hes, the deterministi
 ones do not need alearning phase. An expert de
ides expli
itly the rules to represent a given be-haviour. In [Cu

hiara et al., 2003℄, a �nite state ma
hine is presented to identifya fall: ea
h state is represented by a posture and an information about the move-ment of the person (stati
 or moving).Approa
hes based on 
onstraint resolution are able to re
ognise 
omplex eventwith several a
tors. In [Vu et al., 2002℄, the authors present an approa
h to op-timise the temporal 
onstraint resolution by ordering in time the sub-s
enariosof the s
enario to be re
ognised. An e�
ient algorithm of this approa
h takesadvantage of a pre-
ompiled stage of s
enario models to re
ognise in real time
omplex s
enarios with a large number of obje
ts is des
ribed in [Vu et al., 2003℄.The deterministi
 approa
hes are easily understandable be
ause they are basedon expert rules. They do not take into a

ount the dimension of the data and wemust take 
are of 
ombinatory explosion during implementation.



7.3 A
tion Representation 1157.3 A
tion RepresentationEa
h a
tion of interest is represented by a series of postures and are modeled usinga �nite state ma
hine as shown in �gure 7.1. We 
hoose this kind of representationbe
ause it 
an easily model the self a
tions with very simple rules. Ea
h state ofthe �nite ma
hine is 
hara
terised by one or several postures denoted P, and theirminimal (noted min) and maximal (noted max), authorised o

urring number ofsu

essive postures. These thresholds are used to estimate the duration of ea
hposture. A state is de�ned with several types of postures to take into a

ountun
ertainty in the re
ognition of posture.The postures 
an either be general or detailed postures depending on the a
tionto model.
Figure 7.1: Finite state ma
hine modeling an a
tion with n states.To optimise the dis
rimination of the desired a
tions, we de�ne the postures
hara
terising the states and the asso
iated threshold values by running su�
ientenough experimentations. These threshold values are dependent on the framerateof the studied video sequen
es.The desired a
tions are re
ognised through the asso
iated �nite state ma
hinesand pro
essed with video sequen
es.7.4 A
tion Re
ognitionDuring the posture re
ognition pro
ess, a sta
k of �ltered postures is asso
iatedwith ea
h person dete
ted in the s
ene. Any new re
ognised postures are pushedinto the sta
k, and the number of o

urren
e is in
reased by one. This pro
essingenables to re
ognise in e�
ient way the sequen
e of postures modeled by �nitestate ma
hines.The a
tion re
ognition is performed by 
omparing the di�erent �nite statema
hines whi
h represent the self a
tions we want to re
ognise, with the sta
kasso
iated to ea
h dete
ted person. When the �nite state ma
hine asso
iatedto the desired a
tion is re
ognised, the a
tion is asso
iated to the 
orresponding
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tion Re
ognition using Posturesperson.This preliminary re
ognition method has some limitations. Noise and mis-re
ognition of posture on few frames may imply that the a
tions are not re
og-nised. This issue is partially solved by using the �ltered postures and by repre-senting a state by one or several postures.In the next se
tion, the example of the falling and walking/running a
tions arestudied.7.5 Example: the people falling a
tionThe automati
 dete
tion of people falling is of a great interest for medi
al andhome-
are appli
ations. It is important to dete
t this kind of a
tions to trigger anappropriate alarm to warn medi
al sta� for example. Falling is an a
tion basedon general postures and it is 
onsidered as a passage from a standing posture toa lying posture. The �nal state ma
hine of the falling a
tion is represented in�gure 7.2. The se
ond state e is de�ned as a 
ombination of bending and sittingpostures. This state is introdu
ed to model the intermediate postures of thefalling a
tion. Indeed, the postures between standing and lying ones 
an eitherbe dete
ted as sitting or bending postures a

ording to the type of fall.

Figure 7.2: Finite state ma
hine whi
h represents the falling a
tion.The maximum threshold value of the �rst state is �xed to ∞. Moreover, theminimum threshold of the �nal state is �xed to 3, to robustly dete
t the fallinga
tion.Validation tests have been performed on di�erent a
ted sequen
es for several typesof fall as shown in �gures 7.4, 7.5, 7.6 and 7.7:
• falling ahead ( performed 4 times),
• falling behind (performed 3 times),
• and sinking down (performed 3 times).The ten falling a
tions have been 
orre
tly re
ognised as shown table 7.1. Thevideo sequen
es are 
hallenging be
ause the persons fall and stand up immediately.



7.6 Example: the walking a
tion 117TP FP FNRe
ognised falling a
tion 10 0 0Table 7.1: True positive (TP), false positive (FP), and false negative (FN) re
ognition of thefalling a
tion.7.6 Example: the walking a
tionThe walking a
tion is modeled through detailed postures. It is de�ned as asu

ession of standing posture with arm near the body followed by the walkingposture (�gure 7.3).

Figure 7.3: Finite state ma
hine whi
h represents the walking a
tion.The validation tests have been realised on the sequen
es a
quired for gaitanalysis purpose and des
ribed in se
tion 6.4.2.2. The walking a
tion has beensu

essfully re
ognised among �ve sequen
es 
orresponding to 65 
y
les of thewalking a
tion (su

ession of standing and walking postures) as shown in table 7.2.62 
y
les are 
orre
tly dete
ted, and 3 
y
les are mis-re
ognised (the 
y
les are
onfused with another one). TP FP FNRe
ognised walking a
tion 62 0 3Table 7.2: True positive (TP), false positive (FP), and false negative (FN) re
ognition of thewalking a
tion.The walking a
tion is based on detailed postures whi
h multiplies the 
onfusion.
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tion Re
ognition using Postures7.7 Con
lusionIn this 
hapter, a method to model and re
ognise self a
tions based on posturehas been presented. These a
tions are modeled using general or detailed posturesdepending on the a

ura
y needed to represent the a
tions. A
tions are modeledwith a �nite states ma
hine where ea
h state 
onsists of one or several postureswith minimal and maximal authorised o

urren
e value of su

essive postures.The approa
h has been su

essfully tested for the falling a
tion (based on generalpostures) and walking a
tion (based on detailed postures) a
tions.These preliminary results are en
ouraging but some problems remain to be solved.Parti
ularly, the un
ertainty due to posture mis-dete
tion should be modeled.With the proposed algorithm, a �nite state ma
hine must be 
ompletely dete
tedto re
ognise an a
tion. The a
tion re
ognition algorithm 
an be improved byadding to the state information about the movement of the person: the person ismoving or not. Moreover, the transition between the states 
an be representedby probability density fun
tions to �nally obtain a hidden markov model (HMM).This representation allows to be independent from the frame rate of the video.

Figure 7.4: Example of the fall a
tion.
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Figure 7.5: Example of the fall a
tion.
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Figure 7.6: Example of the fall a
tion.
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Figure 7.7: Example of the fall a
tion.
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Chapter 8Con
lusionIn this thesis we have proposed a new approa
h to re
ognise human posture. Thisapproa
h 
ombines 2D te
hniques and the use of the 3D posture avatars. The 2Dte
hniques are used to keep a real-time pro
essing whereas the 3D posture avatarallows some independen
e from the point of view.The proposed approa
h takes as input the dete
ted 2D moving silhouette region
orresponding to the dete
ted person and the estimated 3D position. The ap-proa
h is 
omposed of four tasks:
• The 3D posture avatar silhouettes are generated by proje
ting the avataron the image plane by using a virtual 
amera. The 3D avatar is pla
ed inthe virtual s
ene where the observed person is dete
ted, then the avatar isoriented for di�erent angles to generate all possible silhouettes with respe
tto the pre-de�ned postures.
• The silhouettes are represented and 
ompared a

ording to four 2D te
h-niques: geometri
 representations, Hu moments, skeletonisation and hori-zontal and verti
al proje
tions.
• The posture of the dete
ted person is determined by keeping the most similargenerated silhouette a

ording to the previous task.
• The posture �ltering task �lters out the erroneous postures dete
ted in theprevious task by exploiting their temporal 
oheren
e. The posture stabilityprin
iple states that for a high enough frame-rate the posture remains simi-lar within few su

essive frames. The tra
king information of the re
ognisedperson is used to retrieve the previously dete
ted postures. These posturesare then used to 
ompute the �ltered posture (i.e. the main posture) bysear
hing the most frequently appearing posture during a short period oftime.An overview of the 
ontributions of this work is given in the next se
tion. Then adis
ussion is made in parti
ular to show the limitations of the proposed approa
h.Finally, future work are proposed to improve the approa
h in the last se
tion.



124 Con
lusion8.1 Overview of the Contributions
• The 3D posture avatars have been introdu
ed to model the human pos-tures to be re
ognised as des
ribed in 
hapter 4. It is inspired by the previouswork in 
omputer graphi
s and has been adapted by proposing a simpli�edmodel to posture re
ognition purposes. A 3D posture avatar is 
omposed ofa 3D human model, whi
h de�nes the relation between the 20 body parts,a set of 23 parameters, whi
h de�nes the position the di�erent body partsand a set of body primitives whi
h de�nes the visual aspe
t of the bodyparts. The proposed 3D human model 
ontains also ten joints whi
h arethe major body arti
ulations and the twenty body parts. The arti
ulationsare represented with Euler angles to represent the eight postures of interest:standing with one arm up, standing with arms along the body, T-shapeposture, sitting on a 
hair, sitting on the �oor, bending posture, lying withspread legs and lying with 
urled up legs. The body primitives are repre-sented with polygons mesh to obtain a realisti
 3D human model in orderto generate syntheti
 silhouette 
lose to the real world. Su
h body primi-tives enhan
e the re
ognition quality. The proposed 3D posture avatars areindependent from the body primitives used to represent the body parts. In-deed, di�erent primitives 
an be used to visualise di�erent types of avatarsadapted to the observed person. The parameters of the arti
ulations 
an bemodi�ed to model intermediate postures. Moreover, the 3D posture avatarsare 
lassi�ed in a hierar
hi
al way from general to detailed postures.
• A novel hybrid approa
h is proposed in 
hapter 5 to re
ognise humanpostures in video sequen
e. The approa
h is based on the 
hara
terisationof the dete
ted person silhouette. The approa
h 
ombines 2D te
hniques andthe use of the 3D posture avatars previously des
ribed. The 2D te
hniquesare used to keep a real-time pro
essing whereas the 3D posture avatars allowto have a 
ertain independen
e from the view point of the 
amera. Several2D te
hniques have been tested to represent the silhouettes:� the �rst one is based on the 
ombination of di�erent geometri
 featuressu
h as area, 
entroid, orientation, e

entri
ity and 
ompa
tness,� the se
ond one is based on the seven Hu moments,� the third one, referred as skeletonisation, uses salient points on the
ontour,� and the last one is based on the horizontal and verti
al proje
tions ofthe silhouette.The 2D te
hniques are sele
ted a

ording to the segmentation quality and
omputation time. Experimentations have shown that the silhouette repre-sentation based on the horizontal and verti
al proje
tions works the best.
• A silhouette representation evaluation has been performed in se
tion 6.Sin
e the 3D posture avatars are realisti
 enough, they are used to generate
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 data for several point of views. The 3D posture avatar involvedin the data generation is di�erent from the 3D posture avatar involved inthe re
ognition pro
ess. There are three main advantages in using syntheti
data:� First, lots of data 
an be easily generated for any point of view andthe virtual avatar 
an be pla
ed at any pla
e.� Se
ond, the approa
h 
an be studied a

ording to di�erent problems:segmentation quality, intermediate postures, ambiguous postures andvariability between the observed person and the 3D avatar.� Finally, a ground-truth �le 
an be automati
ally asso
iated at ea
hgeneration step.The syntheti
 posture data-base has been generated for 19 points of view,for 10 postures and for 360 orientations separated by one degree. The pointsof view are lo
alised on a quarter of 
ir
le around the person for ea
h �vedegree from 0 to 90 degrees populating the data-base with 68400 silhouettes.The proposed approa
h has been validated on both syntheti
 and real data.The horizontal and verti
al proje
tions representation gives better posturere
ognition than the geometri
 features, the skeletonisation and the Humoments representations be
ause this representation is more robust to noisysilhouettes and intermediate postures.
• An exhaustive 
hara
terisation of ambiguous postures are also stud-ied with the syntheti
 data-base as shown in 
hapter 6. Ambiguity 
aseshappen when silhouettes representative of di�erent postures have the sameproje
tions on the image for a given point of view. The ambiguity is then
hara
terised by a posture and an orientation a

