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Abstract

During this thesis, w e ha v e prop osed a real-time, generic, and op erational ap-

proac h to recognising h uman p osture with one static camera. The approac h is

fully automatic and indep enden t from the view p oin t of the camera.

Human p osture recognition from a video sequence is a di�cult task. This task is

part of the more general problem of video sequence in terpretatio n . The prop osed

approac h tak es as input information pro vided b y vision algorithms suc h as the

silhouette of the observ ed p erson (a binary image represen ting the p erson and the

bac kground), or her/his p osition in the scene.

The �rst con tribution is the mo deling of a 3D p osture a v atar. This a v atar is

comp osed of a h uman mo del (de�ning the relations b et w een the di�eren t b o dy

parts), a set of parameters (de�ning the p osition of the b o dy parts) and a set of

b o dy primitiv es (de�ning the visual asp ect of the b o dy parts).

The second con tribution is the prop osed h ybrid approac h to recognise h uman p os-

ture. This approac h com bines the use of 3D p osture a v atar and 2D tec hniques.

The 3D a v atars are used in the recognition pro cess to acquire a certain indep en-

dence from the camera view p oin t. The 2D tec hniques represen t the silhouettes

of the observ ed p erson to pro vide a real-time pro cessing. The prop osed approac h

is comp osed of t w o main parts: the p osture detection whic h recognises the p os-

ture of the detected p erson b y using information computed on the studied frame,

and the p osture temp oral �ltering whic h �lters the p osture b y using information

ab out the p osture of the p erson on the previous frames

A third con tribution is the comparison of di�eren t 2D silhouette represen tations.

The comparison is made in terms of computation time and dep endence on the

silhouette qualit y . F our represen tations ha v e b een c hosen: geometric features, Hu

momen ts, sk eletonisation, and the horizon tal and v ertical pro jections.

A fourth con tribution is the c haracterisatio n of am biguous p ostures. Am biguities

can happ en b y using only one camera. An am biguous p osture is de�ned as a

p osture whic h has visually similar silhouettes rather an other p osture. Syn thetic

data are generated to ev aluate the prop osed approac h for di�eren t p oin t of view.

The approac h has also b een ev aluated on real data b y prop osing a ground truth

mo del adapted to the p osture recognition purp ose.

A �fth con tribution has b een prop osed b y applying the results of the recognition

to h uman action detection. A metho d based on a �nite state mac hine has b een

prop osed to recognise self-action (action where only one p erson acts). Eac h state
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of the mac hine is comp osed of one or sev eral p ostures. This metho d has b een

successfully applied to detect falling and w alking actions.

The h uman p osture recognition approac h giv es go o d results. Ho w ev er, the ap-

proac h has some limitation. The main limitation, is that w e are limited in terms

of p ostures of in terest for computation time and discrimination reasons. The sec-

ond limitation is the computation time of the 3D p osture a v atar generation. By

using information ab out the mo v emen t of the observ ed p erson in the scene, the

approac h is able to treat 5-6 frames b y second. Some impro v emen t can b e done to

solv e these limitations. In particular, the set of in terest p ostures can b e adapted

automatical l y at eac h frame b y considering the previously recognised p ostures to

decrease the n um b er of 3D p osture silhouette to extract.

k eyw ords: h uman p osture, 3D h uman mo del, geometric features, Hu momen ts,

sk eletonisation, Horizon tal and v ertical pro jections.



Résumé

Duran t cette thèse nous a v ons prop osé une appro c he temps réel, générique et

fonctionnelle p our reconnaître la p osture des p ersonnes �lmées par une caméra

statique. Notre appro c he est conçue p our être complèteme n t automatique et

indép endan t e du p oin t de vue de la caméra.

La reconnaissance de p osture à partir de séquence vidéo est un problème di�cile.

Ce problème s'inscrit dans le c hamp de rec herc he plus général de l'in terprétat i o n

de séquence vidéo. L'appro c he prop osée prend en en trée des informations

pro v enan t d'algorithme s de vision telles que la silhouette de la p ersonne observ ée

(une image binaire où une couleur représen te la p ersonne et l'autre le fond) ou

sa p osition dans la scène.

La première con tribution est la mo délisation d'un a v atar 3D de p osture. Un

a v atar 3D de p osture est comp osé d'un mo dèle 3D h umain (dé�nissan t les

relations en tre les di�éren tes parties du corps), d'un ensem ble de paramètre

(dé�nissan t les p ositions des di�éren tes parties du corps) et d'un ensem ble de

primitiv e (dé�nissan t l'asp ect visuel des parties du corps).

La seconde con tribution est la prop osition d'une appro c he h ybride com binan t

l'utilisation de mo dèles 3D et de tec hniques 2D. Les a v atars 3D de p ostures son t

utilisés dans le pro cessus de reconnaissance p our a v oir une certaine indép endanc e

du p oin t de vue de la caméra. Les tec hniques 2D représen ten t les silhouettes

des p ersonnes détectées p our garder un temps réel de calcul. Cette thèse mon tre

commen t les a v atars 3D p euv en t être utilisés p our obtenir une appro c he générique

et fonctionnelle p our reconnaître les p ostures. Cette appro c he est comp osée de

deux parties : la détection de p ostures qui reconnaît la p osture de la p ersonne

détectée en utilisan t seulemen t l'information calculée sur l'image considérée, et

le �ltrage temp orel de p osture qui reconnaît la p osture en utilisan t l'information

pro v enan t des images précéden tes. Une troisième con tribution a été faite en

comparan t di�éren tes représen tations 2D des silhouettes au niv eau du temps

de calcul nécessaire et de leur dép endance à la qualité de la silhouette. Quatre

représen tations on t été reten ues : une représen tation com binan t di�éren tes

v aleurs géométriques, les momen t de Hu, la sk eletonisation et les pro jections

horizon tale et v erticale.

Une quatrième con tribution est la caractérisation des cas am bigus. Des am-

biguïtés au niv eau de la reconnaissance p euv en t se pro duire en utilisan t seulemen t

une caméra statique. Une p osture am biguë est dé�nie par plusieurs p ostures

vii



qui on t des silhouettes visuellemen t similaires. Des données de syn thèse son t

générées p our év aluer l'appro c he prop osée p our di�éren ts p oin ts de vue. Ainsi,

les p ostures am biguës son t iden ti�ées en considéran t la p osture et son orien tation.

L'appro c he est aussi év aluée p our des données réelles en prop osan t un mo dèle de

v érité terrain p our la reconnaissance de p osture.

Une cinquième con tribution a été prop osée en appliquan t le résultat de notre

appro c he à la reconnaissance d'action. Une métho de utilisan t des mac hines à

états �nis a ainsi été prop osée p our reconnaître des actions faisan t in terv enir

une seule p ersonne. Chaque état de la mac hine est comp osé d'une ou plusieurs

p ostures. Cette métho de est appliquée a v ec succès p our détecter les c h utes et la

marc he.

Bien que notre appro c he donne de très b on taux de reconnaissance, il subsiste

quelques limitations. La principale limitation de l'appro c he est qu'elle est limitée

en nom bre de p ostures d'in térêt p our des raisons de temps de calcul et de

discrimination en tre les p ostures considérées. La seconde limitation est le temps

nécessaire à la génération des silhouettes des a v atars 3D de p osture. En utilisan t

l'information sur le déplacemen t de la p ersonne dans la scène, l'algorithme

de reconnaissance de p osture traite en tre 5 et 6 images par seconde. Des

amélioratio n s p euv en t être faites p our résoudre ces limitations. En particulier,

nous p ourrions adapter automatiqueme n t l'ensem ble des p ostures d'in térêt au

cas considéré, en utilisan t par exemple la p osture reconn ue précédemme n t p our

restreindre les p ostures 3D don t nous v oulons extraire les silhouettes.

Mots-Clés: p osture de p ersonne, mo dèle 3D de p ersonne, caractéristiques

géométriques, les momen ts de Hu, la sk eletonisation, les pro jections horizon tale

et v erticale.
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Chapter 1

In tro duction

Human p osture recognition is a di�cult and c hallenging problem due to the h uge

quan tit y of p ossible cases. The n um b er of p ostures dep ends on the degree of

freedom of the h uman b o dy (i.e. the articulation s suc h as shoulders or knees).

Moreo v er, the morphology of the p erson (heigh t, corpulence, etc...) in�uences

the p erception of the p osture. Finally , clothes can also giv e di�eren t t yp es of

app earances for the same p osture.

The follo wing sections describ e the motiv ations, the con text and ob jectiv es of this

thesis in h uman p osture recognition. This c hapter concludes with the man uscript

structure.

1.1 Motiv ations

Human p osture recognition is an imp ortan t part of h uman b eha viour understand-

ing b ecause it pro vides accurate information ab out the studied p erson. The h u-

man p osture recognition task is in v olv ed in three ma jor kinds of applications:

� Surv eillance applications can b e de�ned lik e the trac king of one or sev eral

p eople o v er time to analyse their b eha viour. Video surv eillance or a w are

house are t ypical examples where p eople are trac k ed to analyse their activ-

ities.

� Con trol applications use information ab out the p osture of the p erson as a

con trol functionalit y . F or example, the p erson can in teract with a computer

according to an in telligen t h uman computer in terface (HCI).

� Analysis applications need an accurate information ab out the p osture. It

is t ypically used in medical applications (for instance orthop edic purp ose),

sp ort monitoring or virtual animation.

In this w ork the prop osed approac h aims at recognising h uman p osture for surv eil-

lance and con trol applications. W e b eliev e that analysis applications need sp eci�c

treatmen t to obtain the desired accuracy in the measuremen t of the di�eren t b o dy

parts (size, lo calisation in space, orien tation).



2 In tro duction

Eac h of these three t yp es of application m ust resp ect certain prop erties classi�ed

in three categories:

� Num b er of constrain ts needed b y an application. F or example, a con-

strain t can b e to ha v e a static camera, no o cclusion, the p eople in fron t

of the camera, a constan t ligh ting, etc... Surv eillance applications need to

ha v e less constrain ts than other application t yp es since they ha v e to w ork

automatical l y and for a long p erio d of time in v arious en vironmen ts. The

con trol and analysis applications ha v e more constrain ts than surv eillance

applications since they are generally designed to w ork on a short p erio d of

time in a constrained space. F or instance, an user can b e fron t of the camera

in an in telligen t h uman computer in terface.

� A ccuracy can b e measured b y the similarit y of the recognised p osture with

the one p erformed b y the p erson ev olving in the video. A great accuracy

is not necessary for surv eillance application, whereas it is an imp ortan t

cue for con trol and analysis applications. Indeed analysis applications need

accurate measures on the di�eren t b o dy parts.

� Pro cessing sp eed can b e classi�ed as real-time or o�-line. A real-time com-

putation is commonly de�ned as a computation that returns the results

within a �xed dela y . This dela y is di�eren t according to the purp ose of the

application. Surv eillance and con trol application ma y need a high pro cess-

ing sp eed to detect some b eha viour at time. F or instance, when a p erson

in teracts with a computer, the results m ust b e immediate. On con trary ,

analysis applications can b e pro cessed o�-line.

1.2 Con text of the Study

It is necessary to place the h uman p osture recognition task in the complete treat-

men t c hain of video understanding. Di�eren t surv eys on video understanding (also

called h uman motion analysis) ha v e b een prop osed throughout the last t w en t y

y ears:

� In [Cedras and Shas, 1995 ], the authors presen t an o v erview of metho ds

for motion extraction prior 1995. Human motion is describ ed as action

recognition, recognition of b o dy parts and b o dy con�guratio n estimation.

� In [Aggarw al and Cai, 1999 ], h uman motion is in terpreted as three tasks

whic h are the same as in [Cedras and Shas, 1995 ] but with di�eren t names:

motion analysis in v olving h uman b o dy parts, h uman trac king with a single

or m ultiple cameras and h uman activit y recognition.

� In [Ga vrila, 1999 ], the authors describ ed the ma jor w orks on h uman motion

analysis prior 1998. They describ e di�eren t metho dolog i e s classi�ed in to 2D

approac hes with or without explicit shap e mo dels and 3D approac hes.
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� In [Mo eslund and Gran um, 2001 ], the authors giv e an o v erview of h uman

motion prior 2000 and completed in [Mo eslund, 2003 ] prior 2002. A h uman

motion analysis system is constituted of four tasks: initialisation, trac king,

p osture estimation and recognition. An initialisation of the data is necessary

e.g. an appropriate mo del of the sub ject m ust b e established. The trac king

task computes the relations o v er the time of the ob ject detected b y the

segmen tation task b y �nding corresp ondence s in consecutiv e frames. Then

the p osture estimation of the sub ject is made. The �nal task analyses the

p osture and other parameters to recognise the actions p erformed b y the

sub ject.

� In [W ang et al., 2003 ], prior w orks on h uman motion analysis are describ ed

up to 2001. The prop osed taxonom y is comp osed of �v e tasks: motion

segmen tation, ob ject classi�cation, h uman trac king, action recognition and

seman tic description. The purp ose of seman tic description of h uman b e-

ha viour is to �reasonably c ho ose a group of motion w ords or short expres-

sions to rep ort the b eha viors of the mo ving ob jects in natural scenes�.

Figure 1.1: A general video understanding task framew ork. The task is comp osed of: (a) a

lo w lev el vision task whic h detects p eople ev olving in the scene, (b) a middle lev el vision task

whic h trac ks detected p eople and (c) a high lev el vision task to recognise p osture and analyse

b eha viour according to information previously computed.
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This w ork has b een conducted in the Orion team lo cated at INRIA Sophia-

An tip olis. Orion is a m ulti-disciplin a r y team at the fron tier of computer vision, ar-

ti�cial in telligence and soft w are engineering . The team has accum ulated a strong

exp ertise in these areas throughout the y ears. One topic of particular in terest

is kno wledge-based image and video understanding. The prop osed w ork tak es

place in this con text. Lik e in [W ang et al., 2003 ], general framew ork of a video

understanding task can b e describ ed from lo w lev el vision to high lev el vision

(�gure 1.1):

� ob ject segmen tation.

� ob ject classi�cation.

� h uman trac king.

� h uman p osture recognition.

� h uman b eha viour analysis.

The �rst step to suc h an approac h is to detect p eople ev olving in a video

sequence. The p eople detection task is imp ortan t for the the next tasks

suc h as h uman trac king or b eha viour analysis. Detecting p eople is gener-

ally ac hiev ed b y a segmen tation and a classi�cation task. Humans are then

trac k ed throughout the video sequence. Finally h uman b eha viour analysis is

p erformed using the information computed during the previous tasks. The

lo calisation of the p osture recognition task in the treatmen t c hain is discussed

in the c hapter 3. In particular, wh y this task needs temp oral information

pro vided b y the h uman trac king task is presen ted. Moreo v er the solution of video

understanding problem prop osed in the team is describ ed in detail in app endix A.

1.3 Ob jectiv es

The goal of this w ork is to prop ose a generic approac h to recognise the global

h uman b o dy p osture in video sequences. The approac h m ust b e generic to b e

adapted to most of the situations.

The approac h tak es place in a more general task of video understanding, fed

b y a p eople detection task and computes p osture information to a b eha viour

understanding task. The p eople detection task giv es information ab out the

p eople ev olving in the scene suc h as its p ositions and dimensions. The p eople

are generally represen ted b y a binary silhouette. Since the approac h has to use

this silhouette to determine the p osture, it m ust b e e�cien t with di�eren t t yp es

of silhouette (p erfect and erroneous ones).

Driving b y the fact that the targeted applications are surv eillance and con trol

ones, the prop osed approac h m ust resp ect the previously listed prop erties (i.e.
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n um b er of constrain ts, accuracy and sp eed).

As seen in section 1.1, the n um b er of constrain ts needed b y the approac h is rele-

v an t to prop ose a generic h uman p osture recognition approac h. First, the t yp e of

video camera needed is imp ortan t. By using only one static camera, the approac h

can b e directly applied to existing systems or easily applied for new systems of

video in terpretatio n . Second, a certain indep endenc e from the p oin t of view is an

imp ortan t cue to prop ose an op erational approac h. Indeed, for instance if a p er-

son ma y face the camera for con trol application, it is generally not p ossible to ask

to p eople ev olving in a scene to lo ok at the camera in surv eillance applications.

The accuracy needed b y a surv eillance and a con trol application is not the same.

Surv eillance needs more general information ab out the p osture than a con trol one.

The sp eed of surv eillance and con trol applications is a v ery imp ortan t prop ert y .

F or instance, the application m ust b e able to raise an alarm when a p erson is

falling (or ev en b efore) and not 10 min utes after.

Our w ork aims at solving these problems b y the main follo wing con tribution s:

� The adv ances made in the computer graphics researc h �eld is used to pro-

p ose a 3D h uman mo del adapted to the h uman p osture recognition purp ose.

An indep endenc e from the camera viewp oin t is acquired b y using a 3D h u-

man mo del.

� The prop osed h ybrid approac h to recognise h uman p osture com bines 2D

silhouette represen tations and the use of a 3D h uman mo del. The 2D repre-

sen tations main tain a real-time pro cessing and are adapted to the di�eren t

t yp es of silhouette.

A hierarc hical taxonom y of in teresting p ostures are iden ti�ed and the 3D mo del

parameters are de�ned to represen t these p ostures of in terest. Once a p erson

is detected in the scene, the 3D mo dels are placed in the same p osition of the

detected p erson thanks to the calibration matrix. The 2D silhouettes for eac h

p osture of in terest and eac h p ossible orien tation are then generated. These gen-

erated silhouettes are compared with the detected silhouette to c ho ose the most

similar one and determine the p osture of the p erson ev olving in the scene. T em-

p oral coherency of the p osture is used to remo v e sp oradic recognition errors. This

approac h is successfully ev aluated on b oth syn thetic and real data. Moreo v er the

prop osed approac h is tested for b eha viour analysis to recognise actions suc h as

the fall or the w alk. These con tribution s are presen ted in the next c hapters of the

man uscript as describ ed in the next section.

1.4 Man uscript Structure

This man uscript is structured in six main c hapters.

Chapter 2 in tro duces the reader to the previous w orks on h uman p osture

recognition. Di�eren t tec hniques are presen ted for b oth ph ysiological and
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mec hanical sensors and video sensors. Ph ysiological sensors, suc h as MEMS

(Micro Electro Mec hanical System), are designed for co op erativ e p erson whereas

video sensors are in v olv ed for non-co op era t i v e p erson. A fo cus is made on h uman

p osture recognition b y describing in particular b o dy mark ers and video sensors

tec hniques. The video sensors tec hniques are classi�ed in 2D and 3D tec hniques.

Both of them ha v e strengths and w eaknesses. The goal of this thesis is to prop ose

an approac h whic h com bines their strengths b y minimising their w eaknesses.

Chapter 3 presen ts our ob jectiv es and giv es an o v erview of the prop osed

approac h to recognise h uman p osture. As explained in section 1.3, the targeted

applications are surv eillance and con trol ones. Th us sev eral constrain ts for the

approac h ha v e b een iden ti�ed: real-time, indep endenc e on the view-p oin t, an

automated approac h and the use of one mono cular static camera. An h ybrid

approac h is then prop osed b y com bining 2D tec hniques and the use of 3D p osture

a v atar, to resp ect these constrain ts. Moreo v er a con textual kno wledge base

is used to driv e the p osture recognition task b y giving information ab out the scene.

Chapter 4 describ es the prop osed 3D p osture a v atar whic h is a com bination

of a 3D h uman b o dy mo del and a set of parameters corresp onding to a particular

p osture. The c hapter sho ws ho w the di�eren t b o dy parts of the 3D a v atars are

animated according to the parameters. A set of p ostures of in terest is then

iden ti�ed and mo deled. These p ostures are classi�ed in a hierarc hical w a y from

general to detailed p ostures.

Chapter 5 in tro duces the prop osed h ybrid approac h whic h is comp osed of

t w o main tasks:

� the �rst task computes the p osture of the detected p erson with only infor-

mation of the curren t frame and the 3D mo dels. The 3D candidate p osture

a v atar silhouettes are generated b y pro jecting the 3D p osture a v atars on

the image plane b y de�ning a virtual camera with the same c haracteris-

tics than the real one. Eac h 3D p osture a v atar is placed in the 3D scene

according to the p eople detection task, then all p ossible a v atars are ori-

en ted with resp ect to di�eren t angles to generate all p ossible silhouettes.

The detected and generated silhouettes are mo deled and compared with 2D

represen tations to obtain the p osture.

� the second task uses information ab out the p osture from the previous

frames. The recognised p ostures from the previous frames are used to v erify

the temp oral coherency of the p osture in order to pro vide the most probable

p osture.