ording to a given point ofview. It is dependent on the silhouette representation. This a priori knowl-edge 
an be exploited in the re
ognition pro
ess to asso
iate a 
on�den
evalue with the re
ognised postures.
• The results of the proposed approa
h, the re
ognised postures, have beenused for a
tion re
ognition in 
hapter 7. The targeted a
tions are self-a
tions, that is to say a
tions where only the 
onsidered person is involved.The a
tions are modeled with a �nite state ma
hine where ea
h state 
on-sists of a posture and a minimal/maximal o

urren
e number of 
onse
u-tive appearing postures. The approa
h has been su

essfully tested for thefalling a
tion and the walking a
tion. The falling a
tion is based on generalpostures whereas the walking a
tion is based on the detailed ones. A newposture, the walking posture, has been easily added to the set of interestpostures and shows the adaptability of the proposed approa
h.
• Moreover, during this work several tools have been developed:� The �rst tool 
onsists of a 3D engine able to visualise and manipulatea 3D posture avatar by moving the di�erent body parts and to extra
t
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lusionthe silhouette a

ording to a virtual 
amera. The engine is basedon the Mesa library fa
ilities, 
ombining orientation and translationtransformations to animate the 3D posture avatar. This engine is a
omponent for the tools des
ribed below.� The se
ond tool animates the 3D posture avatar and de�nes theparameters asso
iated with a given 3D posture avatar. Ea
h body partof the 3D model 
an be sele
ted, and the parameters of the 
orrespond-ing arti
ulations 
an be modi�ed to obtain the desired 3D avatar. Theparameters 
an be saved and used with the previously des
ribed 3Dengine.� The third tool generates exhaustively syntheti
 data by de�ningdi�erent points of view and di�erent orientations of the 3D postureavatars.� The fourth tool generates syntheti
 silhouette based on a traje
-tory. A virtual s
ene is observed from the top (in verti
al dire
tion),the user draws a traje
tory and sele
ts the posture at the salient pointsof the traje
tory. This tool is useful for demonstration purpose.� The last tool is a posture re
ognition prototype whi
h integratesthe 
omplete treatment of a video sequen
e from a
quisition to posturere
ognition. It visualises the results of the re
ognition approa
h. Ades
ription of the prototype is given in appendix A.8.2 Dis
ussionIn the se
tion 3.1.2, several 
onstraints have been identi�ed to propose a generi
approa
h: real-time, independen
e from the point of view, fully automated ap-proa
h and one mono
ular stati
 
amera. We detail below how these 
onstraintshave been solved:
• Real-time. The proposed algorithm is able to treat about 5 to 6 framesper se
ond using real video stream. It has been shown to be e�
ient inre
ognising some a
tions su
h as the falling or the walking ones. This frame-rate is possible thanks to the use of the 2D representation of the silhouette.
• Independen
e from the point of view. In se
tion 6.3.2 the approa
h hasshown its independen
e from the point of view. The virtual 
amera allowsthe generation of the 3D posture avatar silhouettes using the same point ofview than the real 
amera. Thus, a virtual 
amera 
an be asso
iated to areal one for any position of the real 
amera.
• Automated approa
h. The approa
h is 
ompletely automati
 and 
an beeasily adapted to any video sequen
es. Moreover, this approa
h 
an beadapted to di�erent types of appli
ation by modifying the set of postures ofinterest. A new posture of interest 
an be de�ned by determining a spe
i�




8.2 Dis
ussion 127set of parameters (the joint parameters) to represent the desired posturesu
h as the walking posture.
• One mono
ular stati
 
amera. The approa
h works with only one mono
-ular stati
 
amera by using a 
ontextual knowledge base asso
iated to thes
ene. In parti
ular, the 
alibration matrix allows the 
omputation of the3D position of the people evolving in the s
ene and the initialisation of thevirtual 
amera.Sin
e the proposed approa
h 
ombines the 2D te
hniques and the use of 3Dposture avatars, it takes the strengths of these te
hniques. In parti
ular, the ap-proa
h is independent from the view point of the 
amera by using the 3D postureavatars. The approa
h is relatively fast, and it is able to treat between 5 and 6frames by se
ond. Experimentations have shown that the approa
h gives goodposture re
ognition rates for real data (above 80% for the general posture andaround 75% for the detailed postures). The approa
h is robust to di�erent typesof segmentation. The approa
h has been tested with the watershed segmentationalgorithm (whi
h provides a noisy over-segmented silhouette), with the VSIP seg-mentation algorithm (whi
h provides an under-segmented silhouette with someholes) and with the segmentation asso
iated with the gait sequen
es (whi
h pro-vides very noisy over-segmented silhouette). The approa
h 
an be adapted to aspe
i�
 appli
ation purpose, in parti
ular the set of posture of interest 
an bemodi�ed to solve a parti
ular problem. For instan
e, the �walking� posture isadded to the set of posture of interest to re
ognise the �walk� a
tion. Howeverthe proposed approa
h has some limitations. The main drawba
k of the approa
his that its limitation in terms of the quantity of postures of interest. The �rstreason of this limitation is the time pro
essing. The 
omputing time in
reaseswhen more postures are 
onsidered limiting the number of postures of interest.The se
ond reason is the dis
riminating power. When more posture avatars are
onsidered, the number of ambiguity 
ases in
reases. The se
ond and relatedproblem is the 
omputation time. The silhouette generation of the 3D postureavatars represents the most expensive phase in terms of 
omputation time. Thegeneration time of 100 silhouettes 
orresponding to 10 postures avatars and a ro-tation step of 36 degrees is about 1.28 se
ond. By only 
omputing the generatedsilhouette, when the dete
ted person has a su�
ient displa
ement in the s
ene,the frame-rate is about 5 to 6 frames per se
ond. To de
rease this 
omputationtime, some improvements are ne
essary. For example, the set of posture of inter-est 
an be adapted by taking into a

ount the re
ognised posture in the previousframe. Moreover, we have made the strong hypothesis that the observed personis isolated. But the observed person 
an be o

luded by obje
ts of the 
ontext,or she/he 
an intera
t with other people. Finally, in the approa
h the 3D postureavatar is adapted to the studied person by only taking into a

ount the heightof the person. But more information, 
an be use, the type of the 
lothes or the
orpulen
e of the studied person.The approa
h has been applied in a video understanding system. But this ap-
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lusionproa
h is quite generi
 and 
an be applied in other type of appli
ation whi
h needthe same requirements: real-time pro
essing, viewpoint independen
e, automatedapproa
h and one mono
ular stati
 
amera. In parti
ular, this approa
h 
an beused for a new form of human 
omputer interfa
e.8.3 Future WorksThis work 
an be improved in di�erent ways 
lassi�ed in short and long termperspe
tives.8.3.1 Short-Term Perspe
tivesO

lusionThe virtual s
ene 
an be used to handle the problem of o

lusion. A 3D model ofthe s
ene 
an be displayed with the 3D posture avatars. By positioning 
orre
tlythe 3D posture avatar in the s
ene, an o

luded silhouette 
an be extra
ted and
ompared with the dete
ted one. In this 
ase the Z-bu�er te
hnique, des
ribedin se
tion 5.2.2.3, 
annot be used to extra
t silhouette sin
e not only the postureavatar is in the virtual s
ene but also the 
ontextual obje
ts. A simple 
olorsegmentation 
an be envisaged to solve this problem by 
oloring the 
ontextualobje
ts with the ba
kground 
olor. An example of an o

luded silhouette is givenin �gure 8.1.
Figure 8.1: The obje
ts of the s
ene are displayed in the virtual s
ene together with the observedperson. These obje
ts are 
olored in blue to make a simple 
olor segmentation and to obtain ano

luded silhouette.Deformation with the virtual 
ameraDuring this work, some tests were a
hieved with images a
quired with a CMOSsensor equipped with an obje
tive with a large �eld of view (�gure 8.2). Usingsu
h sensor implies geometri
al deformations of the image. The virtual 
ameramodel 
an be improved to take into a

ount the deformations of the real 
amera



8.3 Future Works 129in order to obtain deformed silhouettes of the 3D posture avatars. The deformedsilhouettes will then be dire
tly 
ompared with the silhouette of the dete
tedperson. The linear model used in the 
alibration approa
h is not valid for thiskind of image and another method of 
alibration must be used to handle thesedeformations.

Figure 8.2: Deformations on the image due to an obje
tive with a large �eld of view.8.3.2 Long-Term Perspe
tivesDynami
 body primitive adaptabilityDuring this work, the 3D model is automati
ally adapted to the studied personby only 
onsidering her/his height. More information about the person 
an be
omputed to initialise her/his 3D posture avatar. This information 
an either bethe 
orpulen
e or the 
lothes worn by the person for instan
e. It would generatemore a

urate silhouettes and thereafter improve the re
ognition performan
e ofour approa
h. Information about the 
orpulen
e 
an be handled by the proposed3D posture avatar. A solution, for integrating information about the 
lothes isto have several 3D body primitives asso
iated to di�erent types of 
lothes. This
an be simply a
hieved by de�ning body primitives whi
h represents the di�erentbody parts for a given 
loth. For instan
e, a body primitive 
an be designed todisplay a head with a hat. The proposed 3D engine displaying the 3D postureavatars would display a more 
omplex head in terms of geometry.3D posture avatar variability or gesture re
ognitionThe proposed approa
h is based on prede�ned stati
 3D posture avatars and 
anindu
e wrong re
ognition with intermediate postures as observed in se
tion 6.3.3.When a 3D posture avatar is re
ognised, the parameters of the 3D posture
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lusionavatar 
an be varied to better mat
h the silhouette of the dete
ted person.This variability may be driven by the type of the re
ognised posture. Thisimprovement would allow the re
ognition of gesture. A thesis based on thesubje
t �gesture re
ognition� has begun in the ORION team.Another point 
on
erning gesture re
ognition is the generation of syntheti
 data.As seen in se
tion 6.3.1, syntheti
 data 
an be used to easily evaluate a posturere
ognition algorithm. The analogy 
an be done with the gesture re
ognitionalgorithms. An improvement must be done dire
tly with the representation of therotation parameters of the 3D posture avatar. Indeed, the representation is basedon the Euler angles whi
h is not adapted to animation purposes. Quaternion
ould be used to represent rotations, as des
ribed in appendix C to avoid thisproblem.2D silhouette representation 
hoi
eThe 2D silhouette representation is dependent on the quality of the silhouette.We have shown that the horizontal and verti
al proje
tions representation givesthe best results for di�erent types of segmentation in se
tion 6.4. An interestingtask is the ability to automati
ally evaluate the quality of the silhouette in orderto 
hoose the most appropriate 2D silhouette representation.Pro
essing time improvementThe main limitation of the proposed approa
h is the time pro
essing of the 3Dposture avatar silhouette generation. One way to de
rease this time is to 
omputeless generated silhouettes. An automata 
an be used to represent the authorisedposture transitions. The re
ognition of the posture of the dete
ted person shouldbe used as an information to guide in the next frames whi
h 3D posture avatar to
onsider. The set of postures of interest should be adapted automati
ally by only
onsidering the authorised postures. This 
ue should redu
e the pro
essing time.Moreover, information on the orientation of the person 
ould be used to onlygenerate 3D posture avatar silhouettes for the 
orre
t orientation. An approa
hdes
ribes in [Zuniga et al., 2006℄ proposes to 
lassify obje
t by determining 3Dparallelepiped whi
h 
ontains this obje
t. In parti
ular, the orientation of theparallelepiped is given and 
an be used as an approximation of the orientation ofthe person.Hierar
hi
al segmentationThe proposed human posture re
ognition is based on the study of the dete
tedbinary silhouette. An improvement 
an be done by not only 
onsidering oneregion but a set of region. By using a hierar
hi
al segmentation, di�erent regions
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an be 
onsidered inside the silhouette and help to lo
alise the di�erent bodyparts in order to initialise the 3D posture avatar.Segmentation ImprovementThe re
ognised posture should be used to ameliorate the segmentation task byhelping as feedba
k the parametrisation of the segmentation algorithm. There
ognised silhouette 
ould determine whi
h body parts are missing or whi
hpixels do not 
orrespond to the dete
ted person are in the segmented image.
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Appendix AHuman Posture Re
ognitionImplementationIn this appendix, details are given on the di�erent implementation made duringthis thesis. First, the video understanding platform developed within the ORIONteam is des
ribed. Then, the implementation of the 3D posture avatar is pre-sented, in parti
ular how using the Mesa library to make this task. The virtual
amera implementation is also given. Finally, a prototype using the proposedhuman posture re
ognition approa
h is presented.A.1 Video Understanding PlatformThis se
tion des
ribes the video understanding platform developed within theORION team. The des
ription of the global model of general framework forautomati
 video understanding, VSIP (Video Surveillan
e Intelligent Platform)
an be found in [Bremond, 1997℄ and a more te
hni
al des
ription 
an be foundin [Avanzi et al., 2005℄. VSIP has been su

essfully tested for several appli
ations:
• During two European proje
ts PASSWORDS and ADVISOR, the VSIPplatform has been used to re
ognise some s
enarios as �ghting or blo
kingsituation in metro surveillan
e ( [Cupillard et al., 2002℄),
• During the Fren
h proje
t CASSIOPEE the platform has been used to mon-itor bank agen
ies ( [Georis et al., 2006℄),
• During the Fren
h proje
t SAMSIT, the platform has been used to re
ognises
enarios of vandalism in train ( [Vu et al., 2006℄),
• During the European proje
t AVITRACK, VSIP has been used to monitora
tivities on an airport apron [Borg et al., 2006℄.The software ar
hite
ture of VSIP is des
ribed in [Avanzi et al., 2005℄. VSIP is
omposed of three tasks (
f. �gure A.1):
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ognition Implementation
• Dete
tion and 
lassi�
ation of physi
al obje
ts of interest.The task of dete
tion and 
lassi�
ation of physi
al obje
ts of interest isto provide a list of labeled physi
al obje
ts. Several steps are ne
essaryto a
hieve this task. First, the input images, either in 
olour or in bla
kand white mode are a
quired from one or several 
ameras. The referen
eimage is then generated a

ording to one of the following methods: thereferen
e image 
an either be the �rst 
aptured image, a given image or animage averaged from several frames. The segmentation algorithm dete
tsthe moving regions by subtra
ting the 
urrent image from the referen
eimage. The di�eren
e image is thresholded with several 
riteria based onpixel intensity. The moving regions, also 
alled blobs, are then de�ned byasso
iating a set of 2D features like density or position. The 
lassi�
ationalgorithm pro
esses the blobs and provides the list of labeled physi
alobje
ts of interest using 2D geometri
al features and 3D dimensions. Amerge and split algorithm is applied on the blobs to obtain a more reliablelist of physi
al obje
ts 
orresponding to the model of expe
ted obje
ts (e.g.vehi
le, person). A set of 3D features su
h as 3D position, width and heightare then 
omputed for ea
h of blob. The asso
iation of a blob and the 
or-responding set of 3D features are 
alled mobile obje
t. The mobile obje
tsare 
lassi�ed by using probabilisti
 distribution of the 3D features intoprede�ned 
lasses (e.g. vehi
le, person). The referen
e image is updatedby dis
riminating the real mobile obje
ts from the regions of 
hange in the
urrent image 
ompared with the referen
e image [Tornieri et al., 2002℄.
• Spatio temporal analysis.The list of physi
al obje
ts of interest is then pro
essed by spatio-temporalanalysis. A graph 
ontaining the dete
ted mobile obje
ts and a set of linksbetween obje
t dete
ted at time t and t−1 is obtained using frame to frame
omparison. In 
ases where several 
ameras are used, with overlapping�elds of view, the mobile obje
ts are fused to obtain a unique representationof the mobile obje
ts observed by the di�erent 
ameras. The 3D featuresof the fused mobile obje
ts are 
al
ulated from the previously 
omputedfeatures. Long term tra
kers 
an be used to add robustness to the tra
kingresults. A long term tra
k mainly 
onsists in: (a) 
omputing a set of pathsrepresenting the possible traje
tories of the physi
al obje
ts of interest(e.g. vehi
le, person), (b) tra
king the obje
ts with a prede�ned delay Tto 
ompare the evolution of the di�erent paths, (
) 
hoosing at ea
h framethe best path to update the obje
t 
hara
teristi
s [Avanzi et al., 2001℄.
• Behaviour analysis.Finally, the tra
ked physi
al obje
ts of interest are given to the event de-te
tion module. Depending on the type of s
enarios to re
ognise, di�erentevent re
ognition algorithms 
an be used:



A.1 Video Understanding Platform 135� Bayesian network 
an be used to deal with event un
er-tainty [Moenne-Lo
oz et al., 2003℄,� AND/OR trees 
an be used to deal with s
enarios with a large varietyof visual invariants (�ghting) [Cupillard et al., 2002℄,� for events with multiple physi
al obje
ts involved in 
omplex rela-tionships, the re
ognition algorithm is based on a 
onstraint net-work [Vu et al., 2003℄.We 
all a
tion, a simple and short event in time whereas event is a set ofa
tion. Information about the 
ontext is ne
essary to re
ognise event.

Figure A.1: The VSIP framework: (a) the 
ontextual knowledge base provides informationabout the 
ontext to the di�erent tasks of VSIP, (b) the physi
al obje
ts of interest are dete
tedand 
lassi�ed into prede�ned 
lasses, (
) the obje
ts are then tra
ked using spatio temporalanalysis. (d) Finally, depending on the behaviour to be analysed, di�erent methods are used toidentify them.Ea
h of these tasks uses information provided by the 
ontextual knowledgebase. The 
ontextual knowledge base 
ontains information about the 
ontext ofthe s
ene:
• The position of the 
ontextual obje
ts (furniture su
h as 
hair or desk).
• The lo
alisation of the zones of interest (forbidden zone, safe zone, et
...).
• The 
hara
teristi
s of the 
amera (the 
alibration matrix and the positionof the 
amera).
• The semanti
 asso
iated to ea
h 
ontextual obje
t to be used in parti
ularby behaviour analysis to infer high level s
enario.



136 Human Posture Re
ognition ImplementationThe goal of this work has been to design a 
omponent whi
h 
an be integratedin any video understanding system su
h as VSIP. This 
omponent aims at help-ing the behaviour analysis task in order to re�ne the analysed behaviour. This
omponent follows the spatio temporal analysis task in the treatment 
hain (�g-ure A.2). Indeed, the �ltering posture task needs information about the previouspostures of the re
ognised person. This information is given by the tra
king task.The �ltered postures are then provided to the behaviour analysis task.

Figure A.2: The posture re
ognition task uses information provided by the spatio temporalanalysis of dete
ted person (
). The �ltered postures are then provided to the behaviour analysistask (d).



A.2 3D Posture Avatar Implementation 137A.2 3D Posture Avatar ImplementationAs seen in 
hapter 4, the 3D posture avatar implementation has been madewith the Mesa Library [Mesa, 2006℄. Mesa is a 3D graphi
s library with anAPI (Appli
ation Programming Interfa
e) whi
h is very similar to OpenGL li-brary [OpenGL, 2006℄. We used Mesa be
ause it is based on C language and welladapted to real time tasks.Mesa handles di�erent matrix sta
k operations to treat the 3D obje
t modelingand displaying. The di�erent matrix sta
ks are asso
iated to ea
h matrix modeswhi
h are:
• GL_MODELVIEW: the matrix asso
iated with the s
ene modeling
• GL_PROJECTION: the matrix whi
h 
hara
terises how the s
ene is visu-alised
• GL_TEXTURE: the matrix asso
iated with the texture.The GL_MODELVIEW is the mode de�ning how the di�erent body parts arepositioned in the 3D spa
e.Animation of an arti
ulated obje
t requires the handling of matrix to representrotation and translation. Mesa library provides useful fun
tionalities to a
hievethis task. The two main Mesa fun
tions that move an obje
t are glTranslatef andglRotatef. When glTranslatef (respe
tively glRotatef ) is 
alled, the �rst matrixof the 
urrent matrix sta
k is modi�ed to take into a

ount the translation (resp.rotation). So, when an obje
t is drawn after a 
all of glTranslatef (resp. glRo-tatef ), the drawing take into a

ount this translation (resp. rotation).By keeping the notation of 
hapter 4, the di�erent transformation matri
es are
omputed with:

MX(α) = glRotatef(α, 1.0, 0.0, 0.0); (A.1)
MY (β) = glRotatef(β, 0.0, 1.0, 0.0); (A.2)
MZ(γ) = glRotatef(γ, 0.0, 0.0, 1.0); (A.3)

MT ([x, y, z]T ) = glTranslatef(x, y, z); (A.4)
MS([Sx, Sy, Sz]

T ) = glScalef(Sx, Sy, Sz); (A.5)There are two very useful fun
tions to manage the matrix sta
k glPushMatrixand glPopMatrix. The glPushMatrix fun
tion pushes the 
urrent matrix by one,dupli
ating the 
urrent matrix. After a glPushMatrix 
all, the matrix on the topof the sta
k is identi
al to the one below it. The glPopMatrix fun
tion pops the
urrent matrix sta
k, repla
ing the 
urrent matrix with the one below it on thesta
k.We propose an algorithm to animate 3D human body model using the Mesalibrary. The algorithm must be able to deal with the human body 
onstraints.For example, when the left thigh moves, the left shin and the left foot must follow



138 Human Posture Re
ognition Implementationthis movement. This is done by using the glPushMatrix before the drawing ofea
h leg parts.Another important point is the rotation of the di�erent body parts. The rotationmust be done in the body part referential. To rotate the body primitive asso
iatedto the joint, �rst the body primitive is translated to the origin by using the defaultposition information. Then the rotation is done. Finally the inverse translationis made to repla
e 
orre
tly the body primitive. The 
ode that animates our3D human model is des
ribed in algorithm 8. In OpenGL, the transformationmatri
es should be given in the opposite order than they should be applied.



A.2 3D Posture Avatar Implementation 139Algorithm 8 drawWholeBody()glTranslatef(this->hips.pos[0℄,this->hips.pos[1℄,this->hips.pos[2℄);glPushMatrix();glS
alef(2.5*s
ale,2.5*s
ale,2.5*s
ale);glTranslatef(this->hips.default_pos[0℄,this->hips.default_pos[1℄,this->hips.default_pos[2℄);glRotatef(this->hips.rot[0℄,1.0f,0.0f,0.0f);glRotatef(this->hips.rot[1℄,0.0f,1.0f,0.0f);glRotatef(this->hips.rot[2℄,0.0f,0.0f,1.0f);drawHip();glTranslatef(-this->hips.default_pos[0℄,-this->hips.default_pos[1℄,-this->hips.default_pos[2℄);glPushMatrix(); glTranslatef(this->abdomen.default_pos[0℄,this->abdomen.default_pos[1℄,this->abdomen.default_pos[2℄);glRotatef(this->abdomen.rot[0℄,1.0f,0.0f,0.0f);glRotatef(this->abdomen.rot[1℄,0.0f,1.0f,0.0f);glRotatef(this->abdomen.rot[2℄,0.0f,0.0f,1.0f);drawAbdomen(); glTranslatef(-this->abdomen.default_pos[0℄,-this->abdomen.default_pos[1℄,-this->abdomen.default_pos[2℄);drawhair();drawHead();drawNe
k();drawChest();drawRight_Collar();drawLeft_Collar();glPushMatrix();drawRightArm();glPopMatrix();glPushMatrix();drawLeftArm(); {des
ribed in algorithm 10}glPopMatrix();glPopMatrix();glPushMatrix();drawRightLeg();glPopMatrix();glPushMatrix();drawLeftLeg();{des
ribed in algorithm 9}glPopMatrix();glPopMatrix();
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ognition ImplementationAlgorithm 9 drawLeftLeg(M)glTranslatef(this->left_hip.default_pos[0℄,this->left_hip.default_pos[1℄,this->left_hip.default_pos[2℄);glRotatef(this->left_hip.rot[0℄,1.0f,0.0f,0.0f);glRotatef(this->left_hip.rot[2℄,0.0f,0.0f,1.0f);drawLeft_Thigh();glTranslatef(-this->left_hip.default_pos[0℄,-this->left_hip.default_pos[1℄,-this->left_hip.default_pos[2℄);glPushMatrix(); glTranslatef(this->left_knee.default_pos[0℄,this->left_knee.default_pos[1℄,this->left_knee.default_pos[2℄);glRotatef(this->left_knee.rot[0℄,1.0f,0.0f,0.0f);drawLeft_Shin(); glTranslatef(-this->left_knee.default_pos[0℄,-this->left_knee.default_pos[1℄,-this->left_knee.default_pos[2℄);drawLeft_Foot();glPopMatrix();
Algorithm 10 drawLeftArm(M)glTranslatef(this->left_shoulder.default_pos[0℄,this->left_shoulder.default_pos[1℄,this->left_shoulder.default_pos[2℄);glRotatef(this->left_shoulder.rot[0℄,1.0f,0.0f,0.0f);glRotatef(this->left_shoulder.rot[1℄,0.0f,1.0f,0.0f);glRotatef(this->left_shoulder.rot[2℄,0.0f,0.0f,1.0f);drawLeft_Shoulder(); glTranslatef(-this->left_shoulder.default_pos[0℄,-this->left_shoulder.default_pos[1℄,-this->left_shoulder.default_pos[2℄);glPushMatrix(); glTranslatef(this->left_elbow.default_pos[0℄,this->left_elbow.default_pos[1℄,this->left_elbow.default_pos[2℄);glRotatef(this->left_elbow.rot[0℄,1.0f,0.0f,0.0f);glRotatef(this->left_elbow.rot[1℄,0.0f,1.0f,0.0f);glRotatef(this->left_elbow.rot[2℄,0.0f,0.0f,1.0f);drawLeft_Forearm(); glTranslatef(-this->left_elbow.default_pos[0℄,-this->left_elbow.default_pos[1℄,-this->left_elbow.default_pos[2℄);drawLeft_Hand();glPopMatrix();