The di�eren t 2D silhouette represen tations in v olv ed in the approac h are also

describ ed in this c hapter.
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In c hapter 6 , the prop osed approac h is in v estigated and optimised. A

ground-truth mo del is prop osed to ev aluate the prop osed h uman p osture

recognition algorithm. Syn thetic data are generated from man y viewp oin ts to

compare the di�eren t 2D represen tations and the in�uence of the parameters on

the prop osed h uman p osture recognition approac h. The approac h is tested on

sev eral real video sequences and for di�eren t t yp es of silhouettes.

Chapter 7 sho ws ho w the p osture can b e used to recognise some actions

in v olving only one p erson. An action is represen ted with a �nite state mac hine.

Eac h state is represen ted with one or sev eral p ostures. The metho d has b een

tested for di�eren t actions suc h as the fall (imp ortan t action for medical purp ose)

or w alking.

Finally , c hapter 8 concludes this w orks, b y summarising the con tribution s of

this thesis, and b y presen ting short-term and long-term p ersp ectiv es.



8 In tro duction



Chapter 2

State of the Art

As seen in the previous c hapter, h uman p osture recognition is one step in the

h uman b eha viour analysis task. In this c hapter, the previous w ork on h uman

p osture recognition is describ ed. A ccording to the t yp e of sensor used b y the

h uman p osture recognition tec hnique, the existing approac hes can b e categorised

in the main families using:

� ph ysiological and mec hanical sensors,

� video sensor.

Ph ysiological and mec hanical sensors are used for applications where the patien t

is co op erativ e suc h as in health-care applications. Video cameras (but not only)

are generally used for applications where p eople are not co op erativ es suc h as in

video-surv eillance applications. T ec hniques using ph ysiological and mec hanical

sensors are describ ed in the section 2.1 fo cusing on the b o dy mark ers. Then a

description of tec hniques using video sensors is giv en in section 2.2. The strengths

and w eaknesses of b oth tec hniques are discussed in section 2.3. This c hapter is

concluded in section 2.4 b y brie�y describing the prop osed approac h to recognise

h uman p osture.

2.1 Ph ysiological and Mec hanical Sensors

Ph ysiological and mec hanical sensors are designed for co op erativ e p eople. T ypi-

cally , they are used for applications in v olving elderly p eople (e.g. elderly p eople

care at home). The sensors can b e used for health purp oses (e.g. b y monitoring

cardiac rh ythm) or �tness/sp ort applications (e.g. b y monitoring cardiac rh ythm,

w eigh t, etc...). Existing tec hniques can b e classi�ed in terms of their constrain ts

for the patien t: the in v asiv e and the non-in v asiv e tec hniques.

In v asiv e tec hniques are describ ed in section 2.1.1, and the non-in v asiv e tec hniques

are presen ted in section 2.1.2, fo cusing on b o dy mark ers in section 2.1.3.
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2.1.1 In v asiv e T ec hniques

The in v asiv e tec hniques use sensors w orn b y the patien t. The sensors m ust resp ect

some constrain ts:

� not-constrainin g for the patien t in her/his daily activit y ,

� easy to use,

� non-health dangerous.

The sensors measure sp eci�c data of the patien t, and can in terpret her/his ac-

tivit y . They are often link ed to a distan t tele-op erato r who receiv es the alarm

pro vided b y the sensor. The sensors detect some sp eci�c motions suc h as w alk-

ing, sitting or standing. They are also often used to detect unexp ected motion,

in particular the fall. In [Williams et al., 1998 ], the authors measure the impact

asso ciated with the fall of a p erson and used a mercure based sensor to detect

lying p osture. Kemp et al. determine the 3D orien tation of b o dy parts with 3 ac-

celerometer s and 3 magnetomet e r s [Kemp et al., 1998 ]. F all is then detected with

the 3D orien tations. In [W u, 2000 ], the author measures the horizon tal and v er-

tical v elo cities at v arious lo cations of the trunk to detect the fall signature from

normal activities (w alking, rising from a c hair, sitting do wn, descending stairs,

pic king up an ob ject from the �o or, lying do wn on a b ed). Kelly et al. ev aluate a

non in trusiv e sensor to reduce falls of n ursing home patien ts [Kelly et al., 2002 ].

The sensor is a patc h (size of a credit card) that can b e w orn directly on the skin

(on the thigh) or incorp orated in to clothing. The patc h sends an alarm when the

patien t approac hes w eigh t-b eari n g angle (see �gure 2.1). In [Noury et al., 2004 ],

the authors prop ose a sensor constituted of three accelerome t e r s to determine the

leaning (i.e. orien tation) of the trunk. Since these sensors are w orn b y the patien t,

they are not alw a ys w ell accepted b y the patien t.

Figure 2.1: P atc h sends alarm when patien t approac hes w eigh t-b earing angle [Kelly et al., 2002 ].
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2.1.2 Non-In v asiv e T ec hniques

F or in v asiv e tec hniques, the sensors are w orn b y the p erson herself/himself.

Whereas, for non in v asiv e tec hniques, the sensors are installed in the en vironmen t.

F or instance, the sensors can b e a video camera (in the next section, a detailed

description is p erformed), a pressure sensor on a c hair or an armc hair, a sensor for

detecting op ened/closed do or, windo w or cupb oard. The non-in v asiv e tec hniques

are used to monitor daily patien t b eha viour. F or instance in [Cen ter, 2006 ], ro om

for non-in v asiv ely monitoring the h uman respiratory system is describ ed. The

ro om consists of sensorised furniture: a ceiling dome microphone, a pressure sen-

sor b ed and a w ash-stand displa y . The ceiling dome microphone can detect b oth

normal and abnormal breathing sounds. The pressure sensor b ed can monitor

b o dy mo v emen t and p osture. Finally , the w ash-stand displa y giv es information

on the daily life of the patien t. These tec hniques are b etter accepted b y the pa-

tien t than in v asiv e ones b ecause the patien t do not ha v e to w ear the sensors. But

these tec hniques are up to no w limited to some sp eci�c b eha viour understanding.

2.1.3 Bo dy Mark ers

Bo dy mark ers are widely used for motion capture applications. Motion capture

is used to sim ulate realistic motion of syn thetic ob jects in a virtual space for

applications suc h as animation, medical sim ulation, biomec hanic s, virtual realit y ,

sim ulation and training. A motion capture system is comp osed of mark ers and

receiv ers. The mark ers are usually placed at the di�eren t articulation s of the

p erson. The mark ers are trac k ed throughout the time b y the receiv ers to deter-

mine their p osition and orien tation. This information is analysed to determine

the p osture of the p erformer.

Sev eral systems are commercial i sed . These systems can b e classi�ed in three

categories:

� Inertial based systems,

� Magnetic systems,

� Opto-electro n i c systems.

The systems can b e a com bination of these di�eren t tec hniques.

Inertial based systems measure p ositions and angles of di�eren t devices suc h as

accelerome t e r s or gyroscop es. Intersense [In tersense, 2006 ] prop oses a system of

6 MEMS (Micro Electro Mec hanical Systems) inertial sensors with an in tegrated

system (�gure 2.2) whic h pro vides p osition and orien tation of the sensors.

Magnetic systems calculate the p osition and angle of a mark er b y measuring the

relativ e magnetic �ux b et w een the mark er and the receiv er. MotionStar and Mo-

tionStar Wir eless 2 (�gure 2.3) are t w o pro ducts of Asc ension [Ascension, 2006 ]

so ciet y , whic h use magnetic trac k er to determine the motion of the p erformer.
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Figure 2.2: Wireless inertiaCub e 3: the receiv er and the mark er [In tersense, 2006 ].

Other systems do not use a dedicated magnetic source. The system TRIDENT

dev elop ed b y LETI is a w earable system to capture the mo v emen t in 3D. It

con tains 6 MEMS (Micro Electro Mec hanical Systems) sensors (3 acceleromet e r s

and 3 magnetomet e r s) that ma y b e w orn on the trunk of a p erson. 3D rotation

angles are determined from the earth gra vitational and magnetic �elds, it do es

not need an y external source. It can b e used to determine if a p erson is standing,

sitting or lying b y studying the orien tation of the upp er b o dy . Ho w ev er, this

kind of system is sensitiv e to exterior magnetic sources suc h as computers and

electricit y cables.

The opto-electro n i c systems use re�ectiv e mark ers illuminated from strob es

on the camera and triangulate eac h mark er from its relativ e lo cation on a 2D

map. There exist sev eral commercial systems. F or instance, COD A (Cartesian

Opto-electr o n i c Dynamic An throp ometer) of Co damotion [Co damotion , 2006 ]

is comp osed of a receiv er with three sensors (t w o sensors measure the hori-

zon tal mo v emen ts and the other one measures the v ertical mo v emen ts) and

mark ers. The mark ers are small infrared LED (Ligh t Emiting Dio des). The

LEDs are p o w ered b y batteries placed on the p erformer. Elite system of BTS

Bio engine ering [Bio engineer i n g , 2006 ] has b een dev elop ed for gait analysis.

Vic on [Vicon, 2006 ] system is comp osed of a series of high resolution cameras

(�gure 2.4) with sp ecial strob e ligh ts to capture the p osition of the mark ers. The

mark ers are small spheres pain ted with a retro-re�ect i v e substance (�gure 2.5).

The main dra wbac k of the opto-electro n i c systems is that they cannot b e used

in outdo or en vironmen t b ecause the re�ectiv e mark ers can b e misdetected.

Moreo v er, another p oin t is that the receiv er m ust b e m ultiplied to a v oid the

non-detectio n of mark ers due to o cclusion.
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Figure 2.3: MotionStar Wireless 2: the extended range transmitter and con troller, and p erformer

moun ted electronics sensors and RF (Radio F requency) transmitter [Ascension, 2006 ].

These systems are accurate and are able to giv e measures with a v ery go o d

precision (errors are often less than 0.1 mm). Ho w ev er, they are limited to a

constrained space: the p erformer m ust b e in a prede�ned lo cation. Also. the

material is often exp ensiv e, in particular for opto-electro n i c systems whic h need

high frequency receiv ers to correctly capture the motion of the p erformer.

Moreo v er, some vision tec hniques can train their algorithms to recognise h uman

b o dy p ostures b y using data computed with motion capture systems. Syn thetic

data can also b e generated with suc h motion data for p erformance ev aluation

purp ose.

2.2 Vision T ec hniques

The vision tec hniques to determine h uman p osture can b e classi�ed b y considering

di�eren t taxonomies: the t yp e of mo del used (stic k �gure, statistical, v olumetric),
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Figure 2.4: The MX3 camera for a Vicon system [Vicon, 2006 ].

the dimensionalit y of the w ork space (2D or 3D), the sensor t yp e (infra-red, visible

ligh t), the quan tit y of sensors (mono or m ulti-camer a s), static or mo ving camera.

Similar as [Ga vrila, 1999 ], w e ha v e classi�ed previous w ork based on non-in trusiv e

vision tec hniques b y considering the t yp e of mo del used and the dimensionalit y

of the w ork space:

� 2D approac hes with explicit mo dels,

� 2D approac hes with statistical mo dels

� and 3D approac hes.

2.2.1 2D Approac hes with Explic i t Mo dels

The 2D approac hes with explicit mo dels need a 2D mo del and a priori kno wledge

on ho w p eople app ears on the image. They compute the di�eren t b o dy parts of the

detected p erson to determine the p osture. The di�eren t b o dy parts are generally

the extremities of the h uman b o dy (the t w o hands, the t w o feet and the head)

and the lim bs of the b o dy (the t w o legs and the t w o arms). The 2D mo dels can b e

stic k �gures wrapp ed with ribb ons lik e in the cardb oard mo del [Ju et al., 1996 ]

see �gure 2.6.

In [Haritaoglu et al., 1998a ] and [Haritaoglu et al., 1998b ], the authors de-

scrib e their Ghost system. This system determines the lo cation of di�eren t b o dy

parts for recognising general p ostures. It �rst determines the general p osture

(standing, sitting, b ending and lying) and the orien tation (fron t or bac k view,

righ t or left view) of a p erson b y represen ting p ostures based on the a v erage hori-

zon tal and v ertical pro jections of the silhouette. The information on p osture and

orien tation allo ws the system to analyse the con tour of the silhouette in order to

determine the di�eren t b o dy parts.

In [P ark et al., 2000 ], the authors prop ose an approac h to recognise h uman p os-

tures from a single image. Eac h b o dy part is considered as a 3D cylinder and its

pro jection to the image plan is a 2D ribb on. Ribb ons that corresp ond to b o dy
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Figure 2.5: 41 mark ers for Vicon system placed strategical l y on the b o dy [Al-Zaha wi, 2006 ].

parts are estimated from the b oundary con tours. The image is segmen ted with

a w atershed algorithm to fuse the homogeneou s regions. The curv e segmen ts are

then extracted and a new region fusion is made b y studying the regions attac hed

on a curv e segmen t. If the regions can b e a part of the h uman b o dy then they are

fused in to a single region. A skin color region detection is also applied whenev er

it is p ossible. The 2D ribb ons are then estimated from the curv e con tours that

enclose candidate h uman b o dy parts. Finally , the 2D ribb ons are matc hed with

a h uman b o dy mo del.

In [W ren et al., 1997 ], the di�eren t b o dy parts are determined directly during the

segmen tation step of the video. Eac h pixel of the bac kground is represen ted with

a mean color v alue and a distribution ab out that mean. These v alues are up dated

in time to tak e in to accoun t the c hanges in the bac kground. Eac h pixel is then

classi�ed in to a bac kground or a foreground pixel b y using a m ulti-class statisti-

cal mo del of colour and shap e. The result is a 2D represen tation of the di�eren t

homogeneou s parts of the b o dy (�gure 2.7).

These approac hes need to detect correctly all the b o dy parts to ac hiev e go o d

p osture recognition. They are generally v ery sensitiv e to segmen tation errors.

The 2D approac hes with explicit mo dels giv es go o d result when the segmen tation

is correct. Moreo v er, since a 2D mo del is used, the approac hes are dep enden t on

the p oin t of view of the camera.
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Figure 2.6: The cardb oard p erson mo del. The lim bs of a p erson is represen ted b y planar patc hes

whic h are di�eren t dep ending on the orien tation of the mo del [Ju et al., 1996 ].

Figure 2.7: Video input, p eople segmen tation and a 2D represen tation of the homogeneous parts

of the b o dy [W ren et al., 1997 ].

2.2.2 2D Approac hes with Statisti c al Mo dels

T o solv e the problem of segmen tation errors, the 2D approac hes with statistical

mo dels recognise p ostures without ha ving to detect the di�eren t b o dy parts. The

p ostures are statistically mo deled during a training phase. Statistical terms are

generally deriv ed from the silhouette of the p erson.

In [Baum b erg and Hogg, 1995 ], the authors analyse statistically the 2D con tours

of the silhouette. The con tour is represen ted b y the p oin t distribution mo del

(PDM). The PDM is based on a set of example shap es of a p erson. Eac h shap e

is describ ed with a set of p oin ts whic h corresp ond to the c haracteristic of the

shap e (i.e. extremities of the b o dy). The authors prop ose a metho d to recognise

w alking p ersons.

Rosales and Scarlo� prop ose a non linear sup ervised learning tec hnique: the sp e-

cialised mapping arc hitecture (SMA). The SMA is comp osed of sev eral mapping

functions (from input data to output data) and a matc hing function automati-

cally estimated from the data. Eac h mapping function is de�ned b y a part of the

input data [Rosales and Sclaro�, 2000b ], [Rosales and Sclaro�, 2000a ].

[Ardizzone et al., 2000 ] prop ose an approac h to recognise h uman arm p osture.
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The eigen v alues of the co v ariance matrix asso ciated with the arm silhouette are

computed. A supp ort v ector mac hine (SVM) is trained with the eigen v ectors to

recognise the di�eren t arm p ostures.

In [F ujiy oshi et al., 2004 ], the authors use sk eletonisation to represen t a p erson.

The sk eleton is computed on the silhouette b y extracting the p oin ts of the con tour

whic h maximise the distance to the cen troid. The p osture of the p erson is deter-

mined b y using a metric based on the sk eleton. The b o dy inclination is computed

to ac hiev e this task.

[P anini and Cucc hiara, 2003 ] mo del p ostures with 2D probabilistic maps b y using

horizon tal and v ertical pro jections of the silhouette. A training set of T images

referred to the standing p osture is considered. The 2D horizon tal probabilistic

map H is computed as follo w:

H (x; y) =
1
T

X

t

g
�
H t �

(2.1)

where

g
�
H t � (x; y) =

�
1 if y = H t (x)
0 elsewhere

and H t
is the horizon tal pro jection of the t th

silhouette example. The analogous

computation is done for the v ertical pro jection. The recognition is ac hiev ed b y

comparing the horizon tal pro jection H of the silhouette with the pre-compute d

2D probabilistic map H :

1
width (H )

width (H )X

x=1

H (x; H (x)) (2.2)

An example of standing p osture probabilistic map is sho wn in �gure 2.8. The

authors are in terested in detecting four p ostures: standing, cra wling, sitting and

lying.

Figure 2.8: Horizon tal and v ertical 2D probabilit y maps for standing p osture. Green

p oin ts ha v e a higher probabilit y than the red ones to b elong to a standing p os-

ture [P anini and Cucc hiara, 2003 ].
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In [Bradski and Da vis, 2002 ], the authors prop ose an approac h to recognise

T-shap e, Y-shap e and ` -shap e p ostures. The silhouettes are represen ted b y the

sev en higher order Hu momen ts. Since these momen ts are of di�eren t orders, the

Mahalanobis distance metric is used as a matc hing criteria based on a statistical

measure of closeness to training samples.

In [T anik a w a and T ak ahashi, 2003 ], the authors train an arti�cial neural net w ork

(ANN) to determine signi�can t p oin ts of h uman b o dy (head, hands, feet,

shoulder join ts, elb o w join ts and knee join ts). The input feature v ector of the

ANN is extracted from a h uman silhouette image, and the output of the ANN

indicates the 2D co ordinates of the signi�can t p oin ts. Three t yp es of feature

v ectors are extracted: the ra w pixel data, the co ordinates of a sample of con tour

cen tered on the cen troid lo cation, or the distance of the sampled pixels to the

cen troid. In their w ork, the camera is assumed facing the fron t of the h uman.

2.2.3 3D Approac hes

Prop osed approac hes for h uman p osture recognition in 3D space are describ ed.

The general approac h consists in �nding the parameters of a 3D mo del suc h

as the pro jection of the mo del on the image plane to �t the silhouette of the

detected p erson. Previous w orks can b e classi�ed according to the quan tit y of

video cameras needed b y the approac hes.

2.2.3.1 Mono Camera

Some w orks ha v e b een prop osed in the recognition of hand p osture, in particular

for sign language recognition applications. The hand is represen ted with an

articulated mo del and the approac h can b e applied to the whole h uman b o dy .

In [Shimada et al., 2001 ] and [A thitsos and Sclaro�, 2001 ], the estimation of

the hand p ostures is based on 2D image retriev al. A large amoun t of p ossible

hand app earances are generated from a giv en 3D hand mo del b y rotating the

mo del join ts and for di�eren t view p oin ts. App earances and asso ciated join ts

parameters are stored in a data-base. The hand p osture of an input image

is determined b y retrieving in the data-base the most similar app earance.

In [Shimada et al., 2001 ], the app earance is the b oundary of the hand silhouette.

In order to ac hiev e a real-time pro cessing, the data-base is de�ned as an adjacency

map whic h groups the hand p ostures with similar join ts and p oin t of view. The

adjacency map of 16000 p ossible hand app earances is implemen te d on a cluster

of six computers. In [A thitsos and Sclaro�, 2001 ], the considered app earances

are the edges of the hand. The 107328 app earances are compared with the input

image using a Chamfer distance on the edges.

W ork on h uman b o dy p osture recognition with one camera is no w describ ed.

W ork in this area can b e classi�ed as mo del-based or learning-based .
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Mo del-based approac hes use an articulated 3D b o dy mo del. They consist in

computing the parameters of the 3D mo del, suc h as the mo del pro jection on the

image plane �ts with the input image (often the silhouette). Some approac hes

compare the con tour of the input silhouette with one of the pro jected mo del.

In [Kameda et al., 1993 ], a mo del-matc h i n g metho d to estimate the p ose of

an articulated ob ject is prop osed. The mo del and the algorithm are clearly

separated. An articulated ob ject is de�ned as a set of sev eral solid parts arranged

in a tree graph structure. Eac h part in the mo del is tak en up one b y one and

its rotation angles are determined based on the o v erlap relationship b et w een the

con tour of the silhouette and that of the pro jected part on the image plane.

An alternativ e is to directly compare the t w o silhouettes.