A.3 Virtual Camera Implementation 141A.3 Virtual Camera ImplementationAs des
ribed in 
hapter 5, a virtual 
amera is designed by 
omputing two trans-formation matri
es:
• the 
amera transformation: MCT

• the perspe
tive transformation: MPTThe Glu library (OpenGL Utility library) provides two useful fun
tion to 
om-pute these two matri
es: gluPerspective and gluLookAt.By keeping the notations of 
hapter 5, the both transformation matri
es are 
om-puted as:
MCT = gluLookAt(eye[0], eye[1], eye[2], center[0], center[1], center[2], up[0], up[1], up[2]);

MPT = gluPerspective(fovy, aspect, znear, zfar);As seen previously in OpenGL, transformations are 
omputed by 
onsideringthe last given operation. Moreover the matri
es should be asso
iated to the 
orre
tmatrix sta
k of the Mesa library. The perspe
tive transformation is asso
iatedto the GL_PROJECTION matrix sta
k whereas the 
amera transformationis asso
iated to the GL_MODELV IEW sta
k. The virtual 
amera is theninitialised with the algorithm 11.Algorithm 11 initialiseV irtualCamera()glMatrixMode(GL_PROJECTION);glLoadIdentity();gluPerspe
tive(fovy,aspe
t,znear,zfar);glMatrixMode(GL_MODELVIEW);glLoadIdentity();gluLookAt(eye[0℄,eye[1℄,eye[2℄,
enter[0℄,
enter[1℄,
enter[2℄,up[0℄,up[1℄,up[2℄);



142 Human Posture Re
ognition ImplementationA.4 Prototype ImplementationThis thesis work is leaded in 
ooperation with STMi
roele
troni
s Rousset underPS26/27 proje
t. This proje
t aims to propose a smart environment based onintelligent 
ameras. Three partners are involved in the proje
t for di�erent tasks:
• STMi
roele
troni
s: a spe
ialist in image sensor (CMOS sensor)
• CMM: segmentation task
• INRIA: human posture re
ognition taskDuring this work, we have implemented a prototype to demonstrate the resultsand to integrate the algorithms of the di�erent partners. The prototype has beende�ned as a graphi
 user interfa
e (GUI) 
omposed of three parts as shown in�gure A.3:
• the segmentation parts is 
omposed of the 
urrent image and the binary im-age, and of di�erent displaying: bounding box, 
entroid, re
ognised a
tion.
• the detailed posture re
ognition part: an image representing the dete
teddetailed posture is highlighted in green,
• the general posture re
ognition part: a green 
urve representing the re
og-nised general postures in time and a red 
urve representing the �lteredgeneral postures in time.Moreover a menu �le allows to load the image sequen
e and the asso
iated pa-rameters des
ribed below.A tool bar is also implemented to easily navigate in the sequen
e with the 
lassi
albutton:
• play button: laun
h the posture re
ognition
• pause button: pause the posture re
ognition
• stop button: re-initialise the posture re
ognition.The prototype has been implemented in QT be
ause of its portability underLinux and Windows and its C++ like.Di�erent parameters are needed to make operational the prototype:
• the repository of the image sequen
e to treat,
• the referen
e image,
• the perspe
tive matrix,
• the virtual 
amera,
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Figure A.3: The prototype shows the results obtained with the proposed human posture re
og-nition algorithm.
• the di�erent posture parameters, in parti
ular the rotation step.When the posture re
ognition is laun
hing, �rst the segmentation task ismade. One of the segmentation algorithm is applied to obtain a binary image.The obje
t of interest are then determined by a 
onnexity analysis. Then theseobje
ts are 
lassi�ed to determine the di�erent people evolving in the s
ene. Forthe studied video sequen
e, the 
lassi�
ation is just based on the quantity ofpixel of the dete
ted obje
ts, sin
e in the s
ene only people move.The human posture re
ognition approa
h is then applied to ea
h dete
ted per-son. A

ording to the re
ognition, the detailed and generated posture re
ognitionparts are updated.
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ognition ImplementationFinally, the a
tions are determined by using the �ltered postures and the resultsis displaying on the image.



Appendix BComplete set of 
onfusionmatri
esIn this appendix, all the 
onfusion matri
es obtained with syntheti
 data are givenfor the horizontal and verti
al proje
tions representation. The re
ognition is madefor the optimal rotation step of 36 degrees. In the following tables the numberrepresents the type of the detailed postures of interest:
• 0: standing with left arm up
• 1: standing with right arm up
• 2: standing with arms near the body
• 3: T-shape posture
• 4: sitting on a 
hair
• 5: sitting on the �oor
• 6: bending
• 7: lying with spread legs
• 8: lying with 
urled up legs on right side
• 9: lying with 
urled up legs on left sideThe table B.1 gives the 
onfusion matrix for all the viewpoints and the 19 tables( B.2- B.20) give the 
onfusion matri
es for ea
h viewpoint. The ith point ofview 
orresponds to a 
amera lo
alised at βc = i ∗ 5 degrees. The rows of amatrix 
orrespond to the re
ognised postures and the 
olumns 
orrespond to theground-truth ones. These tables may be used to de�ne ambiguous postures anda re
ognition likelihood a

ording to the viewpoint.



146 Complete set of 
onfusion matri
es
0 1 2 3 4 5 6 7 8 90 3862 1265 23 523 6 0 37 103 245 1001 1367 3961 771 711 94 0 56 138 45 2562 746 724 5917 703 236 215 21 6 0 153 421 470 0 4068 228 21 0 55 0 04 146 133 19 0 4969 1266 157 206 127 1555 45 61 4 0 1238 5206 801 197 199 2516 78 69 106 0 14 0 5639 360 94 897 40 54 0 835 36 42 77 4710 474 2258 88 60 0 0 7 54 31 488 4042 19969 47 43 0 0 12 36 21 577 1614 3754Table B.1: Confusion matrix for detailed postures re
ognition for H. & V. proje
tions for syn-theti
 data.

0 1 2 3 4 5 6 7 8 90 185 49 18 42 0 0 0 0 0 01 113 249 48 60 0 0 0 0 0 02 27 33 294 53 0 0 0 0 0 03 35 29 0 205 0 0 0 0 0 04 0 0 0 0 338 2 0 0 0 05 0 0 0 0 22 357 37 0 0 06 0 0 0 0 0 0 323 9 0 07 0 0 0 0 0 0 0 283 23 08 0 0 0 0 0 1 0 18 284 1219 0 0 0 0 0 0 0 50 53 239Table B.2: Confusion matrix for detailed postures re
ognition for H. & V. proje
tions for syn-theti
 data a

ording to the 0th point of view.
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0 1 2 3 4 5 6 7 8 90 169 94 5 40 0 0 0 0 0 01 125 224 55 69 0 0 0 0 0 02 32 14 300 50 0 0 0 0 0 03 34 28 0 201 8 0 0 0 0 04 0 0 0 0 332 0 0 0 0 05 0 0 0 0 20 360 44 0 0 06 0 0 0 0 0 0 316 11 0 07 0 0 0 0 0 0 0 291 33 28 0 0 0 0 0 0 0 40 275 1129 0 0 0 0 0 0 0 18 52 246Table B.3: Confusion matrix for detailed postures re
ognition for H. & V. proje
tions for syn-theti
 data a

ording to the 1th point of view.
0 1 2 3 4 5 6 7 8 90 170 115 0 49 0 0 0 0 0 01 112 187 72 67 0 0 0 0 0 02 41 36 288 53 0 0 0 0 0 03 37 22 0 191 18 0 0 0 0 04 0 0 0 0 319 0 0 0 0 05 0 0 0 0 23 360 48 0 0 06 0 0 0 0 0 0 312 10 0 07 0 0 0 0 0 0 0 278 28 98 0 0 0 0 0 0 0 39 271 959 0 0 0 0 0 0 0 33 61 256Table B.4: Confusion matrix for detailed postures re
ognition for H. & V. proje
tions for syn-theti
 data a

ording to the 2th point of view.



148 Complete set of 
onfusion matri
es
0 1 2 3 4 5 6 7 8 90 136 65 0 52 0 0 0 0 0 01 139 185 60 57 0 0 0 0 0 02 42 75 300 47 3 0 0 0 0 03 43 35 0 204 23 0 0 0 0 04 0 0 0 0 304 3 0 0 0 05 0 0 0 0 30 325 51 0 0 06 0 0 0 0 0 0 309 12 0 07 0 0 0 0 0 32 0 272 41 208 0 0 0 0 0 0 0 41 231 899 0 0 0 0 0 0 0 35 88 251Table B.5: Confusion matrix for detailed postures re
ognition for H. & V. proje
tions for syn-theti
 data a

ording to the 3th point of view.
0 1 2 3 4 5 6 7 8 90 220 63 0 40 0 0 0 0 0 01 68 215 55 54 6 0 0 0 0 02 21 42 305 45 5 0 0 0 0 03 51 40 0 221 20 0 0 0 0 04 0 0 0 0 257 15 0 0 0 05 0 0 0 0 36 335 53 31 0 06 0 0 0 0 0 0 304 14 0 07 0 0 0 0 36 10 0 271 38 258 0 0 0 0 0 0 0 16 238 869 0 0 0 0 0 0 3 28 84 249Table B.6: Confusion matrix for detailed postures re
ognition for H. & V. proje
tions for syn-theti
 data a

ording to the 4th point of view.
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0 1 2 3 4 5 6 7 8 90 210 58 0 44 0 0 0 0 0 01 65 208 77 59 9 0 0 0 0 02 41 46 283 52 8 0 0 0 0 03 44 47 0 205 15 0 0 0 0 04 0 1 0 0 295 67 0 29 0 05 0 0 0 0 33 284 46 23 2 16 0 0 0 0 0 0 309 16 0 07 0 0 0 0 0 0 0 267 35 268 0 0 0 0 0 0 0 5 247 949 0 0 0 0 0 9 5 20 76 239Table B.7: Confusion matrix for detailed postures re
ognition for H. & V. proje
tions for syn-theti
 data a

ording to the 5th point of view.
0 1 2 3 4 5 6 7 8 90 229 40 0 46 2 0 0 0 0 01 63 230 67 59 11 0 0 0 0 02 27 37 293 48 9 0 0 0 0 03 39 52 0 207 13 0 0 0 0 04 2 1 0 0 288 79 5 25 0 05 0 0 0 0 29 276 34 40 19 266 0 0 0 0 0 0 309 12 0 07 0 0 0 0 0 0 0 248 27 158 0 0 0 0 4 0 5 16 230 1059 0 0 0 0 4 5 7 19 84 214Table B.8: Confusion matrix for detailed postures re
ognition for H. & V. proje
tions for syn-theti
 data a

ording to the 6th point of view.



150 Complete set of 
onfusion matri
es
0 1 2 3 4 5 6 7 8 90 216 48 0 44 2 0 0 0 0 01 55 214 72 59 12 0 0 0 0 02 56 41 288 40 10 0 0 0 0 03 32 55 0 217 14 0 0 0 0 04 1 2 0 0 279 76 9 7 1 95 0 0 0 0 35 275 40 51 25 336 0 0 0 0 0 0 297 15 0 37 0 0 0 0 0 0 0 245 20 128 0 0 0 0 0 4 8 21 225 1009 0 0 0 0 8 5 6 21 89 203Table B.9: Confusion matrix for detailed postures re
ognition for H. & V. proje
tions for syn-theti
 data a

ording to the 7th point of view.
0 1 2 3 4 5 6 7 8 90 219 31 0 31 2 0 0 0 0 01 49 218 74 61 3 0 0 0 0 02 58 58 286 47 26 0 0 0 0 03 31 51 0 221 8 0 0 0 0 04 3 2 0 0 275 65 11 27 7 75 0 0 0 0 46 274 44 28 35 426 0 0 0 0 0 0 305 12 1 87 0 0 0 0 0 0 0 239 28 28 0 0 0 0 0 15 0 26 194 1019 0 0 0 0 0 6 0 28 95 200Table B.10: Confusion matrix for detailed postures re
ognition for H. & V. proje
tions forsyntheti
 data a

ording to the 8th point of view.
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0 1 2 3 4 5 6 7 8 90 208 45 0 33 0 0 0 0 0 01 44 221 13 49 6 0 0 0 0 02 79 52 338 37 29 0 0 0 0 03 26 39 0 240 7 0 0 1 0 04 1 3 0 0 256 45 16 33 6 105 0 0 0 0 62 277 35 20 40 496 2 0 9 0 0 0 307 16 8 87 0 0 0 1 0 0 2 231 35 98 0 0 0 0 0 27 0 33 180 929 0 0 0 0 0 11 0 26 91 192Table B.11: Confusion matrix for detailed postures re
ognition for H. & V. proje
tions forsyntheti
 data a

ording to the 9th point of view.
0 1 2 3 4 5 6 7 8 90 219 51 0 36 0 0 0 10 0 01 33 234 11 42 6 0 1 1 0 02 77 36 309 41 29 0 3 1 0 03 20 34 0 241 8 0 0 0 0 04 3 4 0 0 280 75 20 33 29 295 0 0 0 0 35 278 39 4 23 386 8 1 40 0 0 0 292 20 8 57 0 0 0 0 0 0 5 232 32 68 0 0 0 0 2 7 0 35 178 1019 0 0 0 0 0 0 0 24 90 181Table B.12: Confusion matrix for detailed postures re
ognition for H. & V. proje
tions forsyntheti
 data a

ording to the 10th point of view.



152 Complete set of 
onfusion matri
es
0 1 2 3 4 5 6 7 8 90 229 64 0 36 0 0 0 14 0 21 58 242 22 21 3 0 15 15 0 02 51 23 281 33 32 0 9 3 0 03 6 14 0 243 7 0 0 0 0 04 2 5 0 0 279 77 25 25 29 405 0 0 0 0 38 283 42 0 14 186 13 11 57 0 0 0 246 18 10 97 0 1 0 27 0 0 23 229 10 58 0 0 0 0 1 0 0 24 197 969 1 0 0 0 0 0 0 32 100 190Table B.13: Confusion matrix for detailed postures re
ognition for H. & V. proje
tions forsyntheti
 data a

ording to the 11th point of view.
0 1 2 3 4 5 6 7 8 90 227 62 0 27 0 0 0 18 0 61 60 203 28 25 0 0 16 22 1 02 42 66 332 35 34 0 5 2 0 53 0 2 0 236 8 0 0 0 0 04 10 17 0 0 295 81 21 18 29 315 0 0 0 0 23 279 49 0 15 166 10 3 0 0 0 0 249 21 7 127 7 0 0 37 0 0 20 220 13 108 0 0 0 0 0 0 0 24 198 1029 4 7 0 0 0 0 0 35 97 178Table B.14: Confusion matrix for detailed postures re
ognition for H. & V. proje
tions forsyntheti
 data a

ording to the 12th point of view.
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0 1 2 3 4 5 6 7 8 90 209 68 0 3 0 0 0 18 4 51 46 180 21 14 0 0 22 23 3 152 48 58 339 37 34 0 4 0 0 03 3 4 0 222 11 0 0 0 0 04 23 23 0 0 258 126 7 9 17 165 0 0 0 0 57 234 48 0 6 126 7 8 0 0 0 0 257 25 8 87 11 2 0 84 0 0 22 224 22 118 9 5 0 0 0 0 0 25 203 1249 4 12 0 0 0 0 0 36 97 169Table B.15: Confusion matrix for detailed postures re
ognition for H. & V. proje
tions forsyntheti
 data a

ording to the 13th point of view.
0 1 2 3 4 5 6 7 8 90 203 69 0 0 0 0 0 14 26 41 51 197 25 8 21 0 2 23 3 352 41 59 335 25 16 28 0 0 0 63 1 0 0 201 8 0 0 1 0 04 25 9 0 0 248 72 25 0 5 15 0 0 0 0 67 260 30 0 9 86 12 10 0 0 0 0 298 28 8 57 10 13 0 126 0 0 5 234 15 148 12 0 0 0 0 0 0 25 203 1279 5 3 0 0 0 0 0 35 91 160Table B.16: Confusion matrix for detailed postures re
ognition for H. & V. proje
tions forsyntheti
 data a

ording to the 14th point of view.



154 Complete set of 
onfusion matri
es
0 1 2 3 4 5 6 7 8 90 204 82 0 0 0 0 0 11 45 91 60 189 18 5 13 0 0 25 3 352 24 24 340 15 0 62 0 0 0 43 4 5 0 201 9 0 0 5 0 04 22 18 0 0 179 75 17 0 2 35 4 8 2 0 154 223 32 0 8 66 15 15 0 0 5 0 311 31 7 67 10 15 0 139 0 0 0 234 18 158 10 4 0 0 0 0 0 26 197 1199 7 0 0 0 0 0 0 28 80 163Table B.17: Confusion matrix for detailed postures re
ognition for H. & V. proje
tions forsyntheti
 data a

ording to the 15th point of view.
0 1 2 3 4 5 6 7 8 90 203 86 0 0 0 0 14 7 57 191 79 193 0 2 4 0 0 20 7 502 15 13 339 16 1 58 0 0 0 03 5 7 0 199 16 0 0 14 0 04 15 11 19 0 183 85 1 0 2 55 9 9 2 0 151 217 39 0 2 26 10 18 0 0 5 0 296 32 12 77 2 9 0 143 0 0 0 231 16 118 7 13 0 0 0 0 10 21 177 1119 15 1 0 0 0 0 0 35 87 155Table B.18: Confusion matrix for detailed postures re
ognition for H. & V. proje
tions forsyntheti
 data a

ording to the 16th point of view.



1550 1 2 3 4 5 6 7 8 90 200 80 0 0 0 0 11 6 51 291 79 182 37 0 0 0 0 9 20 542 9 4 323 17 0 34 0 0 0 03 4 6 0 206 18 1 0 15 0 04 21 27 0 0 159 164 0 0 0 45 17 18 0 0 179 161 44 0 1 06 1 3 0 0 4 0 300 28 14 87 0 8 0 137 0 0 0 242 19 168 22 22 0 0 0 0 5 24 166 1059 7 10 0 0 0 0 0 36 89 144Table B.19: Confusion matrix for detailed postures re
ognition for H. & V. proje
tions forsyntheti
 data a

ording to the 17th point of view.0 1 2 3 4 5 6 7 8 90 206 95 0 0 0 0 12 5 62 261 68 190 16 0 0 0 0 0 8 672 15 7 344 12 0 33 0 0 0 03 6 0 0 207 17 20 0 19 0 04 18 10 0 0 145 159 0 0 0 05 15 26 0 0 198 148 46 0 0 06 0 0 0 0 0 0 299 30 11 107 0 6 0 141 0 0 0 239 21 178 28 16 0 0 0 0 3 29 148 1169 4 10 0 0 0 0 0 38 110 125Table B.20: Confusion matrix for detailed postures re
ognition for H. & V. proje
tions forsyntheti
 data a

ording to the 18th point of view.
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Appendix CQuaternionIn this se
tion a dis
ussion is given on the di�erent rotation representations andin parti
ular about the quaternion representation.There exist three usual rotation representations:
• Euler representation,
• axis representation,
• and quaternion representation.As seen in 
hapter 4, the joints parameters are the three angles asso
iated toea
h arti
ulation of the 3D human body. This representation is su�
ient in the�eld of this work to represent the di�erent postures of interest but shows itslimitation for animation purpose. The next step in the generation of syntheti
data is the animation of the 3D human body model to a
quire realisti
 gesture.The quaternion is well adapted for this purpose.In the next se
tion, the di�erent rotation representations are des
ribed and inparti
ular the way to transform ea
h representation in quaternion one.Euler representationA rotation is represented by three angles a

ording to ea
h axis. These angles are
lassi
ally named pit
h, roll and yaw. The rotation is obtained by multiplyingthe three rotation matrix asso
iated to ea
h angle in an arbitrary order. As seenpreviously in (se
tion 4.1), this representation has di�erent drawba
ks:
• non-uni
ity of the representation,
• gimbal lo
k problem,
• non realisti
 rotation.



158 QuaternionAxis representationThis representation avoid the gimbal lo
k problem. It is 
omposed of a unitve
tor whi
h represents the rotation axis and an angle. The main drawba
k is theinterpolation between two rotations.Quaternion representationQuaternion is �rst introdu
ed as an extension to 
omplex numbers. It has latterbe used in 
omputer graphi
s to represent the rotations.A quaternion q is de�ned as
q = w + xi + yj + zk = (w, (x, y, z)) = (w, v) (C.1)(C.2)where i, j, k are all square roots of −1 and w, x, y, z are real numbers.A unit quaternion is ne
essary to represent a 3D rotation. A quaternion 
anbe normalised a

ording to its magnitude similarly to Eu
lidean magnitude forve
tor:

q
√

w2 + x2 + y2 + z2
(C.3)(C.4)A unit quaternion 
an be represented as a rotation in a 4-dimensional world,where the (x, y, z) is the rotation axis and w is the angle.The rotation matrix asso
iated to a given quaternion q is given by:

P =





1− 2y2 − 2z2 2xy − 2wz 2xz + 2wy
2xy + 2wz 1− 2x2 − 2z2 2yz − 2wx
2xz − 2wy 2yz + 2wx 1− 2x2 − 2y2



 (C.5)It is not easy to asso
iate a quaternion to a given rotation. Usually, the rotation isrepresented with Euler angles or axis, the the obtained representation is 
onvertedin quaternion. The 
onversion is des
ribed in the next se
tions.Euler angle to quaternionConverting Euler angles to a quaternion is depending on the order of the anglemultipli
ation. We suppose here that the rotation is �rst done a

ording to X-axis
αX , following by Y-axis αY and Z-axis αZ . First the three following quaternionare determined:

QX = cos
a

2
, sin

alphaX

2
, 0, 0 (C.6)

QY = cos
b

2
, 0, sin

alphaY

2
, 0 (C.7)

QZ = cos
c

2
, 0, 0, sin

alphaZ

2
(C.8)(C.9)



159The �nal quaternion is obtained by:
Q = QX ⊲ QY ⊲ QZ (C.10)(C.11)where ⊲ is the quaternion multipli
ation de�ned in equation C.13

Q1 ⊲ Q2 = [w1 ∗ w2 − v1.v2, (w1 ∗ v2 + w2 ∗ v1 + v1 ∧ v2)] (C.12)(C.13)with ∗ is a s
alar multipli
ation, ∧ is a ve
tor 
ross produ
t, and . is the ve
tordot produ
t.Axis angle to quaternionThe 
onversion of an axis representation (θ, ax, ay, az) is given by the equationsbelow:
w = cos

θ

2
(C.14)

x = ax sin
θ

2
(C.15)

y = ay sin
θ

2
(C.16)

z = az sin
θ

2
(C.17)(C.18)Con
lusionQuaternion are well adapted to model interpolation between two orientations andavoid the gimbal lo
k problem. Quaternions support spheri
al linear interpolation(SLERP), whi
h means that points travel along the surfa
e of a sphere as theyare moved from one orientation to the next.
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Appendix EFren
h Introdu
tionLa re
onnaissan
e de posture de personne est un problème di�
ile est ambitieuxdû au grand nombre de 
as possibles. La quantité de posture est dire
tementreliée au degré de liberté du 
orps humain (i.e. les arti
ulations telles que lesépaules ou les genoux). De plus, la morphologie des personnes (la taille ou la
orpulen
e) joue un r�le important dans la per
eption des postures. En�n, lesvêtements peuvent aussi donner une apparen
e di�érente pour la même posture
onsidérée.Les se
tions suivantes dé
rivent les motivations, le 
ontexte et les obje
tifs de
ette thèse en re
onnaissan
e de posture de personne. Ce 
hapitre est 
on
lu parla stru
ture du manus
rit.E.1 MotivationsLa re
onnaissan
e de posture de personne est une partie importante de la 
om-préhension du 
omportement 
ar elle permet d'obtenir des informations pré
isespour la personne étudiée. Le problème de la re
onnaissan
e de posture intervientdans trois prin
ipaux types d'appli
ation:
• Les appli
ations de surveillan
e peuvent être dé�nies 
omme le suivi de uneou plusieurs personnes dans le temps pour analyser leurs 
omportements.La vidéo surveillan
e ou la domotique sont des exemples typiques où lespersonnes sont suivies pour analyser leurs a
tivités.
• Les appli
ations de 
ontr�le utilise l'information de la posture d'une per-sonne 
omme une fon
tion de 
ontr�le. Par exemple, une personne peutinteragir ave
 un ordinateur grâ
e à une interfa
e intelligente (IHM) baséesur les postures.
• Les appli
ations d'analyse né
essitent une information très pré
ise sur laposture. Elles sont typiquement utilisées pour des appli
ations médi
ales(par exemple en orthopédie), pour la surveillan
e ou l'entraînement desportif, ou pour l'animation virtuelle.
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h Introdu
tionDans 
e travail l'appro
he proposée a pour but de re
onnaître la posture de per-sonne pour des appli
ations de surveillan
e et de 
ontr�le. Nous pensons que lesappli
ations d'analyse né
essitent un traitement spé
i�que pour obtenir la pré
i-sion souhaitée dans les mesures des di�érentes parties du 
orps (taille, lo
alisationdans l'espa
e 3D, orientation).Cha
une de 
es trois types d'appli
ations doivent respe
ter 
ertaines propriétés
lassées en trois 
atégories :
• Le nombre de 
ontrainte dont a besoin une appli
ation. Par exemple, une
ontrainte peut être d'avoir une 
améra statique, pas d'o