In [Mo eslund and Gran um, 2000 ], the authors represen t the h uman mo del

in a phase space spanned b y the degree of freedom of the mo del. They use the

analysis b y syn thesis approac h to matc h the phase space mo del with the real im-

age and thereb y estimating the p osture. Sev eral constrain ts are used to decrease

the dimension of the phase space. The dimensionalit y of the phase space is set

according to the application (if only the head p osture is needed then only the

degree of freedom asso ciated with the head is considered). Kinematic constrain ts

of the h uman motor system are considered (the leg cannot b end forw ard to the

knee). Collision constrain ts are also considered (t w o b o dy parts cannot o ccup y

the same space at the same time). This approac h fo cuses on the arm p osture

to allo w real-time pro cessing. The comparison of the image silhouette and

the syn thesised mo del dep ends on the complexit y of the mo del. If a complex

mo del is similar to the sub ject (in term of clothe deformations sim ulation) a

X OR op eration can b e used. If the mo del corresp onds to a stic k �gure mo del,

an AND op eration compares the silhouette. Moreo v er, the approac h needs an

initialisation phase, where the actor places her/his left arm stretc hed out and

parallel to the image plane. In [Sminc hisescu and T elea, 2002 ], the authors use

a 3D h uman b o dy mo del (�gure 2.9) whic h consists in an articulated sk eleton

co v ered b y �esh built from sup erquadric ellipsoids. They assume a reasonable

initialisation of the 3D mo del and fo cus on a lik eliho o d mo del comp osed of an

attraction term and an area o v erlap term. Both terms are based on distance map

(minimal distance of pixel silhouette to the b oundary of the silhouette) extracted

from the silhouette. The surface of the mo del is discretised as mesh and eac h

no de is pro jected on the image plane. During parameter estimation, lik eliho o d is

computed and minimised for eac h pro jected no de.

A third 3D mo del-based tec hnique is based on the articulation s of the h uman

b o dy (extracted man ually) and an throp omet r i c information. Usually around

15 articulation s and b o dy parts are man ually annotated. Giv en the set of

articulation p oin ts, the b o dy p osture is estimated. [Barron and Kak adiaris, 2003 ]

prop ose a metho d based on the geometric relations b et w een the di�eren t b o dy

parts, and apply it to a single image. [Zhao et al., 2004 ] prop ose a metho d to
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Figure 2.9: Human mo del: �at shaded (a,b) and discretisatio n

(c,d) [Sminc hisescu and T elea, 2002 ].

reconstruct h uman p osture from un-calibrate d mono cular image sequences. The

h uman b o dy articulation s are extracted and annotated man ually on the �rst

image of a video sequence, then image pro cessing tec hniques (suc h as linear

prediction or least square matc hing) are used to extract articulation s from the

other frames. In order to minimise an energy function, translations and rotations

are prop osed to adjust the �exible 3D h uman mo del with enco ded biomec hanic a l

constrain ts.

The learning-based approac hes a v oid the need of an explicit 3D h uman

b o dy mo del. These approac hes store in a data-base images with annotated

3D p ostures. T o recognise the p osture of an input image, the most similar

annotated image is tak en as reference to 3D p osture. [Mori and Malik, 2002 ]

lo calise the p osition of 14 articulation s on the image to estimate the p osture in

the 3D space. The approac h consists in storing a n um b er of 2D view examples

of the h uman b o dy in a v ariet y of di�eren t con�guratio n s and viewp oin ts with

resp ect to the camera. On eac h of these stored views, the lo cations of the b o dy

join ts are man ually mark ed and lab eled. The test shap e is then matc hed to

eac h stored view, using the tec hnique of shap e con text matc hing (a histogram

is asso ciated to a sample of con tour p oin ts). Assuming there is a similar stored

view, the b o dy join ts are transfered on the shap e. Giv en the join t lo cations, the

3D p osture is then estimated b y assuming that the relativ e lengths of the b o dy

parts are kno wn. In [Shakhnaro vic h et al., 2003 ], the authors use hashing-based

searc h tec hnique to rapidly �nd relev an t examples in a large image data-base,

and to estimate the parameters for the input using a lo cal mo del learn t from

these examples. Images are represen ted b y m ulti-scale edge direction histograms.

Edges are detected with the Sob el op erator and eac h pixel is classi�ed in to one

of prede�ned direction. The histogram of the direction is then computed within
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square windo ws of di�eren t sizes.

In [Agarw al and T riggs, 2006 ], the authors prop ose a learning-based metho d for

reco v ering 3D h uman b o dy p osture from single images and mono cular image

sequences. Instead of explicitly storing and searc hing for similar image in a

data-base, they use a non-linear regression to distill a large data-base in to a

compact mo del. The silhouettes of the training data-base are enco ded with

shap e con text descriptor. Their metho d reco v ers p ostures b y direct non-linear

regression against shap e con text descriptor extracted from an input silhouette.

Di�eren t regression metho ds are ev aluated: ridge regression, relev ance v ector

mac hine (R VM) regression, and supp ort v ector mac hine (SVM) regression. T o

handle the problem of am biguit y due to mono cular p oin t of view, the metho d is

em b edded in a regressiv e trac king framew ork using dynamics from the previous

estimated state. Mean angular errors of 4-6 degrees are obtained for a v ariet y of

standing p ostures in v olv ed in w alking motion.

2.2.3.2 Multiple Cameras

T o impro v e the accuracy of the 3D measures and to solv e self-o cclusion am bi-

guities, some approac hes in v olv e more than one camera in the h uman p osture

recognition pro cess. The same taxonom y that has b een used for mono-camer a can

b e used in this case and the existing approac hes can b e classi�ed as mo del-based

and learning-based approac hes.

The mo del-based approac hes searc h the parameters of the 3D h uman mo del

suc h as its pro jections on the di�eren t image planes �t with the input images.

In [Delamarre and F augeras, 2001 ], the authors prop ose a 3D h uman mo del con-

stituted of truncated cones, spheres and parallelepip e d s to �t with a p erson ob-

serv ed b y three cameras. The mo del has 22 degrees of freedom corresp onding to

the articulation s of the b o dy mo del. Their algorithm computes the force neces-

sary to matc h the con tour of the pro jected 3D mo del on the image plane with the

con tour of the detected p erson (�gure 2.10). The p osture at time t � 1 initialises

the p ose at time t . Moreo v er the authors assume that the initial p ose is kno wn.

In [Mittal et al., 2003 ], the authors describ e a system to estimate h uman

p ostures from m ultiple views. The silhouettes of the p ersons are extracted and

b o dy part primitiv es are computed based on the study of the curv ature of the

b oundary: the silhouette is cut according to a short-cut rule. The obtained 2D

b o dy parts are then matc hed across views using epip olar geometry to yield 3D

b o dy parts. A 3D mo del comp osed of cylinders is then computed according to

the determined 3D b o dy parts.

The learning-based approac hes learn c haracteristics ab out the h uman p ostures.

In [Iw asa w a et al., 1999 ], the join ts (elb o ws and knees) lo cations are represen ted

b y a linear com bination of the cen troid, head, and hands/feet p ositions. T raining
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Figure 2.10: Con tin uous white lines are the con tour of the silhouette of the pro jected 3D mo del.

Dotted white lines are those of the real silhouette. Red lines are the forces necessary to matc h

the con tours [Delamarre and F augeras, 2001 ].

images are man ually annotated to b e used in a genetic algorithm. The authors es-

timate the h uman p osture with three cameras. The cameras are optimally placed:

one observing the p erson from the fron t, another from the side and the last from

the top. The orien tation of the upp er b o dy (ab o v e the w aist) is computed based

on the statistical momen ts. A ccording to this orien tation a heuristic analysis of

the con tour is made to determine salien t p oin ts of the b o dy: head, hands, feet

and the di�eren t join ts in eac h image based on a genetic algorithm. Using the

camera parameters and the geometrical relationships b et w een the three cameras

the 3D co ordinates of the silhouette salien t p oin ts are obtained b y selecting t w o

views. This metho d needs an initialisation step where the sub ject k eeps the T-

shap e p osture: the cen troid and the salien t p oin ts are stored as reference.

In [Rosales et al., 2001 ], the authors in tro duce an approac h to estimate 3D b o dy

p osture using three uncalibrated cameras. The approac h consists in training a

sp ecialised mapping arc hitecture (SMA) whic h tak es as input visual features of

the silhouette (the sev en Hu momen ts) and giv es as output sev eral b o dy p osture

h yp otheses (the 2D lo cations of the b o dy join ts). The training is made with

images obtained with concen tric virtual cameras (in trinsic parameters are then

kno wn), where eac h principal axis of the cameras pass through the circle cen ter.

An exp ectation maximisation (EM) algorithm is used to �nd a self-consisten t

com bination of h yp otheses to pro vide the estimation of the 3D b o dy p ostures and

estimation of the camera parameters.

In con trast to other approac hes whic h treat the di�eren t views as images,

in [Cohen and Li, 2003 ], the authors w ork on 3D shap e. They reconstruct the

3D visual h ull of the detected p erson from the silhouettes of four sync hronous

views. The 3D visual h ull is placed in a 3D reference form (a sphere or a cylinder,

�gure 2.11). The reference form is divided in sev eral bins and the distribution of
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visual h ull p oin ts in eac h bin describ es the 3D shap e. This shap e represen tation

is used to train a supp ort v ector mac hine (SVM) allo wing the c haracterisatio n of

h uman p ostures from the computed visual h ull.

Figure 2.11: Example of shap e represen tation asso cia te d to a cylinder and a sphere as reference

form (a). In (b) and (c), the visual h ull and the spherical shap e represen tation view ed from

ab o v e and the side are displa y ed [Cohen and Li, 2003 ].

2.3 Discussion

Di�eren t approac hes ha v e b een presen ted to recognise h uman p ostures in the

previous sections according to the co op eration of the studied p eople:

� Mec hanical and ph ysiological sensors, in particular b o dy mark ers are de-

signed for co op erativ e p eople. The tec hniques using suc h mark ers giv e ac-

curate measures of the lo cation and orien tation of the b o dy join ts, but they

are limited b y the space where the actor ev olv es. Results obtained with

motion capture can b e used to tune or train the algorithms in v olv ed in the

vision tec hniques describ ed b elo w.

� Vision tec hniques are designed for non-co op era t i v e p eople. A taxonom y

based on the h uman mo del used b y the approac h is presen ted:

� 2D approac hes with explicit mo dels. These determine p ostures b y

�nding the di�eren t b o dy parts of the detected p erson. They are v ery

sensitiv e to segmen tation errors (if a b o dy part is misdetected or not

detected, the p osture is not correctly recognised). Moreo v er, since

these approac hes use a 2D mo del, they are dep enden t on the camera

view p oin t.
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� 2D approac hes with statistical mo dels. These approac hes are designed

to solv e the previous problem of sensitivit y to segmen tation errors. A

2D mo del of a p osture is learned with annotated data. They are w ell

adapted for real-time pro cessing. As with the previous approac hes,

they are dep enden t on the camera view p oin t (they dep end on the

viewp oin t of the learning phase).

� 3D approac hes. These can b e classi�ed as mo del-based and learning-

based approac hes. Mo del-based approac hes determine the 3D co ordi-

nates and orien tation of the di�eren t b o dy join ts of a giv en 3D h uman

mo del suc h as the pro jection of the 3D mo del on the image plane �t

with the input image. They require the tuning of a large n um b er of

parameters (around 20 parameters dep ending on the qualit y of the

3D h uman mo del in v olv ed in the recognition pro cess) whic h m ust re-

sp ect biomec hanic a l constrain ts. These parameters mo del the degrees

of freedom of the mo del, in particular the articulation s of the h uman

b o dy . Moreo v er, man y approac hes need an initialisation phase where

the observ ed sub ject p erforms a prede�ned p osture or supp ose that

the p osture is kno wn on the �rst frame. Learning-b a sed approac hes

need to annotate man ually training images, in particular the lo cation

of the di�eren t articulation s. Since, these approac hes w ork in 3D space

they are partially indep enden t from the camera view p oin t. �P artially

indep enden t � b ecause the problem of self-o cclusion can happ en (for

instance one arm can b e in fron t of the b o dy). In order to b e totally

indep enden t from the camera view p oin t, some of these approac hes

use sev eral cameras to solv e am biguit y and to estimate accurately the

depth (3D co ordinates) of the 2D images p oin ts.

2.4 Conclusion

In this c hapter, previous w ork on h uman p osture recognition has b een presen ted.

The accuracy of the mec hanical and ph ysiological sensors has b een sho wn but

they are limited for applications where p eople are co op erativ e. In con trary , vision

tec hniques are w ell adapted for non-co op era t i v e p ersons and they are more generic

(less constrain t, c heap er, in a large t yp e of applications) than approac hes using

non-video sensors.

As previously in tro duced, our ob jectiv e is to prop ose an approac h to recognise the

en tire h uman b o dy p osture b y using only one static camera and in real-time. F ew

w orks address this ob jectiv e. In [Zhao and Nev atia, 2004 ], the authors determine

the p ostures of a w alking or a running p erson using an articulated dynamic h uman

mo del. Running and w alking motion is decomp osed in cycles based on sev eral 3D

motion capture data sequences. 16 cycles are iden ti�ed for eac h of the motion.

Their approac h compares the 32 predicted leg motion template (mo dels) with the

detected leg using a blo c k matc hing based on a optical �o w algorithm (�gure 2.12).

In this w ork, only standing p ostures are studied.
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Figure 2.12: Computation of the predicted leg of w alking motion based on camera

mo del [Zhao and Nev atia, 2004 ].

W e prop ose an approac h inspired b y this w ork, b y com bining the adv an tages of the

2D and 3D approac hes to recognise the en tire h uman b o dy p ostures in real-time.

W e are in terested in a set of p osture whic h do es not only con tain the standing ones.

The prop osed approac h is based on a 3D h uman mo del for ac hieving indep endenc y

from the p oin t of view of the camera and emplo ys silhouette mo deling from 2D

approac hes to pro vide a real-time pro cessing. In the next c hapter, an o v erview of

the prop osed approac h is giv en.
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Chapter 3

Human P osture Recognition

Approac h Ov erview

The goal of the h uman p osture recognition approac h is to pro vide accurate infor-

mation ab out the p eople ev olving in the scene to the b eha viour analysis task.

As seen in c hapter 2, the p osture recognition problem has b een treated with 2D

approac hes and 3D approac hes. Our goal is to prop ose a framew ork that tak es the

b est of eac h approac h. In particular, w e aim at com bining the computation sp eed

of 2D approac hes and the indep endenc e from the viewp oin t of the 3D approac hes.

The ob jectiv es are presen ted in section 3.1 and an o v erview of the prop osed ap-

proac h is describ ed in section 3.2. A discussion is made in section 3.3.

3.1 Ob jectiv es

3.1.1 An Approac h to Recognise Human P ostures in Video Se-

quences

The goal of this w ork is to prop ose an approac h to recognise h uman p ostures in

video sequences (�gure 3.1) whether the p erson is co op erativ e or not (c hapter 2).

This approac h aims at helping the b eha viour analysis task in order to re�ne the

analysed b eha viour. This approac h follo ws the spatio-temp ora l analysis task in

the treatmen t c hain. Indeed, the �ltering p osture task needs information ab out

the previous p ostures of the recognised p erson. This information is giv en b y the

trac king task. The �ltered p ostures are then pro vided to the b eha viour analysis

task.

3.1.2 Constrain ts on the P osture Recogniti on Approac h

T o prop ose a generic approac h, whic h can b e used in di�eren t applications suc h

as video surv eillance or a w are house (also called home-care), sev eral constrain ts

ha v e b een iden ti�ed.
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Figure 3.1: The p osture recognition approac h pro vides information ab out the p ostures of p eople

ev olving in a video stream.

Real-time

One of the most imp ortan t constrain t is the real-time pro cessing. A video under-

standing system m ust b e able to in terpret h uman b eha viour in real-time in order

to raise an alarm (or other action) as so on as an ev en t is detected. A frame-rate of

10 images b y second is usually su�cien t to e�cien tly monitor daily elderly p eople

activities in home-care applications. This frame-rate is usually su�cien t to raise

an alarm with an acceptable resp onse time. T o b e e�cien t in term of dela y , the

h uman p osture recognition algorithm m ust pro vide in real-time the p osture of the

p eople ev olving in the scene to the h uman b eha viour analysis task.

Indep endence of the prop osed approac h from the view-p oin t

The camera view-p oin t de�nes ho w a p erson app ears on the image plane de-

p ending on the camera p osition and on the orien tation of the p erson. Therefore

dep ending on the p osition of the camera and the orien tation of the p erson, the

same p osture can app ear di�eren tly on the image plane. The prop osed approac h

m ust recognise p osture from an y p osition of the camera, and for an y orien tation

of the p erson.

Automated Approac h

Another imp ortan t p oin t of the approac h is the need of an automated pro cess. A

video understanding system generally aims at computing p ertinen t information

for an op erator. The op erator should not ha v e to in teract with the recognition

pro cess whic h should w ork automatical l y . Moreo v er, the approac h m ust b e able

to recognise p ostures of non co op erativ e p eople. F or instance, the p eople should

not b e assumed to b e observ ed from an optimal p oin t of view, lo oking at the

camera.

One Mono cular Static Camera

The approac h dep ends on the information pro vided b y the ob ject detection task.

Our approac h has to b e able to pro vide go o d results whatev er t yp e of camera the

system uses. A single camera is used in this w ork to prop ose a generic approac h.

The approac h can b e adapted to existing system with already installed video
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cameras.

The four previous constrain ts are de�ned to justify our generic and op erational

approac h describ ed in the next section.

3.2 Prop osed Approac h for Human P osture Recogni-

tion

Giv en the fact that the recognition of h uman p ostures is a stage of a video under-

standing pro cess, the p osture recognition task has to w ork in collab oratio n with

the other tasks. The input of the p osture recognition task is the results of the

p eople detection task (detection and classi�cation of ph ysical ob jects of in terest),

and of the spatio-temp ora l analysis of the p eople ev olving in the scene:

� Results of p eople detection. The p eople detection task giv es information

ab out p eople ev olving in the scene suc h as p osition or size. Generally ,

a p erson is represen ted with her/his silhouette de�ned as a binary image

where the foreground pixels b elong to the p erson.

� Results of the spatio-temp ora l analysis task. The spatio-analysis task giv es

the link b et w een frames and p eople. A single iden ti�er is asso ciated to eac h

p erson during a video sequence.

Moreo v er, a con textual kno wledge base is necessary to in terpret a scene. A con-

textual kno wledge base ma y con tain information ab out the con text of the scene

suc h as:

� The p osition of the con textual ob jects (furniture suc h as c hair or desk).

� The lo calisation of the zones of in terest (forbidden zone, safe zone, etc...).

� The c haracteristics of the camera (the calibration matrix and the p osition

of the camera).

� The seman tic asso ciated to eac h con textual ob ject to b e used in particular

b y b eha viour analysis to infer high lev el scenario.

The prop osed h uman p osture recognition approac h only need information ab out

the camera, in particular the calibration matrix and its p osition in the scene.

As sho wn in �gure 3.2, the approac h can b e describ ed in t w o in ter-connec t e d

tasks:

� T ask 1: The p osture detector.

This task recognises the p osture of a p erson isolated in the scene. The task

com bines the 2D tec hniques and the use of 3D p osture mo dels to generate

silhouettes. These generated silhouettes are then compared with the sil-

houette of the detected ob ject based on 2D tec hniques, to determine the
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Figure 3.2: The prop osed p osture recognition approac h is comp osed of t w o in ter-connected

tasks.

p osture. This task uses a con textual kno wledge base to generate a virtual

camera (b y using camera calibration information) and uses information com-

puted b y the p eople detection task to generate silhouettes. Th us the virtual

scene is observ ed b y a virtual camera whic h has the same c haracteristics

than the real one. 3D p ostures are used to acquire a certain indep endenc e

from the p oin t of view, whereas the 2D tec hniques helps to main tain lo w

pro cessing time.

� T ask 2: The p osture �lter.

The temp oral coherence of p osture is exploited in this task to repair p osture

recognition errors from task 1. The iden ti�er of the recognised p erson is used

to retriev e the previous detected p ostures. These p ostures are then used to

compute the �ltered p osture (i.e. the main p osture) b y searc hing the most

frequen t p osture for a certain p erio d of time. This task pro vides stable

recognised p ostures to analyse the actions of the p eople observ ed in the

scene.

The �ltered p ostures are then pro vided to the h uman b eha viour analysis

task.

3.2.1 3D P osture A v atar

In order to pro vide a p osture recognition algorithm indep enden t from the camera

view p oin t, a 3D p osture a v atar has b een in tro duced. It is a 3D virtual a v atar

represen ting a giv en p osture. The 3D p osture a v atar is comp osed of a 3D h uman

mo del, a set of join t parameters and b o dy primitiv es (�gure 3.3).