lusion, les per-sonnes doivent être fa
e à la 
améra, l'é
lairage doit être 
onstant, et
. Lesappli
ations de surveillan
e né
essitent d'avoir moins de 
ontrainte que lesautres appli
ations puisqu'elles né
essitent g«éralement un fon
tionnementautomatique dans des environements variés pour une longue période detemps. Les appli
ations de 
ontr�le et d'analyse ont plus de 
ontraintes
ar elles fon
tionnent généralement pour une 
ourte période de temps dansun espa
e 
ontraint. Par exemple, la personne doit être devant la 
améradans le 
as d'une interfa
e homme ma
hine intelligente.
• La pré
ision peut être mesurée grâ
e à la similarité entre la posture re-
onnue et 
elle de la personne évoluant dans la s
ène. Une grande pré
isionn'est pas né
essaire pour une appli
ation de surveillan
e alors qu'elle estimportante pour des appli
ations d'analyse et de 
ontr�le. En e�et, lesappli
ations d'analyse ont besoin de mesures pré
ises pour les di�érentesparties du 
orps.
• La vitesse d'exé
ution peut être 
lassée en temps réel et hors ligne. Letemps réel est 
ommunement dé�nit 
omme le 
al
ul qui donne le résultatdans un temps �xé. Ce temps est di�érent en fon
tion du but re
her
hépar une appli
ation donnée. Les appli
ations de surveillan
e et de 
ontr�lené
essitent une vitesse d'exé
ution élevée pour pouvoir déte
ter 
ertain 
om-portement à temps. Par exemple, lorsqu'une personne interagit ave
 un or-dinateur, les résultats doivent être immédiats. À l'inverse, les appli
ationsd'analyse peuvent être traitées hors-ligne.E.2 Contexte de l'ÉtudeIl est né
essaire de pla
er le problème de re
onnaissan
e de posture de personnedans la 
haîne du traitement 
omplet de l'interprétation vidéo. Di�érentes étudessur l'interprétation vidéo (aussi appelée analyse de mouvement de personne dansnotre 
as) ont été proposées 
es 20 dernières années :
• Dans [Cedras and Shas, 1995℄, les auteurs présentent une vue d'ensembledes méthodes pour l'extra
tion du mouvement avant 1995. Le mouvementde personne est dé
rit 
omme la suite de re
onnaissan
e d'a
tion, de re
on-naissan
e des parties du 
orps et l'estimation de la 
on�guration du 
orps.
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• Dans [Aggarwal and Cai, 1999℄, le mouvement de personne est interprété
omme la su

ession de trois tâ
hes qui sont les même que 
itées pré
édem-ment dans [Cedras and Shas, 1995℄ mais nommées di�éremment : l'analysede mouvement faisant intervenir les parties du 
orps humain, le suivi depersonne ave
 une ou plusieurs 
améras et la re
onnaissan
e d'a
tivité hu-maine.
• Dans [Gavrila, 1999℄, les auteurs dé
rivent les prin
ipaux travaux en analysedu mouvement de personne avant 1998. Ils dé
rivent di�érentes méthodes
lassées en appro
he 2D ave
 ou sans modèle de forme et les appro
hes 3D.
• Dans [Moeslund and Granum, 2001℄, les auteurs donnent une vued'ensemble sur l'analyse de mouvement de personne avant 2000 et 
om-plétée dans [Moeslund, 2003℄ avant 2002. Un système d'analyse de mouve-ment de personne est 
onstitué de quatre tâ
hes : l'initialisation, le suivi,l'estimation des postures et la re
onnaissan
e d'a
tion. Une initialisationdes données est né
essaire, par exemple un modèle adapté à la personneétudiée peut être initialisé. La tâ
he de suivi 
al
ule les relations dans letemps de l'objet déte
té en trouvant les 
orrespondan
es dans les images
onsé
utives. Ensuite, l'estimation de posture des personnes déte
tées estfaite. La tâ
he �nale analyse les postures et d'autres paramètres pour re-
onnaître les a
tions e�e
tuées par les personnes évoluant dans la s
ène.
• Dans [Wang et al., 2003℄, les travaux sur l'analyse de mouvement de per-sonne sont dé
rits jusqu'à 2001. La taxonomie proposée est 
omposée de
inq tâ
hes : la segmentation des objets en mouvement, la 
lassi�
ation desobjets déte
tés, le suivi des personnes, la re
onnaissan
e d'a
tion et la de-s
ription sémantique. Le but de la des
ription sémantique du 
omportementdes personnes est de "
hoisir un ensemble raisonnable de mot ou d'expression
ourte pour dé
rire les 
omportements des objets en mouvement dans dess
ènes naturelles".Le travail de 
ette thèse a été e�e
tué dans l'équipe ORION lo
alisée à l'INRIASophia Antipolis. ORION et une équipe pluridis
iplinaires à la frontière de la vi-son par ordinateur, de l'intelligen
e arti�
ielle et du génie logi
iel. L'équipe aa
quis une forte expérien
e dans 
es domaines au 
ours de 
es années. Un des su-jets d'intérêt est la 
ompréhension automatique d'image et de vidéo basée sur une
onnaissan
e a priori. Le travail proposé prend pla
e dans 
e 
ontexte. Commedans [Wang et al., 2003℄, un framework général de la tâ
he d'interprétation vidéopeut être dé
rit de la vision bas niveau à la vision haut niveau (�gure E.1) :
• la segmentation des objets,
• la 
lassi�
ation des objets,
• le suivi des personnes,
• la re
onnaissan
e de posture des personnes,
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Figure E.1: Un framework général pour la tâ
he d'interprétation vidéo. La tâ
he est 
omposéede : (a) une tâ
he de vision bas niveau qui déte
te les personnes évoluant dans la s
ène, (b) unetâ
he de vision de niveau intermédiaire qui suit les personnes déte
tées et (
) une tâ
he de visionhaut niveau qui re
onnaît la posture et analyse le 
omportement en fon
tion des informations
al
ulées pré
édemment.
• l'analyse du 
omportement des personnes.La première étape d'une telle appro
he est de déte
ter les personnes évoluantdans une séquen
e vidéo. La déte
tion de personne est importante pour les tâ
hessuivantes telles que le suivi des personnes ou l'analyse de 
omportement. Ladéte
tion des personnes est généralement réalisée par une tâ
he de segmentationet de 
lassi�
ation. Les personnes sont ensuite suivies tout au long de la séquen
evidéo. Finalement, l'analyse du 
omportement des personnes est faite en utilisantles informations 
al
ulées pendant les tâ
hes pré
édentes. Le pla
ement de latâ
he de re
onnaissan
e de posture dans la 
haîne de traitement est dis
uté dansle 
hapitre 3. En parti
ulier, nous présenterons pourquoi 
ette tâ
he a besoin del'information temporelle fournit par la tâ
he de suivi des personnes. De plus lasolution au problème de l'interprétation vidéo proposée par l'équipe Orion estdé
rite dans l'annexe A.
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tifsLe but de 
e travail est de proposer une appro
he générique pour re
onnaître laposture d'une personne entière à partir de séquen
e vidéo. L'appro
he doit êtregénérique pour s'adapter au plus de situation possible.L'appro
he prend pla
e dans une tâ
he plus générale qui est l'interprétationvidéo. Elle utilise l'information 
al
ulée par la tâ
he de déte
tion et fournit unrésultat à la tâ
he d'interprétation vidéo. La tâ
he de déte
tion des personnesdonne des informations sur les personnes évoluant dans la s
ène telle que leurspositions et leurs dimensions. Les personnes sont généralement représentées parleurs silhouettes binaires. Puisque l'appro
he proposée utilise 
es silhouettespour déterminer la posture, l'appro
he doit être e�
a
e pour di�érent types desilhouette (parfaite ou bruitée).L'appro
he proposée doit respe
ter les propriétés listées pré
édemment (i.e.nombre de 
ontrainte, pré
ision et vitesse) 
ar les appli
ations visées sont les ap-pli
ations de surveillan
e et de 
ontr�le.Comme vu pré
édemment dans la se
tion E.1, le nombre de 
ontrainte né
essaireà une appli
ation est importante pour proposer une appro
he générique pour lare
onnaissa
ne de posture. Premièrement, le type de 
améra né
essaire est im-portant. En utilisant une seule 
améra statique, l'appro
he peut dire
tement êtreappliquées à des systèmes existants ou fa
ilement appliquées à des nouveaux sys-tèmes d'interprétation vidéo. Deuxièmement, une 
ertaine indépendan
e au pointde vue de la 
améra est une 
lé importante pour proposer une appro
he opéra-tionnelle. En e�et, si, par exemple, une personne peut être fa
e à la 
améra pourune appli
ation de 
ontr�le, 
e n'est généralement pas possible de demander auxpersonnes évoluant dans une s
ène de regarder la 
améra pour une appli
ation desurveillan
e.La pré
ision né
essaire à une appli
ation de surveillan
e n'est pas la même que
elle intervenant dans une appli
ation de 
ontr�le. Une appli
ation de surveil-lan
e né
essite une information sur la posture plus générale que 
elle pour uneappli
ation de 
ontr�le.La vitesse d'exé
ution des appli
ations de surveillan
e et de 
ontr�le est une pro-priété très importante. Par exemple, l'appli
ation doit être 
apable de générerune alarme quand une personne tombe (ou même avant) et non 10 minutes plustard.Notre travail a pour but de résoudre 
es problèmes grâ
e aux prin
ipales 
ontri-butions suivantes :
• Les avan
ées faites dans l'infographie et l'animation virtuelle sont utiliséespour proposer un modèle 3D humain adapté à la re
onnaissan
e de posture.Une 
ertaine indépendan
e du point de vue de la 
améra est ainsi a
quiseen utilisant un modèle 3D humain.
• L'appro
he hybride proposée pour re
onnaître la posture de personne 
om-
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h Introdu
tionbine des représentations 2D des silhouettes et l'utilisation d'un modèle 3Dhumain. Les représentations 2D maintiennent un temps réel d'exé
ution etsont adaptées aux di�érents types de silhouette.Ces 
ontributions sont présentées dans les 
hapitres suivants du manus
rit
omme dé
rit dans la se
tion suivante.E.4 Stru
ture du Manus
riptCe manus
rit est stru
turé en six 
hapitres.Le 
hapitre 2 présente au le
teur les pré
édents travaux e�e
tués en re-
onnaissan
e de posture de personne. Di�érentes te
hniques sont présentéespour les 
apteurs physiologique et mé
anique ainsi que pour les 
apteurs vidéo.Les 
apteurs physiologiques, telles que les MEMS (Mi
ro Ele
tro Me
hani
alSystem), sont utilisés pour des personnes 
oopératives alors que les 
apteursvidéos sont utilisés pour des personnes non 
oopératives. Un zoom est fait pourla re
onnaissan
e de posture en dé
rivant en parti
ulier les méthodes utilisantdes marqueurs sur le 
orps ainsi que 
elles utilisant des 
apteurs vidéo. Leste
hniques utilisant les 
apteurs vidéo sont 
lassées en te
hniques 2D et 3D.Cha
une de 
es te
hniques a ses for
es et ses faiblesses. Le but de 
ette thèseest de proposer une appro
he qui 
ombine leurs for
es tout en minimisant leursfaiblesses.Le 
hapitre 3 présente nos obje
tifs et donne un aperçu de l'appro
heproposée pour re
onnaître les postures. Comme expliqué dans la se
tion 1.3,les appli
ations visées sont les appli
ations de surveillan
e et de 
ontr�le. Ainsi,plusieurs 
ontraintes que doit respe
ter l'appro
he ont été identi�ées : tempsréel, indépendan
e du point de vue de la 
améra, une appro
he automatiqueet l'utilisation d'une 
améra statique. Une appro
he hybride est ainsi proposéeen 
ombinant des te
hniques 2D et l'utilisation de modèle 3D humain, pourrespe
ter 
es 
ontraintes. De plus une base de 
onnaissan
e 
ontextuel est utiliséepour piloter la tâ
he de re
onnaissan
e de posture en donnant des informationssur la s
ène.Le 
hapitre 4 dé
rit l'avatar 3D de posture proposé qui est une 
ombinaisond'un modèle 3D humain et d'un ensemble de paramètre 
orrespondant à uneposture parti
ulière. Le 
hapitre montre 
omment les di�érentes parties del'avatar 3D sont animées en fon
tion des paramètres. Un ensemble de postured'intérêt est alors identi�é et modélisé. Ces postures sont 
lassées de manièrehiérar
hique de postures générales à postures détaillées.Le 
hapitre 5 présente l'appro
he hybride proposée qui est 
omposée de deuxtâ
hes prin
ipales :
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• la première tâ
he 
al
ule la posture de la personne déte
tée ave
l'information provenant seulement de l'image 
ourante et des modèles 3D.Les avatars 3D de posture 
andidats sont générés en projetant les avatars3D sur le plan image en dé�nissant une 
améra virtuelle qui a les mêmes
ara
téristiques que la véritable 
améra. Chaque avatar 3D de posture estpla
é dans la s
ène 3D en fon
tion du résultat de la tâ
he de déte
tion despersonnes (la position), puis tous les avatars possibles sont orientés pourdi�érentes orientations pour générer toutes les silhouettes possibles. Lessilhouettes déte
tées et générées sont modélisées et 
omparées à l'aide desreprésentations 2D pour obtenir la posture.
• la se
onde tâ
he utilise l'information sur la posture provenant des imagespré
édentes. Les postures re
onnues sur les images pré
édentes sont utiliséespour véri�er la 
ohéren
e temporelle des postures pour donner la posture laplus probable.Les di�érentes représentations 2D des silhouettes utilisées dans l'appro
he sontaussi dé
rites dans 
e 
hapitre.Dans le 
hapitre 6, l'appro
he proposée est évaluée et optimisée. Un modèlede vérité terrain est proposé pour évaluer l'algorithme de re
onnaissan
e deposture proposé. Des données de synthèse sont générées pour plusieurs points devue di�érents a�n de 
omparer les di�érentes représentations 2D et l'in�uen
e desparamètres sur l'appro
he de re
onnaissan
e de posture proposée. L'appro
he esttestée sur plusieurs séquen
es vidéo réelles et pour di�érents types de silhouette(di�érents algorithmes de segmentation).Le 
hapitre 7 montre 
omment les postures peuvent être utilisée pourre
onnaître des a
tions ne faisant intervenir qu'une seule personne. Une a
tionest représentée par une ma
hine à états �nis. Chaque état est représenté par uneou plusieurs postures. Cette méthode a été testée ave
 su