The 3D h uman b o dy mo del is represen ted with b o dy parts and join ts (the ar-

ticulations of the b o dy). The 3D h uman b o dy mo del de�nes the relation b et w een

the di�eren t b o dy parts (e.g. the left forearm is connected to the left upp er arm

b y the left elb o w articulation ) .

The realism of the 3D b o dy mo del dep ends on the re�nemen t of the b o dy parts

and the quan tit y of join ts. The qualit y of a b o dy part is de�ned in terms of its

represen tation c hoices. F or example, the forearm can b e represen ted b y a cylinder
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Figure 3.3: A 3D p osture a v atar is comp osed of a 3D h uman b o dy mo del, join t parameters and

b o dy primitiv es.

or b y a set of p olygons. The n um b er of join ts de�nes the degree of freedom of the

3D h uman mo del. Selection of the n um b er of join t is determined as a compromise

b et w een accuracy of the 3D mo del and computation a l time.

A set of p ostures of in terest is c hosen to co v er the p ossible applications. These

p ostures are hierarc hical l y classi�ed from general p ostures to detailed p ostures.

A 3D p osture a v atar is de�ned for eac h of the p ostures of in terest b y asso ciating

a prede�ned set of join t parameters to the 3D h uman mo del.

3.2.2 The Prop osed Hybrid Approac h

W e prop osed a h ybrid approac h com bining 2D tec hniques with the use of 3D

p osture a v atars. Human p osture recognition algorithm determines the p osture of

the p erson using the corresp onding 2D mo ving regions (the silhouettes) and its

3D p ositions. This algorithm is comp osed of three main steps:

� Silhouette generation (�gure 3.4): the 3D p osture a v atar silhouettes are

generated b y pro jecting the corresp onding 3D p osture a v atar on the image

plane. The 3D a v atars are observ ed with a virtual camera de�ned with in-

formation of the con textual kno wledge base (the camera parameters). Eac h

3D p osture a v atar is placed in the 3D scene according to the ob ject detected

b y the p eople detection task. The 3D p osition of the detected p erson is com-

puted with the calibration matrix and the silhouette. Then the a v atar is

orien ted for di�eren t angles to generate di�eren t p ossible silhouettes.

� The silhouette comparison (�gure 3.5): the detected silhouette and gener-

ated silhouettes are compared to obtain an estimation of the p osture of the

detected p erson. The comparison is made with classical 2D tec hniques (geo-

metric represen tation, Hu momen ts, sk eletonisation, horizon tal and v ertical

pro jections). The c hoice of the 2D tec hnique dep end on the qualit y of the

silhouette and of the ob jectiv es of the application.
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Figure 3.4: 3D p osture a v atar silhouettes generation dep ending on the detected p erson.

� The temp oral coherency (�gure 3.6): the recognised p osture is then com-

pared with the previously recognised p ostures to v erify the temp oral co-

herency , and corrections are made if necessary to obtain a �ltered p osture.

The �ltered p ostures are the input of the h uman b eha viour analysis task.

The 3D p osture a v atars are in v olv ed in the recognition pro cess to acquire a certain

indep endenc e from the p oin t of view. 2D tec hniques consist mainly in detecting

the mo ving regions corresp onding to detected p eople and matc h the silhouette

generated from 3D a v atar. These tec hniques enable the global p osture recognition

pro cess in real-time.

3.3 Discussion

W e ha v e presen ted in this c hapter an o v erview of the prop osed approac h to recog-

nise the p osture of whole h uman b o dy . Human p osture recognition is a step of a

video in terpretatio n pro cess as seen in section 1.2. In particular, the recognition

pro cess needs information pro vided b y the p eople detection and trac king tasks.

This pro cess also pro vides the p eople p osture to the b eha viour analysis task.

The approac h m ust comply with sev eral constrain ts: real-time pro cessing, inde-

p endence from the camera view p oin t, fully automated approac h and the use of

only one static camera (section 3.1).

The prop osed approac h is designed to tak e in to accoun t these di�eren t con-

strain ts and prop oses a generic framew ork to design an op erational comp onen t
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Figure 3.5: Comparison of the detected silhouette with the generated silhouettes.

Figure 3.6: Detected p osture is compared with previous detected p ostures to v erify the temp oral

coherency .

(section 3.2):

� The real-time pro cessing is ac hiev ed b y prop osing an h ybrid approac h whic h

com bines 2D tec hniques and the use of the 3D p osture mo dels. The silhou-

ettes are compared with computation a l l y fast 2D tec hniques.

� The 3D p osture mo dels are in tro duced to acquire a certain indep endenc e

from the camera p oin t of view. By using 3D p osture a v atars, a silhouette

can alw a ys b e obtained for an y t yp e of p osture, an y p erson p osition and

orien tation, and an y camera p osition.

� A con textual kno wledge base is used in the recognition pro cess to de�ne a

virtual camera and to compute the 3D p osition of a p erson in the scene.

This con textual kno wledge base con tains prop erties of the real camera and

calibration information. The 3D p osture a v atars are then placed according
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to the ob ject detected b y the p eople detection task in the virtual scene and

observ ed from the p oin t of view of the real camera. Th us the prop osed

approac h is fully automated.

� The approac h is able to w ork with a single static camera thanks to camera

information (calibration matrix) pro vided in the con textual kno wledge base.

The o v erview of the prop osed approac h is sho wn in �gure 3.7.

In the next c hapters, the prop osed approac h for h uman p osture recognition is

describ ed in details. In c hapter 4, the 3D p osture a v atars are de�ned and the 3D

h uman b o dy mo del is describ ed in details. The b o dy primitiv es in v olv ed in the

b o dy parts mo deling is studied and their implemen ta t i o n is describ ed. The artic-

ulation of the b o dy parts is examinated. The implemen tat i o n of the 3D p osture

a v atars is explained.

In c hapter 5, the prop osed h ybrid approac h to recognise p osture of the whole

h uman b o dy is presen ted. W e will see ho w the 3D p osture a v atars can b e p er-

formed in a real-time recognition pro cess. 2D tec hniques used to represen t the

silhouettes are studied, and the temp oral coherency of the p ostures to impro v e

the recognition is presen ted.

The approac h is ev aluated in c hapter 6.
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Figure 3.7: Ov erview of the prop osed h uman p osture recognition approac h
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Chapter 4

3D P osture A v atar

4.1 In tro duction

As seen in the o v erview (section 3.1), the prop osed h uman p osture recognition

approac h in v olv es the use of a 3D p osture a v atar. The 3D p osture a v atar is

built through a 3D h uman b o dy mo del. The 3D h uman b o dy mo deling has b een

impro v ed during the past decade in part due to the increase of computer p o w er as

w ell as application needs. 3D h uman b o dy mo dels are mainly used in 3D h uman

animations. An o v erview of the existing 3D h uman b o dy mo dels is giv en b elo w:

3D h uman animations app ear in di�eren t applications:

� Film industry . Virtual c haracter (i.e. a v atar) are widely used in �lm in-

dustry (Final F an tasy-A dv en t Children, F an tastic F our and a man y other

�lms)

� Real-time applications whic h need a real-time in teraction b et w een the user

and the virtual c haracter suc h as computer games or surgery applications.

� Sim ulation. Virtual c haracters are used in sim ulation applications for er-

gonomic study in the automotiv e industry as w ell as sp orts applications.

The 3D h uman b o dy mo dels previously prop osed can b e classi�ed as one of

four categories:

� stic k �gure mo dels,

� surfacic mo dels,

� v olumetric mo dels,

� m ulti-la y ered mo dels.

The �rst prop osed 3D h uman mo del w as based on stic k represen tation. Suc h

mo dels are represen ted b y a set of hierarc hical stic ks connected b y join ts, as sho wn

in �gure 4.1. The stic ks roughly represen t the main b ones of a h uman b o dy . This

kind of mo del is not realistic since it do es not tak e in to accoun t the deformation
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of the b o dy during animation.

Figure 4.1: Stic k �gure mo del used in [Barron and Kak adiaris, 2003 ] to estimate p osture.

Surfacic mo del impro v es the stic k mo del b y prop osing a new la y er to manage

the deformations of the b o dy: the skin la y er. The skin surrounds the previous

stic ks. The skin mo dels the b o dy deformation due to the animation of the stic ks.

The skin can b e represen ted b y p oin ts and lines, p olygons and curv ed surface

(Bezier, B-spline). The mo del is realistic but there is a problem of surface defor-

mation at join ts of the b o dy . Indeed, these mo dels do not tak e in to accoun t the

surface deformation due to a con�guratio n c hange in the b o dy join ts. An example

of suc h a mo del can b e found in �gure 4.2 where the b o dy primitiv es are p olygons

comp osed b y a set of facets.

Figure 4.2: Surfacic mo del dev elop ed in this w ork and example of the set of facets represen ting

the c hest and the righ t collar b o dy parts.

In a v olumetric mo del, simple geometric primitiv es are used to mo del the

di�eren t b o dy parts: cylinders, spheres, truncated cones (�gure 4.3). This mo del

is less realistic than the previous one since geometric primitiv es are less accurate

to represen t b o dy parts than the surfacic mo del. V olumetric mo del is w ell adapted
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for real-time pro cessing. It is th us generally used for computer vision applications.

Figure 4.3: 3D mo del in v olv ed in [Delamarre and F augeras, 2001 ] to trac k p eople in sev eral

views.

The m ulti-la y ered mo del is generally comp osed of three la y ers: the sk eleton,

the m uscles and the skin. The sk eleton giv es the relation b et w een the di�eren t

b o dy parts and animates the mo del. The m uscle la y er and the skin la y er mo del

the deformation of the b o dy due to the animation. An example of suc h a mo del is

giv en in �gure 4.4 based on metaball represen tation. A ph ysical engine is generally

asso ciated to the mo del to handle the deformation of the sk eleton and its impact

on the m uscle and skin la y ers. This mo del has a lot of parameters di�cult to

con trol whic h are hardw are dep enden t.

The c hoice of the 3D h uman b o dy mo del dep ends on the realism and the

purp ose of the application. Surfacic and v olumetric mo dels are generally used

in computer vision applications. The realism of suc h a 3D h uman b o dy mo del

dep ends on t w o principal c haracteristics:

� the realism of the b o dy primitiv es (visual realism),

� and the n um b er of join ts (animation realism).

Bo dy parts ha v e b een widely represen ted with 2D ribb ons suc h as in the Card-

b oard mo del [Ju et al., 1996 ]. But, no w the most used represen tation is based on

3D v olumetric mo dels whic h can either b e geometric or surface-based (p olygons).

Geometric represen tation can b e based on stic ks [Barron and Kak adiaris, 2000 ],

p olyhedron [Y amamoto et al., 1998 ], cylinders [Cohen et al., 2001 ] or sup er

quadrics [Ga vrila and Da vis, 1996 ]. In [Delamarre and F augeras, 2001 ], the
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Figure 4.4: The la y ered mo del used in [D'Apuzzo et al., 1999 ]: (a) the sk eleton, (b) ellipsoidal

metaballs used to sim ulate m uscles and fat tissues, (c) p olygonal surface represen tation of the

skin, (d) the shadered rendering.

authors use truncated cones to trac k individuals in m ulti-views. The b o dy prim-

itiv es represen ted b y p olygons are more realistic than ones with the geometric

represen tation.

In our case, w e w an t to recognise h uman p ostures. The most adequate mo del

is then a surfacic mo del whic h is the b est compromise b et w een realism and

computation a l sp eed. This mo del can ha v e realistic b o dy parts since the b o dy

parts are mo deled with facets. Moreo v er, surfacic mo del only needs a classical

computer with no dedicated hardw are to b e dra wn.

Another imp ortan t consideration in 3D h uman b o dy mo deling is the n um b er

of rotation parameters asso ciated with the join ts. This n um b er de�nes the

degrees of freedom (DOF) of the 3D h uman b o dy . The degrees of freedom are

related to the realism of the 3D h uman b o dy animation. A computer vision

application often needs less than 30 DOF. In [Delamarre and F augeras, 2001 ]

or [Ga vrila and Da vis, 1996 ], the authors use only 22 DOF, b y considering

only a subset of the articulation s of the total h uman b o dy . On the con trary ,

a computer graphics application ma y require more than 50 DOF. Aub el et al.

[Aub el et al., 2000 ] use 68 DOF corresp onding more to the real n um b er of h uman

join ts, plus a few global mobilit y no des that are used to orien t and lo cate the

virtual h uman in the w orld.
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The rotation parameters of the join ts are generally represen ted b y the Euler

angles. A ccording to the Euler's r otation the or em : an arbitrary rotation ma y

b e describ ed b y only three parameters whic h are three angles along the axis of

a co ordinate system. This represen tation can create singularities. Indeed, Euler

angles lead to three problems in the case of 3 DOF join ts:

� This represen tation do es not re�ect realit y . The rotation with 3 Euler angles

corresp onds to three successiv e rotations around the classical axes ( x; y; z ),

whereas in realit y the rotation is ac hiev ed directly and not sequen tially .

� Euler angles are mathematica l l y �a w ed. The Gim bal lo c k singularit y can

happ en when Euler angles are used in the case of 3 degrees of freedom.

Since thhe rotations in the Euler represen tation are done with resp ect to

the global axis, a rotation in one axis can b e confused with another axis.

Then a degree of freedom is lose. If the rotation in the Y axis rotates a

v ector (parallel to the X axis) then the rotated v ector is parallel to the Z
axis. An y rotation in the Z axis w ould ha v e no e�ect on the v ector: this is

called the Gim bal lo c k problem.

� Sev eral Euler angle represen tations can b e asso ciated to a single 3D rotation.

When necessary , the rotation parameters can b e represen ted with quaternions

to solv e these problems. A quaternion can b e de�ned as a rotation in a 4D

w orld, represen ted b y four v alues: three de�ne rotation axes and one de�nes

a rotation angle. A con v ersion is p ossible b et w een Euler angles represen tation

and quaternion represen tation (cf. app endix C). Euler angles are widely used

b ecause they are m uc h easier to read and conceptualise than a quaternion. Euler

angle represen tation is su�cien t to represen t static p ostures since no animation

is needed.

A 3D h uman b o dy mo del is c haracterised b y its b o dy primitiv es and its degrees

of freedom. These c haracteristics dep end on the application purp ose. A computer

vision applications often require high computation a l sp eed and th us use few join ts.

On the other hand, a computer graphics application ma y use man y join ts to obtain

a more realistic 3D h uman b o dy mo del.

The next section describ es the 3D h uman b o dy mo del in v olv ed in our h uman

p osture recognition approac h.

4.2 3D Human Bo dy Mo del

4.2.1 Standards on 3D Human Bo dy Mo del Represen tation

The h uman b o dy has b een strongly studied in the last cen turies. Eac h b o dy

part, articulation , as w ell as man y other small parts ha v e medical terms. With

the increasing in terest in 3D graphics o v er the past decade, there has also b een

an imp ortan t emergence of c haracter mo deling soft w are to create and animate



42 3D P osture A v atar

3D h uman b o dy . The lac k of a sk eletal structure often forces animation com-

panies and motion capture studios to dev elop their o wn proprietary solutions.

H-anim (Humanoïd Animation sp eci�cation) [H-Anim, 2006 ] prop oses a VRML-

based sp eci�cation to represen t a 3D h uman b o dy mo del.

VRML (Virtual Realit y Mo deling Language), [VRML, 2006 ] is a 3D graphics lan-

guage to represen t 3D virtual w orlds. It is not a programming language since

(similarly to HTML language) a VRML �le con tains information to visualise the

di�eren t elemen ts of the scene (shap e, ligh t, 3D p osition, texture, sound, etc...).

H-anim design goals are:

� compatibilit y: h umanoïds should w ork with an y VRML bro wser

� �exibilit y: no assumptions are made ab out the t yp es of applications that

will use h umanoïd

� simplicit y: the sp eci�cation con tains only the necessary information to

mo del and animate a 3D h uman b o dy mo del.

Up to no w, H-anim has prop osed three sp eci�cations based on the adv anced of

the VRML language and the in tro duction of new features.

H-anim 1.0 sp eci�cation is based on VRML 2.0. A 3D h uman b o dy mo del is

represen ted with a set of hierarc hical no des. Eac h no de con tains sev eral features:

� the rotation cen ter of the join t

� other join t no des link ed to this join t

� a stic k no de whic h is the b o dy part asso ciated to that join t (3D geometry ,

color, texture)

� hin ts for in v erse kinematics systems (upp er/lo w e r join t limits, orien tation

of the join t limits, sti�ness/resistance v alues)

H-anim 1.1 formalism extends the previous sp eci�cation to tak e in to accoun t

the deformations of the mo del during the animation. Site no des are added to

de�ne sp eci�c lo cations relativ e to the b o dy primitiv e. Displacer no des are also

de�ned to sp ecify whic h v ertices within the link corresp onds to a particular

con�guratio n . H-anim 200x mak es small c hanges to b est supp ort deformation

engines and animation to ols. In the MPEG-4 standard, the face/b o dy de�nitions

are based on the H-anim sp eci�cations.

4.2.2 Prop osed 3D Human Bo dy Mo del

W e prop ose a 3D h uman b o dy mo del inspired b y the H-anim sp eci�cation.

Belo w, the b o dy parts and the join ts of our 3D h uman b o dy mo del are describ ed.

W e then explain ho w to compute a 3D p osture a v atar.

The join t no des of our 3D h uman mo del are comp osed of:
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� body_ parts : the t w o b o dy parts asso ciated to the join t

� default _ pos: the default p osition of the asso ciated b o dy part

� rot : the rotation parameter of the asso ciated b o dy part

� rot _ min : the lo w er join t limit

� rot _ max : the upp er join t limit

W e de�ne 9 join t no des: an ab domen join t, left elb o w, righ t elb o w, left knee,

righ t knee, left shoulder, righ t shoulder, left hip, righ t hip plus a sp ecial join t:

the p elvis. The function of the p elvis join t is to p osition the 3D h uman b o dy

mo del in the 3D space. The p elvis has the same c haracteristics as other join t

no des plus the pos parameter to translate the 3D h uman b o dy mo del. W e do

not use all the p ossible join ts b ecause w e de�ne a 3D h uman b o dy mo del for

a computer vision application. Because the application is constrained b y real-

time pro cessing, a tradeo� m ust b e c hosen b et w een realism and pro cessing time.

Ho w ev er, the c hosen no des are su�cien t in quan tit y to represen t all the p ostures

w e ha v e planed to recognise. Our 3D h uman b o dy mo del is comp osed of 20 b o dy

parts: hair, w aist, left thigh, righ t thigh, left upp er arm, righ t upp er arm, left

shin, righ t shin, left hand, righ t hand, left forearm, righ t forearm, left fo ot, righ t

fo ot, left collar, righ t collar, nec k, head, c hest, and ab domen. Some b o dy parts

that are directly connected without a join t no de are de�ned suc h as head and

hair. This cue giv es the abilit y to c hange the b o dy primitiv e whic h mo dels the

b o dy part. A b o dy primitiv e is required to visualise the b o dy parts of our 3D

h uman mo del whic h is sho wn in �gure 4.5. F or instance, the hair b o dy part can b e

short hair as w ell as long hair. A p olygon-based represen tation is c hosen for t w o

main reasons. The �rst is that the pro cessing time for p olygon-based primitiv es is

similar to the pro cessing time for cylinder or other classical geometric primitiv es

with a classical computer. The second reason is that w e plan to use this realistic

3D h uman mo del to generate syn thetic data close to the real h uman b eing. Since

the prop osed h uman p osture recognition approac h is based on the comparison

of silhouettes as explained in c hapter 3, realistic syn thetic silhouettes ha v e to b e

generated.

Eac h b o dy part is comp osed of v ertices (2D facets whic h liv e in 3D space). These

facets can either b e a triangle (comp osed of three 3D p oin ts) or a quadrilateral

(comp osed of four 3D p oin ts). A 3D p oin t is de�ned b y:

� the 3D space co ordinates of the p oin t: [vx ; vy ; vz]T ,

� the color asso ciated to the p oin t: [vr ; vg; vb]
T

corresp onding to the red, green

and blue v alues

� the normal v ector: [nx ; ny ; nz]T with n2
x + n2

y + n2
z = 1 . This v ector giv es

information to displa y ligh t dep ending on its direction with ligh t sources.
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Figure 4.5: Bo dy parts and join ts of our 3D h uman mo del

Color and normal v ector are not imp ortan t cues for the silhouette extraction, they

are only used for a displa ying purp ose.

Our 3D h uman mo del is de�ned b y 10 join ts and 20 b o dy parts. The 10 join ts

are su�cien t to mo del the p ostures of in terest and mo v e it in the virtual scene.

The b o dy primitiv es whic h represen t the di�eren t b o dy parts are p olygon-based

to obtain realistic syn thetic data.

4.3 P osture A v atar Generation

Our 3D h uman b o dy mo del has b een de�ned b y prop osing a set of join ts and

b o dy parts. No w, w e use this 3D h uman b o dy mo del to generate our 3D p osture

a v atar.
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A 3D p osture a v atar corresp onds to the 3D h uman b o dy plus a set of join t

parameters and b o dy primitiv es. The 3D h uman b o dy is animated with the

join t parameters and visualised with the b o dy primitiv es. W e ha v e de�ned a 3D

engine to animate a 3D h uman b o dy . Moreo v er, a to ol has b een dev elop ed to

animate the 3D h uman b o dy mo del. Eac h of the articulation s can b e selected,

and the b o dy primitiv e asso ciated to this articulation can b e rotated (around

the articulation ) . The parameters can b e sa v ed to obtain the join t parameters

corresp onding to a 3D p osture a v atar.

The parameters of eac h join t are the three Euler angles � , � and 
 . Since

some articulation s ha v e only one degree of freedom (the knees), the 3D p osture

a v atar is represen ted b y a set of 23 parameters. The articulation m ust resp ect

biomec hanic a l constrain ts (see table 4.1).

� � 

� min =� max � min =� max 
 min =
 max

Ab domen -15/90 -15/15 -30/30

Left shoulder -45/45 -160/15 -90/90

Left knee 0/120 0/0 0/0

Left elb o w -100/0 0/135 -100/5

Left hip -90/30 -90/90 -30/90

Righ t shoulder -45/45 -15/160 -90/90

Righ t knee 0/120 0/0 0/0

Righ t elb o w 0/100 -135/0 -5/100

Righ t hip -90/30 -90/90 -90/30

T able 4.1: Biomec hanical constrain ts of our 3D h uman mo del: minim u m and maxim u m Euler

angles of eac h articulation (in degrees).

The prop osed 3D engine relies on the fact that when a b o dy part is mo v ed all

the subparts are also mo v ed. F or instance, if the left upp er arm is mo v ed, then

the left forearm and the left hand m ust follo w the corresp onding mo v emen t.

As seen previously , the di�eren t b o dy primitiv es are comp osed of facets, and th us

mo ving a b o dy part is equiv alen t to mo v e eac h facets whic h comp osed the b o dy

part. Rotation and translation transformations are applied to p oin ts constituting

the di�eren t facets. These transformations are represen ted b y 4x4 matrices for

homogeneou s co ordinates. The rotation around the X axis for an angle � is giv en

b y the follo wing matrix:

M X (� ) =

2

6
6
4

1 0 0 0
0 cos(� ) � sin(� ) 0
0 sin(� ) cos(� ) 0
0 0 0 1

3

7
7
5
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The rotation around the Y axis for an angle � is giv en b y the follo wing matrix:

M Y (� ) =

2

6
6
4

cos(� ) 0 sin(� ) 0
0 1 0 0

� sin(� ) 0 cos(� ) 0
0 0 0 1

3

7
7
5

The rotation around the Z axis for an angle 
 is giv en b y the follo wing matrix:

M Z (
 ) =

2

6
6
4

cos(
 ) � sin(
 ) 0 0
sin(
 ) cos(
 ) 0 0

0 0 1 0
0 0 0 1

3

7
7
5

The translation b y a v ector [x; y; z]T is represen ted with the follo wing matrix:

M T
�
[x; y; z]T

�
=

2

6
6
4

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

3

7
7
5

The order of the computation of the transformations is imp ortan t: the transfor-

mation M X M T is di�eren t from the transformation M T M X . In the case of h uman

b o dy animation, eac h b o dy part has to b e rotated according to the corresp onding

join t parameters. Considering a giv en b o dy primitiv e B , three information are

a v ailable:

1. the set of facets and the set of p oin ts whic h comp osed the b o dy parts:

F = f Fi g = ff Pj gg

2. the default p osition of the b o dy part default _ pos= [ x; y; z]T , according to

the origin of the w orld reference

3. the join t parameters, rot = [ �; �; 
 ]T de�ning ho w the b o dy part has to b e

rotated

Eac h p oin t Pj are rotated in three steps:

� �rst the p oin t is translated to the origin with the matrix M T (default _ pos)

� second the p oin t is rotated around the X axis, then around the Y axis and

�nally the Z axis with the matrix M Z (
 )M Y (� )M X (� )

� third the p oin t is translated to its original lo cation with the matrix

M T (� default _ pos)

Eac h p oin t P of the di�eren t b o dy primitiv es are th us mo v-

ing in 3D space b y applying the transformation P0 =
M T (� default _ pos)M Z (
 )M Y (� )M X (� )M T (default _ pos)P to obtain the
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new co ordinates P0
of the considered p oin t.

Since the h uman b o dy is articulated, b o dy parts m ust tak e in to accoun t the

mo v emen t of their paren ts. W e call paren t of a giv en b o dy part B , the b o dy

parts whic h in�uence B . Then when a b o dy part is mo v ed, the transformation

due to the paren ts and c haracterised b y a 4x4 matrix M is also applied as sho wn

in algorithm 1.

Algorithm 1 move(B; M )
for all Fi 2 F do

for all Pj 2 Fi do

P0
i = M T (� B:default _ pos)M Z (B:
 )M Y (B:� )M X (B:� )M T (B:default _ pos)MP i

end for

end for

Moreo v er, the algorithm whic h mo v es an en tire h uman mo del is giv en in algo-

rithm 2.

Algorithm 2 moveWholeBody()
move(waist; M T (pelvis:pos)) {the translation of v ector pelvis:pos p osition the

3D a v atar in the virtual scene}

moveUpperBody(M T (pelvis:pos)) {describ ed in algorithm 3}

moveLef tLeg (M T (pelvis:pos)) {describ ed in algorithm 4}

moveRightLeg(M T (pelvis:pos))

Algorithm 3 moveUpperBody(M )
move(abdomen; M)
M 1 = M Z (abdomen_ joint:rot:
 )M Y (abdomen_ joint:rot:� )M X (abdomen_ joint:rot:� )
move(hair; M 1M )
move(head; M1M )
move(neckM1M )
move(chest; M1M )
move(rightcollar; M 1M )
move(lef tcollar; M 1M )
moveLef tArm (M 1M ) {describ ed in algorithm 5}

moveRightArm (M 1M )

The implemen tat i o n has b een made with the Mesa Library [Mesa, 2006 ].

Mesa is a 3D graphics library with an API (Application Programm i n g In terface)

whic h is v ery similar to Op enGL library [Op enGL, 2006 ]. W e used Mesa b ecause

it is based on C language and w ell adapted to real time tasks. Details on the

implemen ta t i o n are giv en in app endix A.

W e ha v e adapted the b o dy primitiv es de�ned in SimHuman

[V osinakis and P ana yiotop ou l o s, 2001 ] to our h uman b o dy a v atar to mo del
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Algorithm 4 moveLef tLeg (M )
move(lef tthigh; M )
M 1 = M Z (lef t _ knee:rot:
 )M Y (lef t _ knee:rot:� )M X (lef t _ knee:rot:� )
move(lef tshin; M 1M )
move(lef tfoot; M 1M )

Algorithm 5 moveLef tArm (M )
move(lef tupperarm; M )
M 1 = M Z (lef t _ shoulder:rot:
 )M Y (lef t _ shoulder:rot:� )M X (lef t _ shoulder:rot:� )
move(lef tforearm; M 1M )
M 2 = M Z (lef t _ elbow:rot:
 )M Y (lef t _ elbow:rot:� )M X (lef t _ elbow:rot:� )
move(lef thand; M 2M 1M )

our b o dy primitiv es.

The case where all the join t parameters are n ull corresp onds to the T-shap e

p osture: the p erson is standing with the t w o arms up.

The 3D p osture a v atar is de�ned b y a set of 23 parameters, whic h are the Euler

angles of the join ts of the 3D h uman b o dy mo del.

4.4 P ostures of In terest

W e ha v e de�ned a generic 3D p osture a v atar. No w, w e are describing whic h p os-

tures w e w an t to recognise. There is almost an in�nit y of p ostures due to the

complexit y of the h uman b o dy .

In the literature, the main p ostures used are standing, sitting and lying p os-

tures [P anini and Cucc hiara, 2003 ] [Haritaoglu et al., 1998a ] whic h usually are

su�cien t to in terpret the b eha viour of p ersons in a video sequence. A gran ularit y

in our p ostures of in terest is in tro duced. This gran ularit y dep ends on the accu-

racy of the recognised p osture needed b y the application. The general p ostures

and the detailed p ostures are then de�ned. Detailed p ostures are sub classes of

the corresp onding general p osture. W e de�ne four general p ostures: standing,

sitting, b ending and lying, and eigh t detailed p ostures are asso ciated: standing

with one arm up, standing with arms along the b o dy , T-shap e p osture, sitting

on a c hair, sitting on the �o or, b ending p osture, lying with spread legs and lying

with curled up legs. The parameters of the p osture mo del are de�ned to represen t

eac h of these p ostures. W e can see, for example, the parameters of the p osture

mo del corresp onding to sitting on the �o or p osture in table 4.2. The asso ciated

p osture corresp onding to the 3D man mo del can b e seen in �gure 4.6. This set

of p ostures of in terest can b e mo di�ed b y adding or remo ving p ostures according

to the need of the application.

The parameters whic h c haracterise the p osture mo dels are indep enden t of the

3D h uman b o dy parts. The join t parameters can b e used with di�eren t b o dy
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join ts � � 

ab domen 0 0 0

left_elb o w 0 -88 -14

left_knee 110 0 0

left_shoulder 0 0 -82

left_hip -144 -6 0

righ t_elb o w 0 86 16

righ t_knee 112 0 0

righ t_shoulder 0 0 82

righ t_hip -144 0 0

T able 4.2: Euler angles (in degree) for the di�eren t join ts of the p osture mo del for sitting on

the �o or p osture

Figure 4.6: 3D mo del of sitting on the �o or p osture

primitiv es (di�eren t size, scale) to represen t the same 3D p osture a v atar. F or

example, only the rotation of the left shoulder is su�cien t to represen t the stand-

ing p osture with left arm up. These p ostures corresp ond to the main p ostures

concerning targeted applications. Some p ostures are dep enden t on the 3D h u-

man a v atar, in particular on the size of the b o dy primitiv es. F or example, the

p osture touc hing the nose with the left hand is dep enden t on the size of the

arm primitiv es: the rotation angles of the di�eren t articulation s (shoulder and

elb o w) will b e di�eren t in function of the lengths of the forearm and upp er arm.

Moreo v er, the prop osed 3D h uman b o dy mo del cannot represen t facial expression

suc h as smile, and more generally p ostures whic h need complex deformation for

giv en b o dy primitiv es. A complex deformation need to in tro duce new v ertices

to mo del it. Our h uman b o dy mo del can deal with scale transformations of the

b o dy primitiv es b y using the scale transformation matrix:

M S
�
[sx ; sy ; sz]T

�
=

2

6
6
4

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

3

7
7
5

F or instance a 3D man mo del with di�eren t corpulences and heigh ts is giv en in

�gure 4.7.

A hierarc hical represen tation of the p ostures of in terest is sho wn in �gure 4.8.
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Figure 4.7: 3D mo del with di�eren t corpulences and heigh ts

4.5 Conclusion

In this c hapter, p ossible tec hniques for mo deling a 3D h uman b o dy ha v e b een

presen ted: the stic k �gure mo del, the surfacic mo del, the v olumetric mo del and

the m ulti-la y ered mo del. Since the purp ose of our application is to recognise

h uman p osture and not animation, w e prop ose to use a surfacic h uman b o dy

mo del (as explained in section 4.2.2). Our mo del is comp osed of ten join ts (the

ma jor b o dy articulation s) and t w en t y b o dy parts

The 3D p osture a v atars ha v e b een designed to mo del h uman p ostures and it is

comp osed of:

� a 3D h uman b o dy mo del constituting of b o dy parts and join ts

� a set of join t parameters

� a set of b o dy primitiv es

Euler angles are c hosen as join t parameters. This is su�cien t to represen t the

eigh t p ostures of in terest w e ha v e planed to recognise. The b o dy primitiv es of the

mo del are p olygons and th us the mo del is enough realistic to generate syn thetic

data, consisting of silhouettes, close to real w orld .

The Mesa library is used to generate a p osture a v atar. The generation is based

the comp osition of translation and rotation op erations. A hierarc hical classi�ca-

tion of the p ostures of in terest has b een in tro duced. W e w an t to recognise four

general p ostures and eigh t detailed p ostures.

The 3D p osture a v atars are generic and can deal with di�eren t t yp es of b o dy

primitiv es (p olygons, cylinders, etc...). The b o dy primitiv es can b e in terpreted

as a data-base con taining man y b o dy parts represen tations c hosen according to

the need of the applications (in term of realism and visual represen tation) . The

3D p osture a v atar cannot handle complex deformations of the b o dy primitiv es to

represen t sp eci�c expression suc h as smile. But it can deal with global transfor-

mation suc h as scale of the b o dy primitiv es.
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The next c hapter sho ws ho w these p osture a v atars are em b edded in the h uman

p osture recognition task for video sequence analysis.
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Figure 4.8: Hierarc hical represen tation of the p ostures of in terest



Chapter 5

The Prop osed Hybrid Approac h

5.1 In tro duction

The previous c hapter has sho wn ho w the 3D p osture a v atar is generated from

a 3D h uman b o dy mo del. The goal of this c hapter is to sho w ho w the 3D

p osture a v atar is em b edded in the h uman p osture recognition approac h whic h

tak es adv an tage of 3D tec hniques and 2D tec hniques. The 3D tec hniques are

indep enden t from the camera p oin t of view and the 2D tec hniques are w ell

adapted for real-time pro cessing. The approac h consists in de�ning a data-base

whic h con tains the 3D p osture a v atars to b e recognised. The 3D p osition of

the detected p erson, the data-base of p osture a v atars and a virtual camera

are used to generate reliable silhouettes. Then the generated silhouettes are

compared with the detected silhouette (section 3.2) to determine the p osture of

the observ ed p erson. Finally , the detected p osture is �ltered throughout time to

enforce temp oral coherency on the p ostures.

Section 5.2 describ es the generation of silhouettes from the 3D p osture a v atar

through three steps: (1) a virtual camera is generated, (2) the p osture mo del

is p ositioned in the scene and (3) the silhouettes are generated. Section 5.3

describ es di�eren t tec hniques to represen t and compare p erson silhouette and

section 5.4 details the temp oral p osture coherency men tioned ab o v e.

5.2 Silhouette Generation

In this section, the mec hanism to generate silhouettes from a p osture a v atar is

describ ed. The p osture a v atar is placed in a 3D virtual scene according to a

p osition and an orien tation. The a v atar is visualised with a virtual camera whic h

giv es the same p oin t of view than the real one b y pro jecting the 3D scene on the

image plane.

Section 5.2.1 describ es the creation of a virtual camera designed to ha v e a similar

p oin t of view than the real one. Section 5.2.2 explains ho w the 3D p osture a v atars

are p ositioned in the virtual scene and ho w the silhouettes are generated.



54 The Prop osed Hybrid Approac h

5.2.1 Virtual Camera

A virtual camera is created to visualise a virtual scene with the same p oin t

of view than the real camera. The virtual camera is de�ned b y t w o di�eren t

sets of parameters. The �rst extrinsic set de�nes ho w the virtual scene is

observ ed: the camera transform. The second in trinsic one de�nes ho w the ob jects

of the virtual scene are pro jected in to the image plane: the p ersp ectiv e transform.

5.2.1.1 The camera transform

The extrinsic set of parameters de�nes the transformation from the w orld reference

to the camera reference. This set is de�ne b y three v ectors:

� eye = [ eye:x; eye:y; eye:z]T is the co ordinate v ector of the p osition of the

camera in the virtual w orld co ordinate system,

� center = [ center:x; center:y; center:z]T is the co ordinate of a p oin t on the

axis view (usually if it is p ossible, it is the in tersection p oin t of the axis

view with the ground plane corresp onding to the p oin t where the camera

lo ok at),

� up = [ up:x; up:y; up:z]T is the direction of the up v ector of the camera (the

v ector p erp endicul a r to the view-axis of the camera).

The transformation from the w orld reference to the camera reference is c har-

acterised with the 4x4 matrix M CT (the camera transform matrix):

M CT (� ) =

2

6
6
4

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

3

7
7
5 M T (� eye)

where M T is the translation transformation matrix, and

F =

2

4
center:x � eye:x
center:y � eye:y
center:z � eye:z

3

5

f =
F

jjF jj
(5.1)

up =

2

4
up:x
up:y
up:z

3

5

up0 =
up

jjupjj
(5.2)
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s = f:up 0
(5.3)

and

u = s:f (5.4)

This transformation aligns the Z-axis with the view axis.

5.2.1.2 The p ersp ectiv e transform

The second in trinsic set of parameters de�ne the transformation to mo del the

distortion of the camera. this set is comp osed of four parameters:

� fovy corresp onds to the angle of the �eld of view of the real camera as sho wn

in �gure 5.1. The Z-axis is p erp endicul a r to the image plane with v alues

increasing to w ard the view er.

� asp e ct is the ratio b et w een the width and the heigh t of the image acquired

b y the real camera.

� zne ar de�nes the clipping plane ( Z = znear ) near the observ er (in a virtual

scene all the ob jects cannot b e dra wn, clipping planes are then de�ned to

describ e a virtual area: only the ob jects b et w een the znear and zfar planes

are displa y ed).

� zfar de�nes the clipping plane ( Z = zfar ) far from the observ er.

The p ersp ectiv e transformation is represen ted with a 4x4 matrix de�ned b y:

M P T

2

6
6
6
4

f
aspect 0 0 0

0 f 0 0
0 0 zfar + znear

znear � zfar
2� zfar � znear
znear � zfar

0 0 � 1 0

3

7
7
7
5

where f = atan
�

fovy
2

�
.

A giv en p oin t P de�ned b y

P =

2

6
6
4

x
y
z
w

3

7
7
5

is then transformed b y:

P0 =

2

6
6
4

x0

y0

z0

w0

3

7
7
5 = M P T M CT P
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Figure 5.1: A virtual camera and its asso cia ted znear and zfar planes, and its �eld of view

fovy . Only the ob jects lo calis e d b et w een the t w o planes are displa y ed.

The obtained p oin t

h
x0

w0;
y0

w0

i T
are the co ordinates of the pro jected p oin t P

in the image plane where [� 1; � 1]T is the b ottom left corner of the image, and

[1; 1]T is the top righ t corner of the image.

z0

w0 is an imp ortan t v alue related

to the depth of the p oin t: if � 1 � z0

w0 � 1 then the p oin t P is b et w een the

clipping plane. Moreo v er this v alue is used for the Z-bu�er tec hnique as describ ed

in section 5.2.2.3 to extract the silhouette of the 3D a v atar. Some details on

the implemen tat i o n of these transformation with the Mesa library are giv en in

app endix A.

Once the virtual camera is designed, the 3D p osture a v atars are p ositioned in the

virtual scene, as explained in the next section.
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5.2.2 3D P osture A v atar P ositi oni ng

An imp ortan t k ey of the prop osed h uman p osture recognition approac h is to

determine ho w the p osture mo del is p ositioned and orien ted in the virtual scene

whic h dep ends on the p osture a v atar t yp e. The a v atar is p ositioned in the virtual

scene b y using the estimated p osition of the detected p erson. The orien tation of

the a v atar is based on an angle estimated b y trying all p ossible v alues based on

a rotation step. The extraction of the a v atar silhouette is based on a Z-bu�er

tec hnique.

5.2.2.1 P osture A v atar P osition

The 3D p osition of the detected p erson can b e estimated from the detected blob

and the calibration matrix asso ciated with the video camera. The calibration ma-

trix represen ts the en tire transformation from the w orld to the image co ordinates.

The matrix can b e determined b y the in ternal parameters of the camera (image

cen ter, fo cal length and distortion co e�cien ts) and the external parameters (p osi-

tion and orien tation relativ ely to a w orld co ordinate system). The T sai calibration

metho d is used to calibrate the real camera using kno wn 2D/3D p oin ts corresp on-

dences [T sai, 1986 ]. The transformation can b e describ ed b y a 4x 3 matrix P b y

considering homogeneou s co ordinates. The co ordinates of a 3D p oin t [U; V; W]T

in the w orld co ordinate system and its corresp onding image co ordinates [u; v]T

(in pixel co ordinate system) are related b y:

s

2

4
u
v
1

3

5 = P

2

6
6
4

U
V
W
1

3

7
7
5 (5.5)

with s an arbitrary scale co e�cien t.