ès pour di�érentstypes d'a
tions telles que la 
hute (une a
tion importante médi
alement parlant)ou la mar
he.Finalement, le 
hapitre 8 
on
lut 
e travail, en résumant les 
ontributions de
ette thèse et en présentant les perspe
tives à 
ourt terme et long terme.
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Appendix FFren
h Con
lusionDurant 
ette thèse nous avons proposé une nouvelle appro
he pour la re
onnais-san
e de posture de personne. Cette appro
he 
ombine des te
hniques 2D etl'utilisation d'avatar 3D de posture. Les te
hniques 2D permettent de garder untemps réel d'exé
ution alors que les avatars 3D de posture permettent une 
er-taine indépendan
e du point de vue de la 
améra.L'appro
he proposée prend en entrée la silhouette 2D des régions en mouvement
orrespondant à la personne déte
tée ainsi que sa position 3D estimée. L'appro
heest 
omposée de quatre tâ
hes :
• Les silhouettes des avatars 3D de posture sont générées en projetant lesavatars sur le plan image en utilisant une 
améra virtuel. Les avatars 3Dsont pla
és dans la s
ène virtuelle où la personne observée est déte
tée,ensuite les avatars sont orientés selon di�érents angles pour générer toutesles silhouettes possibles en a

ord ave
 les postures prédé�nies.
• Les silhouettes sont représentées et 
omparées en fon
tion de quatre te
h-niques 2D : une représentation géométrique, les moments de Hu, la skele-tonisation, et les proje
tions horizontales et verti
ales.
• La posture de la personne déte
tée est estimée en gardant la silhouettegénérée la plus similaire en fon
tion de la tâ
he pré
édente.
• Le tâ
he de �ltrage des postures identi�e les postures erronées déte
tées lorsde la tâ
he pré
édente en exploitant leur 
ohéren
e temporelle. Le prin
ipede stabilité des postures dit que pour un framerate su�samment élevé la pos-ture reste similaire sur plusieurs images 
onsé
utives. L'information fournitpar le suivi des personnes déte
tées est utilisée pour retrouver les posturespré
édemment re
onnues. Ces postures sont ensuite utilisées pour 
al
ulerla posture �ltrée (i.e. la posture prin
ipale) en 
her
hant la posture quiapparaît le plus souvent sur une 
ourte période.Un aperçu des 
ontributions e�e
tuées pendant 
e travail est donné dans la se
-tion suivante. Ensuite une dis
ussion est faite pour montrer en parti
ulier les
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lusionlimitations de l'appro
he proposée. Finalement, des travaux futurs sont proposéspour améliorer l'appro
he dans la dernière se
tion.F.1 Aperçu des Contributions
• Les avatars 3D de posture ont été introduits pour modéliser les posturesde personne à re
onnaître 
omme dé
rit dans le 
hapitre 4. Les avatars sontinspirés par les pré
édents travaux en imagerie virtuelle qui ont été adaptésen proposant un modèle simpli�é pour la re
onnaissan
e de posture. Unavatar 3D de posture est 
omposé d'un modèle 3D humain, qui dé�nit lesrelations entre les 20 parties du 
orps, d'un ensemble de 23 paramètres quidé�nit les positions des di�érentes parties du 
orps, et d'un ensemble deprimitives géométriques qui dé�nit l'aspe
t visuel des di�érentes parties du
orps. Le modèle 3D humain proposé 
ontient aussi 10 joints qui sont lesprin
ipales arti
ulations du 
orps humain et les 20 parties du 
orps. Lesarti
ulations sont représentées ave
 les angles d'Euler pour modéliser les 9postures d'intérêt : debout ave
 un bras levé, debout ave
 les bras le long du
orps, debout les bras é
artés, assis sur une 
haise, assis parterre, pen
hé,
ou
hé sur le dos les jambes tendus, et 
ou
hé sur le 
�té re
roquevillé. Lesprimitives du 
orps sont représentées ave
 un maillage de polygone pourobtenir un modèle 3D humain réaliste pour pouvoir entre autre générer dessilhouettes de synthèse pro
he de 
elles du monde réel. De telles primitivesaméliorent la qualité de la re
onnaissan
e. Les avatars 3D de posture sont in-dépendants des primitives du 
orps utilisées pour représenter les di�érentesparties du 
orps. En e�et, di�érentes primitives peuvent être utilisée pourvisualiser di�érents types d'avatar adaptés aux personnes observées. Lesparamètres des arti
ulations peuvent être modi�és pour modéliser les pos-tures intermédiaires. De plus, les avatars 3D de postures sont 
lassés demanière hiérar
hique des postures générales aux postures détaillées.
• Une nouvelle appro
he hybride est proposée dans le 
hapitre 5 pour re
on-naître les postures dans des séquen
es vidéo. L'appro
he est basée sur la 
ar-a
térisation des silhouettes asso
iées aux personnes déte
tées. L'appro
he
ombine des te
hniques 2D et l'utilisation des avatars 3D de posture dé
ritspré
édemment. Les te
hniques 2D sont utilisées pour garder un temps réeld'exé
ution alors que les avatars 3D sont utilisés pour obtenir une 
ertaineindépendan
e au point de vue de la 
améra. Plusieurs te
hniques 2D ontété testées pour représenter les silhouettes :� la première est basée sur la 
ombinaison de di�érentes valeursgéométriques telles que l'air, le 
entre de gravité, l'orientation,l'e

entri
ité, et la 
ompa
ité,� la se
onde utilise les sept moments de Hu,� la troisième appelée skeletonisation, utilise des points 
ara
téristiquesdu 
ontour,
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tions horizontales et verti
ales dela silhouette.Les te
hniques 2D sont 
hoisies en fon
tion de la qualité de la silhouette(qui dépend de la segmentation) et du temps d'exé
ution né
essaire pourreprésenter une silhouette donnée.
• Une évaluation des représentations des silhouettes a été e�e
tuéedans le 
hapitre 6. Les avatars 3D de posture sont assez réalistes pourgénérer des données de synthèse pour di�érents points de vue. L'avatar 3Dutilisé dans la génération des données de synthèse est di�érent de l'avatar3D intervenant dans le pro
essus de re
onnaissan
e. Il y a trois prin
ipauxavantages à utiliser des données de synthèse :� Premièrement, beau
oup de donnée peut être généré pour n'importequelle point de vue et l'avatar virtuel peut être pla
é n'importe où.� Deuxièmement, l'appro
he peut être étudiée suivant di�érent prob-lèmes : la qualité de la segmentation, les postures intermédiaires, lespostures ambiguës et la variabilité entre la personne observée et l'avatar3D.� Finalement, un �
hier de vérité terrain peut être automatiquementasso
ié à 
haque étape de la génération des données de synthèse.Une base de donnée de posture de synthèse a été générée pour 19 pointsde vue, 10 postures et pour 360 orientations (tous les degrés). Les pointsde vue sont lo
alisés sur un quart de 
er
le autour de la personne tous les5 degrés de 0 à 90 degrés donnant 68400 silhouettes. L'appro
he proposéea été validée sur des données de synthèse et réelles. Les proje
tions hori-zontales et verti
ales donnent de meilleurs taux de re
onnaissan
e que lesreprésentations géométriques, la skeletonisation et les moments de Hu 
ar
ette représentation est plus robuste aux silhouettes bruitées et aux posturesintermédiaires.
• Une 
ara
térisation exhaustive des postures ambiguës a été e�e
tuéeà l'aide de la base de donnée des silhouettes de synthèse dans le 
hapitre 6.Les 
as ambigus apparaissent quand les silhouettes représentant des pos-tures di�érentes ont la même proje
tion sur le plan image pour un pointde vue donné. L'ambiguïté est alors 
ara
térisée par une posture et uneorientation pour un point de vue donné. Ces 
as dépendent de la te
hnique2D utilisé pour représenter les silhouettes. Cette 
onnaissan
e a priori peutêtre utilisée dans le pro
essus de re
onnaissan
e pour asso
ier une valeur de
on�an
e aux postures re
onnues.
• Le résultat de l'appro
he proposée, les postures re
onnues, a été utilisépour la re
onnaissan
e d'a
tion dans le 
hapitre 7. Les a
tions viséessont des a
tions où seulement la personne 
onsidérée intervient. Les a
tions
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lusionsont modélisées par une ma
hine à états �nis dont 
haque état est 
omposéd'une ou plusieurs postures et d'un nombre minimal/maximal d'o