Because homogeneou s co ordinates are considered, only 11 of the 12 matrix el-

emen ts are indep enden t . The same terms are obtained if ev ery elemen ts are

m ultiplied b y the same constan t. Here the t w elfth elemen t ( P12 ) of the matrix P
is assumed to b e equal to 1.

P =

2

4
P1 P2 P3 P4

P5 P6 P7 P8

P9 P10 P11 1

3

5
(5.6)

The matrix P can b e decomp osed in to P = A [Rjt] where A is a 3x 3 matrix, map-

ping the normalized image co ordinates to the retinal image co ordinates. [Rjt] is

the 3D transformation from the w orld co ordinate system to the camera co ordinate

system (where R is the 3x3 rotation matrix and t the translation v ector).

By dev eloping equations 5.5 and 5.6, the follo wing 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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and

(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 computation of the 3D w orld co ordinates of a p oin t in the image is p erformed

under the assumption that the w orld p oin t b elongs to a particular plane. In our

case, w e are in terested b y the p osition of the detected p erson on the ground plane

( W = 0 ). Equations 5.9 and 5.10 b ecomes 5.11 and 5.12 resp ectiv ely when W is

set 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, b y replacing the V v alues in equation 5.11:

U =
P4 � u
P9 � P1

�
P10u � P2

P9u � P1
V (5.14)

F or all p oin ts [u; v]T in the image, the corresp onding 3D co ordinates [U; V; W]T on

the ground plane (W = 0) can b e computed according to equations 5.13 and 5.14.

Dep ending on the t yp e of the p osture a v atar to b e p ositioned, t w o distinct p oin ts

on the blob are considered: the middle p oin t of the b ottom of the b ounding b o x

and the silhouette cen tre of gra vit y (�gure 5.2). The middle p oin t of the b ottom

of the b ounding b o x is used to p osition standing, b ending and sitting p osture

a v atars. It appro ximates the p osition of the detected p erson feet. The cen tre of

gra vit y is used to p osition lying p osture mo del i.e. it appro ximates the ab domen

p osition of the lying p erson.

5.2.2.2 P osture A v atar Orien tation

As previously seen, the p osture recognition approac h rotates the di�eren t p osture

a v atars around one rotation axis with resp ect to the camera p oin t of view in

order to generate silhouettes with di�eren t orien tation angles. The rotation axis

is de�ned in function of the t yp e of p osture a v atars and dep ends on ho w the

a v atars are p ositioned. The rotation axis of standing, b ending and sitting p osture

a v atar is the v ertical axis passing through the feet of the p erson. The rotation

axis of the lying p ostures is the v ertical axis passing through the ab domen of the

p erson.

The 0 degree orien tation is c hosen when a p erson is facing the camera from an y
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Figure 5.2: Example of 2D p oin t lo cation to p osition the 3D p osture a v atars. In the t w o �rst

images (a standing p osture a v atar), the considered p oin t is the b ottom cross (middle of the

b ottom of the b ounding b o x). In the t w o last images (a lying p osture a v atar) the considered

p oin t is the top cross (the cen tre of gra vit y of the silhouette).

3D p osition. The default orien tation can b e computed with the p osition of the

p erson [U; V; W]T and the p osition of the camera [UC ; VC ; WC ]T . The default

orien tation � is then computed b y applying the Pythagore theorem as follo ws

(�gure 5.3):

� = acos

0

@ U � UCq
(U � UC )2 + ( V � VC )2

1

A
(5.15)

In the case where the denominator of the ration in equation 5.15 (U � UC )2 +
(V � VC )2 = 0 , that is to sa y the p erson is lo cated at the v ertical of the camera,

w e decide that the default orien tation is equal to 0.

Figure 5.3: Computation of the default orien tation � of a p erson where 0 degree corresp ond

to a p erson lo oking at the camera. The �gure represen ts the pro jection of the camera p osition

[UC ; VC ]T (resp ectiv ely the p osition of the p erson [U; V ]T ) on the ground plane.

Th us, according to the t yp e of the considered p osture a v atar, it can b e

correctly p ositioned and orien ted in the scene b y computing its 3D p osition

and its default orien tation. The approac h rotates the p osture a v atars around
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themselv es with a giv en rotation step ( rotation _ step). The algorithm p ositions

eac h p osture a v atar at lo cation [Ubb; Vbb; 0] in the virtual scene corresp onding

to the middle p oin t of the b ottom of the b ounding b o x in the image plane (or

the cen tre of gra vit y of the silhouette [Ucog; Vcog; 0]T dep ending on the t yp e of

p osture a v atar). The algorithm increasly rotates the a v atar b y incremen tin g its

orien tation b y a giv en rotation step un til the a v atar mak es a complete turn. The

virtual scene is observ ed with the previously de�ned virtual camera, then the

silhouette is extracted for eac h orien tation (algorithm 6).

The silhouette extraction is describ ed in detail in the next section.

Algorithm 6 computeAllGeneratedSilhouettes(Ubb; Vbb; Ucog; Vcog; UC ; VC ; rotation _ step)
all _ silhouettes  NULL
� 1  defaultOrientation (Ubb; Vbb; UC ; VC ) {compute the default orien tation

in function of the camera and a v atar p ositions}

� 2  defaultOrientation (Ucog; Vcog; UC ; VC )
for all Pi 2 postures_ of _ interest do

� init  choose_ default _ orientation (Pi ; � 1; � 2) {c ho ose the default orien-

tation dep ending on the considered p osture}

U; V  choose_ default _ position (Pi ; Ubb; Vbb; Ucog; Vcog) {c ho ose the default

p osition dep ending on the considered p osture}

�  0
while � < 360 do

Rotate(Pi ; � + � init ) {rotate the i th
a v atar}

Translate(Pi ; U; V) {translate the i th
a v atar}

all _ silhouettes  all _ silhouettes; SilhouetteExtraction ()
�  � + rotation _ step

end while

end for

return all _ silhouettes

5.2.2.3 Silhouette Extraction

The silhouette extraction algorithm is based on the Z-bu�er tec hnique. The

basic idea of the Z-bu�er is to store in an arra y the maxim um Z co ordinates of

an y feature plotted at a giv en lo cation [u; v]T on the image plane. The Z-axis is

p erp endicul a r to the image plane with v alues increasing to w ard the view er so that

an y p oin t where Z co ordinate is less than the corresp onding Z-bu�er v alue will b e

hidden b ehind some features whic h ha v e already b een plotted. So in our case, the

Z-bu�er is used to kno w if a pixel on the image plane b elongs to the silhouette or

to the bac kground. F or all pixels of the image, the Z-bu�er v alue is determined

with the transformation describ es in section 5.2.1. The v alue

z0

w0 is computed for

eac h pixel of the image: if this v alue resp ects � 1 � z0

w0 � 1 the pixel b elongs to
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the silhouette of the a v atar otherwise, the pixel is classi�ed as a bac kground pixel.

T o optimise the computation time and to a v oid problem of misdra wing, a

double bu�ering tec hnique is used. The silhouette m ust b e extracted only when

all the b o dy parts are dra wn. Indeed, if the silhouette is extracted when all the

dra wing op erations are not done then the silhouette will b e false. T o resp ect this

constrain t, t w o bu�ers are used:

� the op eration bu�er: all the dra wing op erations are done in this bu�er. The

di�eren t b o dy parts are sequen tially dra wn in this bu�er according to the

desired 3D p osition and orien tation.

� the curren t bu�er: this bu�er con tains the considered 3D p osture a v atar

with all the di�eren t b o dy parts. The silhouette is extracted from this

bu�er.

Exp erimen tat i o n s ha v e sho wn that the computation time needed to ensure that

all the dra wing op erations are done is ab out 0:001 second for one silhouette.

When all the dra wing op erations are done, i.e. when all the b o dy parts are dra wn,

the second bu�er b ecomes the curren t one and the silhouette of the considered

3D p osture a v atar can b e extracted with the Z-bu�er tec hnique describ ed ab o v e.

The silhouettes are then obtained from the p osture a v atars. No w these silhou-

ettes m ust b e compared with the detected blob to determine the p osture of the

observ ed p erson.

5.3 Silhouette Represen tation and Comparison

A silhouette represen tation m ust b e c hosen to compress and to mo del the silhou-

ette data. An asso ciated comparison metho d m ust also b e pro vided to measure

the similarit y b et w een the silhouettes. The silhouette represen tations m ust re-

sp ect t w o issues:

� Computation time. In our approac h sev eral silhouettes are mo deled and

compared. F or instance, if a rotation step of 36 degrees and 10 p ostures of

in terest are considered, then 100 silhouettes are generated. The silhouette

represen tation m ust mo del and compare these silhouettes in a little time.

� Dep endence on the silhouette qualit y . Since the comparison is based on the

silhouettes, the represen tation m ust b e able to treat noisy silhouettes.

In section 5.3.1, sev eral silhouette represen tations are describ ed and their robust-

ness to the t w o previous issues are discussed. In section 5.3.2, a fo cus is made on

the c hosen represen tations.
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5.3.1 Silhouette Comparison

Comparing t w o silhouettes is a problem of shap e similarit y whic h is inher-

en tly ill-de�ned b ecause the signi�cance of �similar� is application dep enden t.

A brief surv ey of tec hniques used in silhouette represen tation is giv en in

next section. More complete surv eys on shap e matc hing can b e found in

[V eltk amp and Hagedo orn, 2001 ] or in [Loncaric, 1998 ].

The existing approac hes to represen t a silhouette ma y b e classi�ed in to three

categories:

1. feature-based

2. b oundary-based

3. structural-based

1. F eature-based approac hes determine a feature v ector for a giv en silhouette.

T w o op erations need to b e de�ned: a mapping of the silhouette in to the feature

represen tation and a similarit y measure of feature v ectors. The simplest features

are represen ted b y geometric v alues:

� A r e a : the quan tit y of pixels whic h b elong to the silhouette.

� Perimeter . The quan tit y of pixels whic h b elong to the b oundary of the

silhouette.

� Centr oid . The cen tre of gra vit y of the silhouette.

� Comp actness . This v alue determines ho w round is a silhouette.

� Ec c entricity or Elongation . It represen ts the ratio of the short axis length to

the long axis length of the b est �tting ellipse of the silhouette. This ratio is

similar to the ratio of the heigh t and width of a rotated minimal b ounding

b o x whic h con tains the silhouette.

� R e ctangularity . It de�nes �ho w� rectangular the silhouette is b y computing

the ratio of the area of the silhouette and the area of the b ounding b o x. The

b ounding b o x is the minimal rectangle whic h encloses the silhouette. This

feature has a v alue of 1 for a rectangular silhouette and decreases to 0 for a

cross shap e (cross shap e minimises the area of the shap e and maximise the

area of its b ounding b o x).

� Orientation . the o v erall orien tation of the 2D silhouette on the image plane.

More sophisticated features ma y b e used. In particular, statistical momen ts

are applied. Based on these momen ts, man y v ariations ha v e b een prop osed, so

that they remain in v arian t under certain transformations suc h as translation,

scaling or rotation. The most commonly used momen ts are the sev en Hu mo-

men ts: [Bobic k and Da vis, 2001 ], [Rosales, 1998 ]. Another widely used p erson
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represen tation is based on horizon tal and v ertical pro jections of the silhouette

[Haritaoglu et al., 1998b ], [Haritaoglu et al., 1998a ], [Cucc hiara et al., 2003 ].

Usually , a com bination of these features is used to represen t the silhouette. Ei-

ther the Euclidean distance or a w eigh ted v ector distance is used to measure the

similarit y b et w een silhouettes S1 and S2 :

S
�

~S1; ~S2

�
=

mX

i =1

� i 	 i

�
~S1i ; ~S2i

�
(5.16)

where 	 i

�
~S1i ; ~S2i

�
is the distance b et w een the feature v ectors

~Sj i , j 2 f 1; 2g,

asso ciated with the i th
feature of the silhouette Sj . These represen tations are not

time consuming (ab out 0.04 second to represen t and compare 100 silhouettes).

The geometric features and Hu momen ts represen tations ha v e a certain dep en-

dence on the qualit y of the silhouette since they are computed on the whole

silhouette, an error in the silhouette is in all the terms of the represen tation. The

horizon tal and v ertical pro jections represen tation is less sensitiv e to the qualit y

of the silhouette. Its smo othing p o w er tends to treat errors in the silhouette.

2. Boundary-based approac hes represen t a silhouette b y only its b oundary .

The approac hes can consider a sample of p oin ts or all the p oin ts of the b oundary .

F ujiy oshi et al. ( [F ujiy oshi and Lipton, 1998 ] and [F ujiy oshi et al., 2004 ]) extract

salien t p oin ts on the b oundary of the silhouette b y studying the distance b et w een

the b oundary and the cen tre of gra vit y of the silhouette. The authors call this

op eration the �sk eletonisation�: the sk eleton of the silhouette is obtained b y link-

ing the salien t p oin ts with the cen tre of gra vit y . In [Dedeoglu et al., 2006 ], the

authors use �sk eletonisation� to classify a mo ving ob ject ev olving in a video in to

classes suc h as h uman, h uman group or v ehicle; and h uman actions are classi�ed

in to prede�ned classes suc h as w alking, b o xing or kic king.

Belongie et al. ( [Belongie et al., 2002 ]) prop ose to matc h shap es and to recog-

nise ob jects with a tec hnique called shap e con text. A sample of uniformly spaced

p oin ts on the con tour is extracted. F or a giv en sampled p oin t, a shap e con-

text descriptor is de�ned b y determining the set of v ectors from this p oin t to all

other sampled p oin ts on the shap e. Sp eci�cally , the shap e con text for a p oin t

is a log-p olar histogram that sorts all v ectors for a giv en p oin t b y a relativ e dis-

tance and an angular orien tation. The histogram is computed according to a

log-p olar target and can b e in terpreted as a series of concen tric circles enclosing

a n um b er of bins (�gure 5.4). The densit y of sampled p oin ts is computed for

eac h bin indexed b y � and log r : dark er is the histogram, greater is the densit y .

In [Mori and Malik, 2002 ], h uman b o dy is estimated with shap e con text matc h-

ing.

The similarit y b et w een t w o silhouettes can also b e measured with their Cham-

fer distance [Barro w et al., 1977 ]. Giv en the t w o sets of p oin ts, P = f pi g
n
i =1 and

Q = f qj gm
j =1 whic h b elong to the b oundaries, the Chamfer distance is computed
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Figure 5.4: Log-p olar target used in shap e from con text represen tation and a corresp onding

histogram where in tensit y is relativ e to densit y .

as the mean of the distances b et w een eac h p oin t b elonging to P and its closest

p oin t in Q :

dcham (P; Q) =
1
n

X

pi 2 P

min
qj 2 Q

k pi � qj k (5.17)

The symmetric Chamfer distance is obtained b y adding dcham (Q; P) . A compari-

son of shap e con text and Chamfer distance is giv en in [Tha y anan than et al., 2003 ]

for ob ject lo calisation in cluttered scene. The authors claim that Chamfer dis-

tance is more robust in cluttered scenes than shap e con text matc hing b y testing

the measures for hand lo calisation.

These represen tations are based on the b oundary of the silhouettes, so they ha v e

a certain dep endence on the qualit y of the silhouette. The shap e from con text

need a h uge computation time according to the n um b er of considered bins and

p oin ts on the b oundary (ab out 3.5 seconds for 100 silhouettes b y considering 100

p oin ts on the b oundary and 18 bins). The sk eletonisation represen tation treats

100 silhouettes in 0.04 second.

3. Structural-based approac hes usually represen t the silhouette b y a graph.

A sk eleton is computed with a distance transform. A distance transform D , com-

putes a map in whic h eac h p oin t corresp onds to the distance of the pixel to the

closest pixel of the ob ject b oundary . Once the sk eleton is computed, its di�eren t

"branc hes" are describ ed, usually in p olar co ordinate, b y their orien tation and

p osition. In [Sminc hisescu and T elea, 2002 ], the distance transform D is appro x-

imated b y solving the Eik onal equation:

jr D j = 1 (5.18)

This equation mo dels the displacemen t in a p erp endicul a r direction of a curv e at

a constan t sp eed. D is initialised to 0 on the b oundary . The solution of equa-
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tion 5.18 has the prop ert y that its lev el sets are at equal distance from eac h other

in the 2D space. Th us D is a go o d appro ximation of the distance transform map.

The silhouette sk eleton is then extracted from this distance map. The principal

dra wbac k of these tec hniques is that the sk eleton of a noisy silhouette ma y b e

completely di�eren t from the one of a sharp silhouette.

In [Aslan and T ari, 2005 ], the authors prop ose a new axis-based silhouette rep-

resen tation b y de�ning the relativ e spatial arrangemen t of lo cal symmetry axes

and their prop erties in a shap e cen tered co ordinate frame. The symmetry p oin ts

are extracted from the ev olving curv es roughly mimic the motion b y curv ature � .

The curv e is ev olving according to the equation 5.19 b y initialising D b y 1 on the

b oundary:

r 2D �
D
� 2 = 0 (5.19)

where � is the curv ature. In this represen tation, the branc hes are not necessary

connected.

In [Erdem et al., 2006 ], the sk eleton is extracted using the equation 5.19. The

authors argue that this represen tation do es not distinguish a lik ely articulation

from an unlik ely one. They prop ose an �articulation space� in whic h similar ar-

ticulations yield closer co ordinates.

The main dra wbac k of this tec hnique to compute the sk eleton is the iterativ e

pro cess. Another tec hnique has b een implemen ted , based on the propagation of

lo cal distances in a t w o passes algorithm o v er the image, kno wn as �the la wn

mo wing algorithm� [Rosenfeld and Kak, 1976 ]. The distance map is initialised to

the in�nit y , and the pixels of the b oundary to 0. During the �rst pass, forw ard

pass, the image is pro cessed from left to righ t and from top to b ottom. During

the second pass, bac kw ard pass, the image is pro cessed from righ t to left, b ot-

tom to top. The pixel under consideration, is giv en the minim um v alue of itself

and the v alues of its already visited neigh b ors eac h increased b y their resp ectiv e

lo cal step w eigh ts. This pro cess of propagating information o v er the image using

lo cal step w eigh ts is often referred as c hamfering, and w eigh ted distance trans-

forms (WDT s) [Borgefors, 1986 ], are therefore sometimes called Chamfer distance

transforms or simply distance transform.

The principal dra wbac k of the distance transform is that it is strongly dep enden t

on the qualit y of the silhouette. An hole in the considered silhouette giv es a dis-

tance transform di�eren t from the one of the same silhouette without hole. Some

examples are giv en in �gure 5.5.
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Figure 5.5: Silhouettes and asso cia ted distance maps. A dark er pixel implies a nearest pixel to

the b oundary of the silhouette.

The table 5.1 summarises the di�eren t silhouette represen tations cited ab o v e

b y ev aluating their computation time need and their dep endence on the silhouette

qualit y . The n um b er of + and � giv es an appro ximated idea ab out the t w o cited

prop erties. The 2D metho d is w ell adapted to the considered prop ert y if there is

sev eral � . In v ersely , the 2D metho d is not adapted to the considered prop ert y if

there is sev eral + .

2D metho ds Computation time Silhouette qualit y dep endence

Geometric features - - ++

Hu momen ts - - ++

H. & V. pro jections - - +

Sk eletonisation - ++

Shap e from con text +++ ++

Distance transform - +++

T able 5.1: Classi �ca ti o n of di�eren t 2D metho ds to represen t silhouette according to their

computation times and their dep endence on the qualit y of the silhouette.

F our di�eren t represen tations ha v e b een c hosen according to the table 5.1:

� a com bination of geometric features of the silhouette,

� the sev en Hu momen ts,

� the sk eletonisation
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� and the horizon tal and v ertical pro jections.

In the next section, the four silhouette represen tations whic h comp osed the

prop osed h ybrid approac h are describ ed in details.

5.3.2 Silhouette Represen tation

5.3.2.1 Hu Momen ts

Shap e represen tation b y statistical momen ts is a classical tec hnique in

the literature [Bobic k and Da vis, 2001 ]. W e use the de�nition describ ed

in [Bobic k and Da vis, 2001 ]. These momen ts are based on 2D p olynomial mo-

men ts:

mpq = � x � yxpyq� (x; y)

where � is equal to 1 for pixels b elonging to the silhouette and 0 for the bac k-

ground. In order to mak e momen ts in v arian t to translations, the momen ts are

cen tered :

� pq = � x � y(x � �x)p(y � �y)q� (x; y)

where �x = m10
m00

and �y = m01
m00

. F urthermore, the follo wing momen ts are computed

to b e in v arian t to scale c hanges b y dividing the cen tered momen ts b y the area of

the silhouette:

� pq =
� pq

�
p+ q

2 +1
00

where p + q � 2. Finally for these momen ts to b e in v arian t to rotations, the

follo wing sev en Hu momen ts are computed:

H1 = � 20 + � 02

H2 = ( � 20 � � 02)( � 20 � � 02) + 4 � 11� 11

H3 = ( � 30 � 3� 12)( � 30 � 3� 12) + ( � 03 � 3� 21)( � 03 � 3� 21)

H4 = ( � 30 + � 12)( � 30 + � 12) + ( � 03 + � 21)( � 03 + � 21)

H5 = ( � 30 � 3� 12)( � 30 + � 12)[( � 30 + � 12)( � 30 + � 12) � 3(� 03 + � 21)( � 03 + � 21)]

+(3 � 21 � � 03)( � 03 + � 21)[3(� 30 + � 12)( � 30 + � 12) � (� 03 + � 21)( � 03 + � 21)]

H6 = ( � 20 � � 02)[( � 30 + � 12)( � 30 + � 12) � (� 03 + � 21)( � 03 + � 21) (5.20)

+4 � 11(� 30 + � 12)( � 03 + � 21)]

H7 = (3 � 21 � � 03)( � 30 + � 12)[( � 30 + � 12)( � 30 + � 12) � 3(� 21 + � 03)( � 21 + � 03)]

� (� 30 � 3� 12)( � 21 + � 02)[3(� 30 + � 12)( � 30 + � 12) � (� 21 + � 03)( � 21 + � 03)]

The detected blob and the generated silhouettes are represen ted with these sev en

Hu momen ts de�ned in equations 5.20. The comparison b et w een t w o sets of Hu

momen ts is p erformed using an Euclidean distance.
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5.3.2.2 Geometric F eatures

In this section, a com bination of di�eren t geometric features is studied to represen t

the silhouette: area, cen troid, orien tation, eccen tricit y and compactness. Eac h of

these features are describ ed b elo w. Most of these measures mak e reference to

the classical momen ts mij and to the cen tered momen ts � ij . A de�nition of

these momen ts are giv en in section 5.3.2.1 and they are computed on the whole

silhouette.

Area

The area AS of the silhouette S is computed b y coun ting the quan tit y of pixels p
whic h b elong to the silhouette:

AS = Card f p 2 Sg = m00 (5.21)

where # is the cardinal op erator and m00 the zero order momen t.

Cen troid

The cen troid of the silhouette is computed using the classical momen t m00 , m01

and m10 :

[�x; �y]T =
�

m10

m00
;
m01

m00

� T

(5.22)

Orien tation

The 2D orien tation of the silhouette is determined using the second order cen tered

momen ts � 11 , � 20 and � 02 . By considering the co v ariance matrix of the image:

Cov(I ) =
�

� 0
20 � 0

11
� 0

11 � 0
02

�
(5.23)

where � 0
ij = � ij

� 00
. The orien tation � of the silhouette corresp onds to the angle of

the eigen v ector asso ciated to the largest eigen v alue with the v ertical axis and can

b e computed as:

� =
1
2

atan
�

2� 0
11

� 0
20 � � 0

02

�
(5.24)

The v alue b elongs to the range ] � 90; 90] degrees and giv es the angle with the

v ertical axis (�gure 5.6).
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Figure 5.6: Example of orien tation for t w o di�eren t generated silhouettes. The co ordinate

system is represen ted in green, and the principal axis is dra wn in red. The orien tation on the

t w o �rst (resp. last) images is of 3.3 (resp. -73.9) degrees

Eccen tricit y

The eccen tricit y represen ts the ratio of the short axis length to the long axis

length of the b est �tting ellipse of the shap e. The eccen tricit y is computed from

second order cen tral momen ts of the shap e. The t w o eigen v alues � i of the matrix

de�ned in equation 5.23 can b e calculated with:

� i =
� 0

20 + � 0
02

2
�

q
(� 0

20 � � 0
02)2 + 4 � 02

11

2
(5.25)

� i are prop ortional to the squared length of the eigen v ectors and the ratio of the

eigen v alues giv es the eccen tricit y of the silhouette:

Ecc =
� 0

20 + � 0
02 �

q
(� 0

20 � � 0
02)2 + 4 � 02

11

� 0
20 + � 0

02 +
q

(� 0
20 � � 0

02)2 + 4 � 02
11

(5.26)

This v alue b elongs to the range [0; 1]. It de�nes if the shap e appro ximates more

a circle ( Ecc = 0 ) than a segmen t ( Ecc = 1 ). In �gure 5.6 the eccen tricit y v alues

are for the left and righ t images resp ectiv ely 0.5 and 0.8.

Compactness

The compactness v alue determines ho w round is the silhouette.

Com =
4� � AS

P2
S

=
4� m00

P2
S

(5.27)

with AS the area of the silhouette (equation 5.21), and PS the quan tit y of pixels

whic h b elong to the silhouette b oundary . The compactness v alue is maxim um

for a circle silhouette ( Com = 4�� r 2

(2� r )2 = 1 ) and is less for other silhouettes. In

�gure 5.6, the compactness v alues are 0.18 and 0.29 for the left and righ t images

resp ectiv ely .
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Com bination of the geometric features

In order to compare t w o silhouettes, S1 and S2 , the previous describ ed features

are computed and com bined b y a similarly measure S:

S (S1; S2) =
mX

i =1

� i 	 i (S1; S2) (5.28)

with 	 i the measure asso ciated to the i th
feature.

F or eac h feature, a distance measure is prop osed and the results alw a ys b elongs

to the in terv al [0; 1] (0 for iden tical features and 1 for totally di�eren t):

� Area.

	 A (S1; S2) =
jA1 � A2j
A1 + A2

(5.29)

where A i is the area of the silhouette Si .

� Cen troid.

	 x (S1; S2) =

q
( �x1 � �x2)2 + ( �y1 � �y2)2

q
max (h1; h2)2 + max (w1; w2)2

(5.30)

where hi and wi are the heigh t and width of the b ounding b o x of the sil-

houette Si and [ �x i ; �yi ]
T

is its cen troid.

� Orien tation.

	 � (S1; S2) =

(
j � 1 � � 2 j

90 if j� 1 � � 2j < 90
180�j � 1 � � 2 j

90 else

(5.31)

where � i is the orien tation of the silhouette Si

� Eccen trici t y .

	 Ecc (S1; S2) = jEcc1 � Ecc2j (5.32)

where Ecci is the eccen tricit y of the silhouette Si .

� Compactness.

	 Com (S1; S2) = jCom1 � Com2j (5.33)

where Comi is the compactness of the silhouette Si .
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5.3.2.3 Sk eletonisation

A silhouette can b e represen ted b y its b oundary . One w a y to extract salien t p oin ts

of the b oundary is b y sk eletonising the silhouette. There are man y tec hniques to

compute the silhouette sk eleton suc h as thinning or distance transformation (sec-

tion 5.3). These tec hniques are computation a l l y exp ensiv e. The metho d w e use

here is similar to the one prop osed in [F ujiy oshi et al., 2004 ] and is describ ed b e-

lo w.

The silhouette is dilated t wice to remo v e small holes. Then an erosion is applied

to smo oth out an y anomalies. The b oundary is obtained b y using a b order follo w-

ing algorithm. The cen troid of the silhouette is determined based on statistical

momen ts. The distances from the cen troid to the b oundary p oin ts are calculated

as Euclidean distances. Finally , the obtained distance curv e is smo othed b y using

a smo othing �lter b efore lo cal maxima extraction. The lo cal distance maxima

corresp ond to the salien t p oin ts of the b oundary . The sk eleton is then formed b y

connecting these maxima to the cen troid.

A mean windo w algorithm is c hosen to smo oth the curv e: the smo othed v alue of

the curv e is equal to the mean of the distances of the neigh b or b oundary p oin ts

within the windo w. A larger windo w (in size) allo ws the detection of a smaller

n um b er of salien t p oin ts 5.7.

Figure 5.7: Examples of sk eleton obtained for di�eren t windo w size: 0, 7, 9, 11, 21, and 41. The

b oundary of the silhouette is sho wn in green, and the sk eleton is dra wn in red. More the size of

the windo w is big, less salien t p oin ts on the b oundary are found.

A measure based on the distance b et w een salien t p oin ts is prop osed to ev aluate

the similarit y b et w een t w o silhouettes. The sk eleton p oin ts are cen tered around

the cen troid of the silhouette. Let us de�ne SD a set whic h con tains the sk eleton

p oin ts of the detected silhouette, and SAi a set whic h con tains the sk eleton p oin ts

of the a v atar silhouette of the i th
p osture. The measure b et w een the t w o sk eletons

c haracterised b y SD and SAi is giv en b y:

M i =
X

d2 SD

min
a2 SA i

(kd � ak) (5.34)

where k:k is the Euclidean distance. The p osture that minimises this measure is

c hosen as the solution.
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5.3.2.4 Horizon tal and V ertical Pro jections

A silhouette can b e represen ted b y its horizon tal and v ertical pro jections

[Haritaoglu et al., 1998a ], [P anini and Cucc hiara, 2003 ], [Boula y et al., 2005 ].

The horizon tal (resp. v ertical) pro jection on to the reference axis is obtained b y

coun ting the n um b er of mo ving pixels corresp onding to the detected p erson at

eac h image ro w (resp. column) denoted b y H (and V resp ectiv ely).

The 3D a v atar is pro jected on to an image for eac h reference p osture whic h are gen-

erated for all p ossible orien tations. Then the horizon tal and v ertical pro jections

of these silhouettes are compared with those of the detected p erson silhouette.
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n 
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Image row

Misdetected region

Overdetected region

I m I m

H d
: Horizon tal pro jectio n of detected silhouette

I o I o

H a
: Horizon tal pro jection of a v atar silhouette

Figure 5.8: The �o v erdetected regions� I o corresp ond to the regions where the horizon tal pro jec-

tion of the detected silhouette is greater than the horizon tal pro jection of the a v atar silhouette,

and in v ersely for the �misdetected regions� I m .

Usually pro jections are compared with a classical SSD (Sum of Squared Di�er-

ences) but tests ha v e sho wn its limitation to handle noisy silhouette and di�erence

b et w een the 3D a v atar and the observ ed p erson. Th us, w e prop ose a compari-

son b et w een pro jections based on the non-o v erlapping areas de�ned b y equations

5.35, 5.36 and 5.37, and an illustration is giv en in �gure 5.8.

Let us de�ne t w o ratios Ro (H ) and Rm (H ) as follo ws:

Ro (H ) =

P
i 2 I o

�
H d

i � H a
i

� 2

P
i

�
H d

i

� 2 (5.35)

Rm (H ) =

P
i 2 I m

�
H d

i � H a
i

� 2

P
i (H a

i )2 (5.36)

The �rst ratio Ro (H ) represen ts the sum of squared di�erences of the pro jections

computed on the in terv al I o , normalised b y the sum of squared v alues of the
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horizon tal pro jection of detected p erson H d
. The second ratio Rm (H ) represen ts

the sum of squared di�erences of the pro jections computed on the in terv al I m ,

normalised b y the sum of squared v alues of the horizon tal pro jection of generated

a v atar H a
. The same computation is p erformed along the v ertical axis to obtain

the ratios Ro (V ) and Rm (V )
The distance b et w een the detected silhouette Sd and the a v atar silhouette Sa

is giv en b y the mean of the four ratios Ro (H ) , Rm (H ) , Ro (V ) and Rm (V ) in

equation 5.37:

dist (Sa; Sd) =
1
4

(Ro (H ) + Rm (H ) + Ro (V ) + Rm (V )) (5.37)

This distance b elongs to the range [0; 1] whereb y 0 corresp onds to similar sil-

houettes. Before computing these measures, the silhouettes are aligning on their

cen troid. The p osture mo del whic h giv es the minim um distance is c hosen as the

p osture of the observ ed p erson.

5.4 T emp oral P osture Coherency

The p osture of an observ ed p erson is recognised in eac h frame indep enden t l y from

eac h other. Ho w ev er the p ostures of a p erson from one frame to another frame

are correlated with eac h other. This dep endence de�nes the p osture stabilit y

principle describ ed in the next section.

5.4.1 P osture Stabili t y Princi pl e

The p osture stabilit y principle states that for a high enough frame-rate the p osture

c hanges gradually . The use of this principle relies on the fact that the previously

detected p ostures are kno wn. The trac king information giv en b y the p eople trac k-

ing task (the iden ti�er) pro vides the list of the previously detected p ostures. The

stabilit y principle is then applied to a windo w of successiv e p ostures of a p erson

where the most probable p osture is c hosen as the �ltered p osture of the p erson

(algorithm 7) within a time in terv al.

Algorithm 7 postureStability (detectedPosture; windowSize; weightList; t )
postureList  NULL {The list whic h con tains the quan tit y of o ccurence of

the p ostures}

for i = � windowSize to windowSize do

postureList [detectedPosture[t + i ]] + = weightList [i ]
end for

return getIndexOfTheMaximum (postureList ) {return the p osture whic h

o ccurs the most frequen tly as the �ltered p osture at time t .}

The w eigh t list, weightList [i ], determines ho w probable the ith p osture o ccurs

in the windo w of size 2* windowSize+1. This smo othing algorithm reduces
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p osture misdetection and allo ws action recognition to b ene�t from reliable �ltered

p ostures. Di�eren t tests are realised for sev eral set of w eigh t. In particular, b y

p ondering more or less the p osture at time t . The exp erimen tatio n s ha v e sho wn

that a w eigh t of 1 for eac h p osture giv es the b est results.

5.4.2 Time Pro cessing Con trol

Up to no w, the p osture a v atar data-base is generated for eac h frame in function

of the p osition of the detected p erson and the virtual camera. The computation

of the data-base is exp ensiv e as describ ed in c hapter 6 (1.28 second to generate

100 silhouettes). T o decrease the pro cessing time, the data-base is generated

when necessary dep ending on the p osition of the p erson: if the detected p erson

do es not mo v e, the p osture a v atar data-base remains the same as previously

and it do es not need to b e up dated. The data-base is only up dated when the

detected p erson mo v es relativ ely far enough from the p osition corresp onding to

the last data-base up date. This cue allo w the prop osed h ybrid approac h to treat

5-6 frames b y second.

5.5 Conclusion

The prop osed h uman p osture recognition approac h has b een presen ted in this

c hapter. The approac h com bines 2D tec hniques and the use of 3D p osture a v atar

to ha v e a certain indep endenc e from the camera p oin t of view and to minimise

pro cessing time as explained in section 3.3.

The approac h uses the p osture a v atars de�ned in c hapter 4, a virtual camera

and the estimated p osition of the detected p erson to generate silhouettes of the

p ostures of in terest. The p osture a v atars are p ositioned in the scene dep ending

on the t yp e of the p osture and a v atars are rotated with a giv en rotation step.

Finally , a Z-bu�er tec hnique is used to extract the silhouettes as describ ed in

section 5.2.2.3. F our di�eren t 2D tec hniques widely used to represen t p erson

silhouette ha v e b een c hosen according to their reliabilit y in terms of computa-

tion time and silhouette qualit y dep endence. One of these tec hniques in v olv es a

com bination of geometric features: area, cen troid, orien tation, eccen tricit y and

compactness. Another tec hnique is based on the silhouette region c haracterised

b y the sev en Hu momen ts. The third tec hnique studies the b oundary of the sil-

houette to extract salien t p oin ts: this tec hnique is referred to the sk eletonisation.

The last tec hnique in v olv es horizon tal and v ertical pro jections of the silhouette.

The c hoice of the silhouette represen tation dep ends directly on the segmen tation

qualit y . F or example, silhouette with holes m ust not used Hu momen ts represen-

tation since this approac h mis-computes the momen t terms. Also a problem of

b oundary detection will o ccur if the silhouette is de�ned b y sev eral blobs. More-

o v er, the silhouette represen tation m ust b e c hosen according to the goal of the
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application. F or instance, if the application requires lo cating salien t p oin ts of

the detected p erson (head or feet), sk eletonisation is more appropriate than hor-

izon tal and v ertical pro jections represen tation since these p oin ts are features for

the sk eletonisation. Finally , temp oral information is used b y applying the p os-

ture stabilit y principle describ ed in section 5.4. The next c hapter exp erimen tally

computes the p erformance of these tec hniques using b oth syn thetic and real data.
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Chapter 6

Exp erimen tal P erform ance

Ev aluation

The goal of this c hapter is to exp erimen tally compare the tec hniques describ ed

in c hapter 5. Section 6.1 presen ts the ground truth asso ciated with the test se-

quences and describ es ho w the video sequences are annotated and whic h attributes

are considered. A to ol is presen ted to easily acquire ground truth. Finally , the

metho d whic h compares the obtained results with the ground-truth data is ex-

plained.

The exp erimen tal proto col is presen ted in section 6.2. Section 6.3 describ es the

results obtained with syn thetic data. As our 3D p osture a v atars are realistic

enough to generate realistic silhouettes, they are used to generate input video

data. The great adv an tage of syn thetic data is that all the video input data c har-

acteristics are con trolled and a large amoun t of data from an y view p oin t can b e

easily generated. Indeed the virtual camera can observ e the scene from an y place

in the virtual scene. Moreo v er, the segmen tation can b e more or less p erfect.

Section 6.4 describ es the results obtained with real data to ev aluate the prop osed

h uman p osture recognition approac h. The robustness of the recognition for di�er-

en t segmen tation t yp es (o v er-segmen tation and under-segmen ta t i o n are describ ed

in section 6.4.1).

The conclusion of this c hapter is giv en in section 6.5 whic h explains the robust-

ness of the approac h to o v er/under silhouette segmen tations and the generecit y

of the approac h b y adding/remo ving p ostures of in terest according to the t yp e of

application.

6.1 Ground T ruth

The usual w a y to ev aluate a vision algorithm is to compare its results with ground-

truth. The ground truth is de�ned b y its attributes that corresp ond to some

prop erties of the video sequences. Once these attributes are de�ned, the remaining

problem consists in acquiring these attributes. Finally , when the ground truth is

acquired, it is compared with the results data obtained with the algorithm.
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6.1.1 Ground T ruth A ttri butes

The attributes of the ground truth to b e annotated dep end on the task to b e

p erformed b y the vision algorithm to ev aluate. In our case, w e are in teresting in

ev aluating the abilit y of our approac h to recognise the p osture of the p ersons in

video sequences. The information needed b y the ground-truth is:

� the information to lo cate the di�eren t p eople ev olving in the scene. A t the

time of the comparison of the ground-truth with the obtained results data,

the comparison algorithm m ust asso ciate the detected p erson with a p erson

in the ground-truth (or it ma y b e able to sa y that the detected p erson do es

not exist).

� the p osture of the p erson. The comparison algorithm m ust ha v e information

ab out the p osture of the p erson to ev aluate the results obtained b y the

h uman p osture recognition algorithm.

T o lo cate the di�eren t p eople ev olving in the scene, t w o attributes are

prop osed. The �rst attribute is a single iden ti�er asso ciated to eac h of the

p erson who app ears in the video sequence. The p eople are then trac k ed in the

en tire sequence with their single iden ti�er. The second attribute is the b ounding

b o x around the p erson. The p erson ev olving in the sequence is lo calised with

this b ounding b o x whic h is represen ted b y the co ordinates of the upp er left b o x

corner and b y the height and the width of the b o x.

The p osture of a p erson is de�ned b y an iden ti�er and an appro ximation of

its orien tation. The p osture is represen ted b y an iden ti�er asso ciated with the

detailed p ostures: standing with the left arm up (0), standing with the righ t

arm up (1), standing with arms near the b o dy (2), T-shap e (3), sitting on a

c hair (4), sitting on the �o or (5), b ending (6), lying with spread legs (7), lying

on the righ t side with curled up legs (8) and lying on the left side with curled

up legs (9). Ground truth p osture is man ually c hosen among the previous list

whic h visually matc hes the observ ed p osture. The next attribute represen ts the

orien tation of the p erson whic h is appro ximated b y c ho osing one of the eigh t

in terv als: [0; 45[, [45; 90[, [90; 135[, [135; 180[, [180; 225[, [225; 270[, [270; 315[ and

[315; 360[. A p erson who lo oks at the camera has a 0 orien tation.

A last attribute represen ts the o cclusion t yp e of the p erson. The p erson can

either b e partially o ccluded or not o ccluded b y an ob ject or a p erson.