urren
e
onsé
utive de 
es postures. L'appro
he a été testée ave
 su

ès pour ladéte
tion de la 
hute et de la mar
he. L'a
tion "
huter" est basée sur lespostures générales alors que l'a
tion "mar
her" utilise des postures détail-lées. Une nouvelle posture, la posture mar
he, a été fa
ilement ajoutéeà l'ensemble des postures d'intérêt et montre ainsi l'adaptabilité de notreappro
he.
• De plus, durant 
e travail plusieurs outils ont été développés :� Le premier outil 
onsiste en unmoteur 3D 
apable de visualiser et demanipuler les avatars 3D de posture en faisant bouger les di�érentesparties du 
orps. De plus il permet d'extraire les silhouettes en fon
tiond'une 
améra virtuelle. Le moteur est basé sur la librairie Mesa, en
ombinant plusieurs transformations telles que des rotations ou destranslations pour animer les avatars 3D de posture. Ce moteur est un
omposant pour les outils dé
rits dans la suite.� Le se
ond outil permet l'animation de l'avatar 3D de posture etde dé�nir les paramètres asso
iés à l'avatar 3D 
onsidéré. Cha
une desparties du 
orps de l'avatar 3D peut être séle
tionnée, et les paramètres
orrespondants aux arti
ulations de la partie séle
tionnée peuvent êtremodi�és pour obtenir l'avatar de posture désiré. Les paramètres sontsauvegardés et utilisés ave
 le moteur 3D pré
édemment dé
rit pourpouvoir a�
her l'avatar 3D de posture ainsi dé�nit.� Un troisième outil génère de manière exhaustive des donnéesde synthèse en dé�nissant di�érents points de vue et en donnantdi�érentes orientations à l'avatar 3D de posture.� Le quatrième outil génère des silhouettes de synthèse en util-isant des traje
toires. Une s
ène virtuelle est observée depuis lehaut (dans la dire
tion verti
ale), l'utilisateur dessine une traje
toire et
hoisi pour les points importants de 
elle-
i la posture désirée. L'outilgénère alors automatiquement la vidéo d'un avatar se déplaçant sur latraje
toire en prenant les postures désirées. Cet outil est utile dans unbut démonstratif.� Le dernier outil est un prototype pour re
onnaître les posturesde personnes évoluant dans une séquen
e vidéo qui intègre la 
haîne
omplète de traitement de l'a
quisition à la re
onnaissan
e de posture.Le prototype est une interfa
e graphique permettant de visualiser lesrésultats obtenus ave
 l'appro
he proposée. Une des
ription de 
e pro-totype est donnée dans l'annexe A.
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ussionDans la se
tion 3.1.2, plusieurs 
ontraintes ont été identi�ées pour proposer uneappro
he générique : le temps réel, l'indépendan
e du point de vue de la 
améra,une appro
he 
omplètement automatique, et l'utilisation d'une seule 
améra sta-tique. Nous détaillons dans la suite 
omment 
es 
ontraintes ont été respe
tées.
• Le temps réel. L'algorithme proposé est 
apable de traiter entre 5 et 6images par se
onde en utilisant un �ux de vidéo. Il a été montré quel'algorithme est e�
a
e pour re
onnaître 
ertaines a
tions telles que la 
huteou la mar
he. Ce temps de traitement est possible grâ
e à l'utilisation dereprésentation 2D des silhouettes.
• L'indépendan
e du point de vue de la 
améra. Dans la se
tion 6.3.2,l'appro
he a montré son indépendan
e au point de vue de la 
améra. La
améra virtuelle permet la génération des silhouettes des avatars 3D de pos-ture en utilisant le même point de vue que la véritable 
améra. Ainsi, une
améra virtuelle peut être asso
iée à une 
améra réelle pour toute positionet orientation de 
elle-
i.
• Une appro
he automatique. L'appro
he proposée est 
omplètement au-tomatique et peut être fa
ilement adaptée à n'importe quelle séquen
e vidéo.De plus, 
ette appro
he peut être adaptée à di�érents types d'appli
ation enmodi�ant l'ensemble des postures d'intérêt. Une nouvelle posture d'intérêtpeut être dé�nit en déterminant un ensemble de paramètre spé
i�que (lesangles d'Euler des arti
ulations) pour représenter la posture désirée telleque la posture "mar
he".
• Une seule 
améra statique. L'appro
he fon
tionne ave
 une seule 
amérastatique en utilisant une base de 
onnaissan
e a priori asso
iée à la s
ène
onsidérée. En parti
ulier, la matri
e de 
alibration de la 
améra permet de
al
uler une approximation de la position 3D des personnes évoluant dansla s
ène et d'initialiser la 
améra virtuelle.L'appro
he est robuste à di�érent type de segmentation. L'appro
he a été testéave
 l'algorithme "watershed segmentation" (qui a tendan
e à donner des sil-houettes bruitées sur segmentées), ave
 l'algorithme "VSIP segmentation" (quidonne des silhouettes sous segmentées ave
 quelques trous) et ave
 l'algorithmede segmentation asso
ié aux séquen
es d'analyse de la démar
he (qui donne dessilhouettes très bruitées).Cependant l'appro
he proposée montre 
ertaines limitations.Le prin
ipal in
onvénient de l'appro
he est sa limitation en terme de postured'intérêt. La première raison de 
ette limitation est le temps de 
al
ul. Le tempsde 
al
ul augmente lorsque le nombre de posture d'intérêt 
onsidérée augmente,limitant ainsi le nombre de posture 
onsidérée pour garder un temps de traitementrapide. La se
onde raison est le pouvoir de dis
rimination entre les postures. Siplus de postures sont 
onsidérées le nombre de 
as ambigu va augmenté rendant
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lusionles résultats de la re
onnaissan
e non �ables.Le se
ond problème est le temps de 
al
ul. La génération de silhouette des avatars3D de posture est l'étape la plus 
oûteuse en terme de temps de 
al
ul. Le tempsné
essaire à la génération de 100 silhouettes 
orrespondant à 10 avatars de pos-tures et à un pas de rotation de 36 degrés est d'environ 1.28 se
onde. En negénérant les silhouettes seulement lorsque la personne déte
tée a e�e
tué un dé-pla
ement su�sant dans la s
ène, le temps de traitement est de 5 à 6 images parse
onde. Pour réduire 
e temps de 
al
ul, des améliorations sont né
essaires.De plus, nous avons fait l'hypothèse que la personne observée était isolée. Mais,
ette personne peut être en partie 
a
hée par des objets du 
ontexte, ou elle peutinteragir ave
 d'autre personnes.En�n, dans l'appro
he proposée l'avatar 3D de posture n'est adaptée à la personneétudiée en ne prenant en 
ompte seulement la hauteur de 
elle-
i.F.3 Travaux FutursCe travail peut être améliorer de di�érentes manières 
lassées en perspe
tives à
ourt et long termes.F.3.1 Perspe
tives à Court TermeO

lusionLa s
ène virtuelle peut être prise en 
ompte pour résoudre le problème des o

lu-sions. Un modèle 3D de la s
ène peut être a�
hée en même temps que l'avatar3D. En positionnant 
orre
tement l'avatar 3D dans la s
ène, une silhouette o
-
ludée peut être extraite et 
omparée ave
 
elle déte
tée. I
i, la te
hnique deZ-bu�er, dé
rite dans la se
tion 5.2.2.3, ne peut plus être utilisée pour extrairela silhouette puisque dans la s
ène il n'y a plus seulement l'avatar 3D mais aussiles objets 
ontextuels. Une simple segmentation 
ouleur peut être envisagée pourrésoudre 
e problème en 
oloriant les objets du 
ontexte ave
 la même 
ouleur que
elle du fond. Un exemple d'une silhouette o

ludée est donnée dans la �gure F.1.Gestion des déformations ave
 la 
améra virtuelleDurant 
e travail, di�érents tests ont été réalisés à l'aide d'un 
apteur CMOSéquipé d'un obje
tif grand angle (�gure F.2). Utilisé de tel 
apteur impliquedes déformations géométriques au niveau de l'image. Le modèle utilisé pour la
améra virtuelle peut être amélioré a�n de prendre en 
ompte les déformations dela 
améra réelle dans le but d'obtenir des silhouettes déformées. Les silhouettesdéformées pourront don
 être 
omparées dire
tement ave
 la silhouette de lapersonne déte
tée. Le modèle linéaire utilisé lors de l'étape de 
alibration de la
améra n'est plus valide pour 
e type d'image et une autre méthode de 
alibration



F.3 Travaux Futurs 177
Figure F.1: Les objets du 
ontexte et l'avatar 3D sont a�
hés dans la s
ène virtuelle. Lesobjets sont 
oloriés en bleu pour pouvoir faire une simple segmentation 
ouleur a�n d'obtenirune silhouette o

ludée.doit être envisagée pour gérer 
es déformations.

Figure F.2: Déformations géométriques observables sur une image provenant d'un 
apteurCMOS muni d'un obje
tif grand angle.F.3.2 Perspe
tives à Long TermeAdaptabilité dynamique des primitives du modèle humainDurant 
e travail, le modèle 3D est automatiquement adapté à la personne étudiéeen 
onsidérant seulement sa hauteur 3D. Plus d'information sur la personnedoit être 
al
ulée pour initialiser un avatar 3D plus pro
he de 
elle-
i. Cesinformations pourraient être sa 
orpulen
e, ou les habits portés par la personne
onsidérée par exemple. Cet avatar 3D permettrait la génération de silhouetteplus pré
ise et don
 améliorer les taux de re
onnaissan
e de notre appro
he.L'information de la 
orpulen
e peut déjà être gérée par le modèle d'avatar 3Dproposé en jouant sur la taille des di�érentes primitives du 
orps. Une solutionpour intégrer l'information des vêtements est d'avoir plusieurs primitives 3D
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lusionasso
iées à di�érents types de vêtements. Ce
i peut être simplement atteint endé�nissant des primitives qui représentent les di�érentes parties du 
orps pourun vêtement donné. Par exemple, une primitive peut être dé�ni pour représenterune tête 
ouverte d'un 
hapeau. Le moteur 3D permettant d'a�
her les avatars3D de postures, montrera une tête plus 
omplexe en terme de géométrie.Variabilité de l'avatar 3D de posture ou re
onnaissan
e de gesteL'appro
he proposée est basée sur l'utilisation d'avatar 3D de posture statique etpeut ainsi induire des erreurs de re
onnaissan
e pour les postures intermédiaires
omme montré à la se
tion 6.3.3. Lorsqu'un avatar 3D de posture est re
onnu, lesparamètres de 
elui-
i pourraient être 
hangés pour obtenir une silhouette pluspro
he de 
elle déte
tée. Cette amélioration pourrait autoriser la re
onnaissan
ede geste. Une thèse sur le sujet de la re
onnaissan
e de geste a démarrée dansl'équipe ORION.Un autre point 
on
ernant la re
onnaissan
e de geste est la génération de donnéesde synthèse. Comme dé
rit dans la se
tion 6.3.1, les données de synthèse peuventêtre utilisées pour évaluer fa
ilement un algorithme de re
onnaissan
e de posture.La même analogie peut être faite pour les algorithmes de re
onnaissan
e degeste. Une amélioration doit alors être faite au niveau de la représentation desrotations des arti
ulations de l'avatar 3D. En e�et, la représentation a
tuelle estbasée sur les angles de Euler qui n'est pas adaptée pour e�e
tuer des animations.Les quaternions peuvent être utilisés pour représenter les rotations 
omme dé
ritdans l'annexe C pour pouvoir animer l'avatar 3D.Choix de la représentation 2D des silhouettesNous avons vu que le 
hoix de la représentation 2D d'une silhouette dépendait dela qualité de la dite silhouette. Nous avons montré que les proje
tions horizontaleet verti
ale donnaient les meilleurs résultats pour di�érents types de segmentationdans la se
tion 6.4. Mais 
ette représentation ne permet pas d'extraire fa
ilementdes informations plus pré
ises 
on
ernant la personne étudiée (lo
alisation de sesmains, ou de sa tête par exemple) 
omme pourrait le faire la skeletonisation. Unetâ
he intéressante serait de pouvoir 
hoisir automatiquement la représentation2D en évaluant la qualité de la segmentation et en tenant 
ompte de l'informationné
essaire par l'appli
ation.Amélioration du temps de 
al
ulLa prin
ipale limitation de lappro
he proposée est le temps de 
al
ul né
essaireà la génération des silhouettes des avatars 3D de posture. Une façon évidente deréduire 
elui-
i est de générer moins de silhouettes. Un automate peut être utilisé
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onnaissan
e dela posture d'une personne dans une image donnée peut être utilisée pour guiderla re
onnaissan
e de la posture de la même personne dans l'image suivante.En parti
ulier, en permettant de prédire quels avatars 3D de posture utiliser.L'ensemble des postures d'intérêt serait don
 adapté automatiquement en ne
onsidérant seulement les postures autorisées. Ce traitement devrait réduire letemps de 
al
ul. De plus, l'information sur l'orientation de la personne peut aussiêtre utilisée pour générer seulement les silhouettes pour un nombre d'orientationde l'avatar très restreint. Un algorithme dé
rit dans [Zuniga et al., 2006℄ proposede 
lasser des objets déte
tés dans une séquen
e vidéo (sous forme de silhouette)en déterminant le parallélépipède 3D 
ontenant 
et objet. L'orientation de 
eparallélépipède peut être utilisée 
omme approximation de l'orientation de lapersonne évoluant dans la s
ène.Segmentation hiérar
hiqueL'appro
he de re
onnaissan
e de posture de personne est basée sur l'étude d'unesilhouette binaire. Une amélioration peut être faite en 
onsidérant plus qu'uneseule région, mais un ensemble de régions 
onstituant la silhouette. En utilisant,une telle segmentation hiérar
hique, les di�érentes régions peuvent être utiliséespour lo
aliser les di�érentes parties du 
orps humain a�n d'aider à l'initialisationde l'avatar 3D de posture.Amélioration de la segmentationLa posture re
onnue (et don
 la silhouette de l'avatar 3D) peut être utilisée pouraméliorer l'étape de segmentation en aidant à la paramétrisation de l'algorithmede segmentation. La silhouette re
onnue permettrait de déte
ter quelles partiesde la personne ne sont pas sur la silhouette ou quels pixels de la silhouetten'appartiennent pas à la personne et don
 donner une indi
ation sur 
ommentfaire évoluer les paramètres de la segmentation pour obtenir de meilleuressilhouettes.
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