Th us in the ground truth, eac h p erson of the video sequence is represen ted b y

a single iden ti�er, and for eac h frame, the p erson is describ ed b y its b ounding

b o x, its p osture, its orien tation and its o cclusion t yp e. The lo cation of a p erson

is giv en b y an iden ti�er and a b ounding b o x. Ideally , since the prop osed h uman

p osture recognition approac h has to b e ev aluated, the qualit y of the silhouette

should also b e annotated. In practice, it is not p ossible, since the ground truth
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data w ould b e asso ciated to a giv en segmen tation algorithm and not to a video

sequence. The segmen tation task and the p osture recognition tasks are th us

ev aluated together. T o tak e in to accoun t the impact of the silhouette qualit y on

the h uman p osture recognition, w e prop ose an ev aluation based on a b ounding

b o x criteria as describ ed in section 6.1.3.

6.1.2 Ground T ruth A cquisit i on

Ground-truth acquisition is a tedious and long task. F ortunately , there is

a helpful graphical to ol for annotation: the Vip er soft w are from Univ ersit y

of Maryland (VIdeo P erformance Ev aluation Resource) [Mariano et al., 2002 ],

[Do ermann and Mihalcik, 2000 ], [Vip er, 2006 ]. This to ol (�gure 6.1) mak es p os-

sible to easily dra w b ounding b o xes and to assign user de�ned information to eac h

p erson ev olving in the scene (p osture, o cclusion, ...). The Vip er soft w are sa v es

the ground truth in a Vip er XML format �le. The ev aluation of the approac h

consists in comparing the Vip er XML �le with the data obtained with the p osture

recognition algorithm.

Figure 6.1: The Vip er graphical to ol to annotate a video sequence.

W e ha v e de�ned some rules to homogenise the ground truth throughout the

exp erimen tatio n :

� The b ounding b o x is dra wn around the en tire p erson ev en for the o ccluded

parts. A part of the p erson m ust b e visible on the image.
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� A single iden ti�er m ust b e asso ciated to the same p erson of the en tire video

sequence, ev en if the p erson temp orally disapp ears.

� The b ounding b o x is not dra wn if the p erson is completely o ccluded.

6.1.3 Ev aluation Metho d

The prop osed h uman p osture recognition approac h pro vides a �le whic h describ es

the obtained results. This output �le con tains three attributes for eac h frame and

eac h p erson:

� the n um b er of the frame

� and for eac h detected p erson in eac h frame:

� its b ounding b o x to compare with the b ounding b o x in the ground

truth �le

� the b est recognised p osture, its orien tation and an asso ciated error (the

error measures the similarit y b et w een the detected silhouette and the

c hosen generated one).

� the other recognised p ostures, classi�ed from b est recognised p osture to

w orst recognised p osture, to c hec k ho w far the b est recognised p osture

is from the other recognised p ostures.

The ev aluation of the approac h is based on the comparison of the data con tained

in this �le with the ground truth data asso ciated with the video sequence.

Figure 6.2: Illustration of t w o o v erlapping b ounding b o xes, BB gt : ground truth b ounding b o x

and BB r : b ounding b o x computed b y the p eople detection task. BB T
(resp ectiv ely BB S

)

denotes their in tersection (resp. union).

Eac h detected p erson in the result �le is searc hed in the ground-truth �le b y

comparing their b ounding b o xes according to the frame n um b er. The b ounding

b o x o v erlapping rate is computed as follo ws:

#
�
BB T

�

#
�
BB S

�
(6.1)
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where #() is the cardinal op erator and BB T
(resp ectiv ely BB S

) is the in tersection

(resp. union) of the ground truth b ounding b o x BB gt (�gure 6.2). The v alues of

the o v erlapping rate v aries from 0 (disconnected b ounding b o xes) to 1 (p erfectly

matc hed b ounding b o xes).

Since the p osture recognition algorithm is ev aluated and not the segmen tation

algorithm (neither the p eople detection algorithm), the case where a p erson is

detected but do es not exist in the ground truth �le is not tak en in to accoun t.

Moreo v er the case where a p erson is not detected is not tak en in to accoun t. A

threshold on the o v erlapping b ounding b o xes criteria (equation 6.1) is used to

tak e in to accoun t the qualit y of the silhouette. Once the p erson is iden ti�ed, the

p ostures are compared: if the p ostures are the same, the recognition is correct

and if not the recognition is wrong.

The three classical ev aluation rates are computed for the p osture t yp es Pi as follo w

( i 2 f 1 � � � ngg, where ng is the n um b er of general p ostures and i 2 f 1 � � � ndg,

where nd is the n um b er of detailed p ostures):

� true p ositiv e ( TP ): the p osture Pi is correctly detected according to the

ground truth.

TP (Pi ) =
# f Pi correctly detected g

# f Pi in the ground-truth g
(6.2)

� false p ositiv e ( FP ): the p osture Pi is wrongly detected according to the

ground truth.

FP (Pi ) =
# f P wrongly detected as Pi g

# f P in the ground-truth g
(6.3)

� false negativ e ( FN ) giv es the rate of wrong recognition of p osture t yp e Pi

according to the ground truth.

FN (Pi ) = 1 � TP (Pi ) (6.4)

The results are giv en with t w o lev els of detail b y considering the general p os-

tures and the detailed p ostures:

� the general p osture recognition rate: GPRR corresp onds to the TP asso ci-

ated to the n um b er ng of general p ostures Pgi :

GPRR =
1

nT

ngX

i =1

ngi � TP (Pgi ) (6.5)

where ngi is the n um b er of case where the p osture is Pgi and nT is the total

n um b er of considered cases.
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� the detailed p osture recognition rate: DPRR corresp onds to the TP asso-

ciated to the n um b er nd of detailed p ostures Pdi :

DPRR =
1

nT

ndX

i =1

ndi � TP (Pdi ) (6.6)

where ndi is the n um b er of case where the p osture is Pdi and nT is the total

n um b er of considered cases.

6.2 Exp erimen tal Proto col

The tests w ere p erformed on a classical PC under the Lin ux op erating system:

� pro cessor: In tel Xeon 3.06GHz

� memory: 1 Go of RAM

� Graphic card: NVidia Quadro 280NVS, A GP 8X, 64 Mo.

6.3 Syn thetic Data

As explained in section 4.2.2, the b o dy parts of our 3D h uman mo del ha v e b een

designed to obtain a realistic mo del in order to generate syn thetic data. Syn thetic

data ha v e sev eral adv an tages:

� The data can b e generated easily for an y view p oin t and for an y p osition of

the a v atars in the virtual scene.

� The p osture recognition approac h can b e studied according to di�eren t prob-

lems: segmen tation qualit y , in termediate p ostures, am biguous p ostures and

v ariabilit y b et w een the observ ed p erson and the 3D a v atar.

� The ground truth generation is completely automatic. Indeed, during the

syn thetic data generation pro cess, all the parameters are con trolled, there-

fore all the information needed b y the ground truth is a v ailable at an y time

(p osture, 3D p osition, orien tation, etc.)

The main dra wbac k of using syn thetic data is that it is di�cult to realisticly

sim ulate some noise suc h as real sensor one. In particular, w e m ust b e careful on

c ho osing the b est silhouette represen tation, whic h also dep end on the qualit y of

the silhouette obtained through the segmen tation task.

6.3.1 Syn thetic Data Generation

In this section, syn thetic data are generated from t w o di�eren t w a ys. A �rst w a y

to generate syn thetic data is based on a virtual tra jectory metho d (�gure 6.3).

A graphical in terface displa ys a scene visualised from the top. The user clic ks
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on the in terface to dra w the desired tra jectory . A t eac h salien t p oin t of the tra-

jectory a p osture c hosen among the selected ones is asso ciated. The images of

the 3D p osture a v atar whic h mo v es on the tra jectory are then computed. The

in termediate p ostures b et w een t w o p ostures of in terest are not computed. This

exp erimen tatio n is in teresting to ha v e a quic k o v erview of the recognition rate

of the algorithm. The second generation is exhaustiv ely done. The di�eren t 3D

Figure 6.3: Graphical to ol to easily generate data based on tra jectory .

p osture a v atars are p ositioned in the virtual scene and rotated around the axe w
for an y giv en rotation angle on the ground � g . A virtual camera is p ositioned on a

circle tra jectory at ev ery �v e degrees ( � c ) as sho wn in �gure 6.4. The exhaustiv e

data generation is simple to use to ev aluate the prop osed h uman p osture recog-

nition. In the next section, the di�eren t silhouette represen tations are ev aluated

with this exp erimen tatio n .

6.3.2 Silhouette Represen tation Ev aluation

Syn thetic data are used to ev aluate the di�eren t silhouette represen tations. A

data-base is computed according to the exhaustiv e tec hnique describ ed ab o v e.

T en p osture are used: standing with left arm up, standing with righ t arm up,

standing with arms along the b o dy , T-shap e p osture, sitting on a c hair, sitting

on the �o or, b ending p osture, lying with spread legs, lying on the left side with

curled up legs and lying on the righ t side with curled up legs. 19 di�eren t p oin ts

of view are considered b y mo ving the virtual camera at ev ery 5 degrees in a circle

around the a v atars as sho wn in �gure 6.5 for the T-shap e p osture. The data-base

is then comp osed of 68400 frames (10 a v atars * 360 orien tations * 19 viewp oin ts).

Moreo v er, the 3D p osture a v atar mo del in v olv ed in the generation of data is

di�eren t from the one used for the p osture recognition pro cess (�gure 6.6).
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Figure 6.4: Generation of syn thetic data for di�eren t p oin ts of view.

Figure 6.5: Silhouettes obtained with the w oman mo del for the di�eren t considered p oin ts of

view: � c = 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 p osture a v atar in v olv ed in data generation (testing with w oman mo del) and in

the p osture recognition pro cess (recognition done with man mo del).

Geometric features

W e ha v e p erformed some exp erimen tatio n s to select whic h features should b e

c hosen for geometric features silhouette represen tation. The features in v olv ed in

the geometric features represen tation are comp osed of the 2D orien tation, the

eccen tricit y and the compactness. Their v alues are displa y ed in �gures 6.7, 6.8,

and 6.9 resp ectiv ely for di�eren t 3D a v atar orien tations and a giv en p oin t of

view ( � c = 0 ). The exp erimen tatio n consists in rotating the di�eren t 3D p osture

a v atars and computing the di�eren t geometric features for eac h degrees.

A symmetry can b e observ ed on eac h graphic according to the abscisse p oin t 180

(the bac k of the a v atar facing the camera), due to the symmetry of the h uman

b o dy . W e can see in �gure 6.7 that the orien tations of the four standing p ostures

(the four top curv es in dark blue on the �gure) are near 0 degree and are v ery

similar. More generally , the p ostures whic h b elong to the same general p osture

ha v e a similar orien tation feature. Moreo v er, the orien tation features are di�eren t

for the di�eren t general p ostures excepted for few 3D a v atar orien tations ( � g =
180 degrees). Th us, the orien tation feature seems to b e a go o d discriminan t for

the general p ostures. Other features should b e used to discriminate the detailed

p ostures. Eccen trici t y feature is studied in the follo wing. The eccen tricit y feature

v alue de�ned in section 5.3.2.2 represen ts if the silhouette appro ximates more

a circle (eccen tricit y equal to 0) than a segmen t (eccen tricit y equal to 1). The

�gure 6.8 sho ws also the symmetry of the eccen tricit y v alue according to an a v atar

orien tation � g = 180 degrees. The eccen tricit y feature separates the detailed

p ostures except for the t w o top curv es (resp ectiv ely the t w o b ottom curv es) whic h

represen ts the eccen tricit y v alues for standing with left arm up and standing with

righ t arm up p ostures (resp ectiv ely lying on the righ t side and lying on the left

side). These four precited p ostures are visually am biguous (see �gure 6.10 the �rst

and second ro ws, and the last but one and last ro ws) for man y a v atar orien tations
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Figure 6.7: Orien tation of the silhouette in function of the orien tation of the 3D p osture a v atar.

( � g ). In the next, w e consider that these p ostures corresp ond to only t w o p ostures

of in terest: the standing with one arm up p osture and the lying with curled up

legs.

The compactness feature v alue de�ned in section 5.3.2.2 represen ts ho w round

is the silhouette. In �gure 6.9, w e can see that the compactness feature v alue

is less than 0.6 for all the p ostures of in terest b ecause the compactness v alue is

equal to 1 for a circle silhouette. The di�eren t curv es sho w that the compactness

v alues are similar for p ostures whic h b elong to the same general p osture. The

compactness feature is a go o d discriminan t for the general p ostures. Therefore,

the com bination of these di�eren t features is necessary to recognise correctly the
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Figure 6.8: Eccen tricit y of the silhouette in function of the orien tation of the 3D p osture a v atar.

general and the detailed p ostures.
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Figure 6.9: Compactness of the silhouette in function of the orien tation of the 3D p osture a v atar.



6.3 Syn thetic Data 89

Silhouette Represen tation Ev aluation

The approac h is ev aluated for di�eren t rotation steps whic h is one of the main

parameter of the prop osed h uman p osture recognition approac h (see �gure 6.10).

Figure 6.10: Silhouettes obtained with the w oman mo del for the ten p ostures of in terest for

sev eral a v atar orien tations ( � g = 0, 90, 180, 270, 359), for the p oin t of view � c = 0 .

The pro cessing time is also ev aluated whic h is c haracterised b y three times:

� the silhouette generation time tg whic h represen ts the necessary time to gen-

erate the silhouettes of the 3D p osture a v atars. It dep ends on the rotation
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step whic h de�nes the n um b er of generated silhouettes.

� the silhouette represen tation time tr whic h represen ts the necessary time to

mo del eac h generated silhouette. It dep ends on the considered 2D silhouette

represen tation approac h,

� the silhouette comparison time tc whic h represen ts the necessary time to

compare the generated silhouettes with the detected one. It also dep ends

on the considered represen tation.

The p osture recognition rates are giv en in table 6.1 for the four c hosen silhouette

represen tations and for di�eren t rotation steps. The w oman mo del is used to

generate data and the man mo del is used to the recognition. The table 6.1 is

made of four parts, eac h one is asso ciated with a studied silhouette represen tation.

Eac h part describ es the general p osture recognition rate (GPRR), the detailed

p osture recognition rate (DPRR) and giv es a computation time appro ximation

for a giv en rotation step. The table sho ws that the rotation step is an imp ortan t

cue for recognising p osture. The results can b e in terpreted in term of p osture

recognition rate and in term of computation a l time:

� The general p ostures are b etter recognised than the detailed ones for all

the silhouette represen tations since the GPRR is alw a ys greater than the

DPRR. There are few er visual am biguities with general p ostures than with

detailed p ostures. The horizon tal and v ertical pro jections of the silhouette

represen tation giv es the b est recognition rates for b oth the general and de-

tailed p ostures as sho wn in table 6.1 b y comparing the GPRR and DPRR for

eac h silhouette represen tation. The geometric features represen tation giv es

b etter recognition than sk eletonisation and Hu momen ts represen tations.

The p osture recognition rates increase when the rotation step decreases (i.e.

when more silhouettes are generated) for the H. & V. pro jections and the

Hu momen ts represen tations. The geometric features and sk eletonisation

represen tations are less discriminan t for a rotation step b elo w 20 degrees

b ecause the discrimination p o w er of these approac hes are not su�cien t to

correctly discriminate the di�eren t silhouettes (180 silhouettes for a rotation

step of 20 degrees up to 3600 silhouettes for a rotation step of 1 degree).

� The computation time dep ends on the rotation step v alue: the computa-

tional time decreases when the rotation step increases since the n um b er of

generated silhouette decreases. The most consuming step is the silhouette

generation. T o obtain a real time pro cessing, a trade-o� m ust b e c hosen

b et w een recognition and computation time. A rotation step of 36 degrees

w as c hosen as the optimal rotation step the prop osed h uman p osture recog-

nition approac h. This rotation step corresp onds to the generation of 100

silhouettes corresp onding to 10 p ostures of in terest and 10 orien tations p er

p osture. As sho wn, in section 6.4, for a rotation step of 36 degrees, the

approac h treats 5 to 6 frames p er second.
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Geometric F eatures

Rotation step (degrees) 1 5 10 20 36 45 90

GPRR (%) 88 88 91 92 89 88 69

DPRR (%) 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 0.00006

Hu Momen ts

Rotation step (degrees) 1 5 10 20 36 45 90

GPRR (%) 72 72 72 72 69 68 59

DPRR (%) 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 0.00004

Sk eletonisation

Rotation step (degrees) 1 5 10 20 36 45 90

GPRR (%) 86 87 89 89 84 82 71

DPRR (%) 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 0.0001

Horizon tal and V ertical Pro jections

Rotation step (degrees) 1 5 10 20 36 45 90

GPRR (%) 99 99 98 95 90 89 75

DPRR (%) 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 0.003

T able 6.1: General (GPRR) and detailed p osture recognition rate (DPRR), and di�eren t pro-

cessing times obtained: silhouette generation time (tg), silhouette represen tation time (tr) and

silhouette comparison time (tc) according to the di�eren t silhouette represen tations.
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6.3.3 V ariabil i t y in the syn thetic data

T o analyse the b eha viour of the p osture recognition algorithm on in termediate

p ostures, a second set of syn thetic data has b een generated b y randomly mo difying

the join t parameter angles. The random added angles are in the range [� 15; 15]
in degree. The di�eren t recognition rates are giv en in table 6.2 according to the

silhouette represen tation approac h.

Geometric F eatures

Rotation step (degrees) 10 20 36 45 90

GPRR (%) 84 84 81 82 81

DPRR (%) 58 61 53 58 53

Hu Momen ts

Rotation step (degrees) 10 20 36 45 90

GPRR (%) 51 51 54 45 47

DPRR (%) 37 36 35 34 29

Sk eletonisation

Rotation step (degrees) 10 20 36 45 90

GPRR (%) 65 66 70 66 73

DPRR (%) 44 44 47 42 42

Horizon tal and V ertical Pro jections

Rotation step (degrees) 10 20 36 45 90

GPRR (%) 73 74 73 75 63

DPRR (%) 51 54 54 54 42

T able 6.2: General (GPRR) and detailed p osture recognition rate (DPRR) obtained according

to the di�eren t silhouette represen tations for join t angles v ariation.

Geometric features and H. & V. pro jections represen tations are less sensitiv e

to the v ariabilit y in 3D p osture a v atars than other represen tations. In addition,

the gesture: �left arm in motion� is studied in detail. A third syn thetic sequence is

obtained b y mo difying the left shoulder angle parameters as sho wn in �gure 6.11:

90 degrees corresp onds to the arm at the up v ertical, -90 degrees corresp onds to

the arm do wn. W e exp ect that the approac h recognise �rst the standing p osture

wit arms near the b o dy (the most visually similar p osture of in terest), then stand-

ing with one arm up and �nally standing wit arms near the b o dy . The result of

the p osture recognition algorithm is sho wn in �gure 6.12 wit hand without tem-

p oral �ltering. First, w e can notice the the temp oral �ltering (second column),

remo v es the �noisy� recognised p ostures b y smo othing the recognition. Second,

the H. & V. pro jections represen tation (curv es on the second ro w in red on the

�gure 6.12) giv es the b est results b y recognising clearly the three successiv e pre-

cited p ostures. The approac h with the Hu momen t represen tation recognise more

so on the standing with one arm up p osture, but recognise also on few frames the

lying p osture. The H. & V. pro jections represen tation is less sensitiv e to di�er-
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Figure 6.11: Di�eren t images of the sequence: �left arm in motion� for a giv en orien tation

in degree of the left shoulder: -90,-45,-22,0 , 2 5 , 4 5 , 6 8 , 9 0 . The fourth image corresp onds to the

p osture of in terest: standing with left arm up (0 degree), and the last image corresp onds to the

p osture of in terest standing with arms near the b o dy (90 degrees).

ence of the in termediate p ostures from the p ostures of in terest b y smo othing the

silhouettes.
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Figure 6.12: Recognised p ostures for the �left arm in motion� sequence, according to the di�er-

en t silhouette represen tations with (left column) and without (righ t column) temp oral p osture

�ltering. The detected p ostures are : 0-standing with one arm up, 2-standing with arms near

the b o dy , 3-T-shap e, 7-lying p osture.
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6.3.4 Am biguous Cases

Silhouettes represen tativ e of di�eren t p ostures can ha v e the same pro jection

on the image for a certain p oin t of view generating am biguous cases. These

am biguities are due to am biguous view p oin ts and p erson self-o cclusion. The

qualit y of recognition for these cases dep ends on the silhouette represen tations

and the comparison measure. Syn thetic data can b e used to iden tify am biguous

cases according to the p oin t of view, the p osture and the orien tation. Confusion

matrices for eac h silhouette represen tation and eac h p oin t of view (eac h v alue of

� c ) are giv en in app endix B.

0 1 2 3 4 5 6 7 8 9

0 185 49 18 42 0 0 0 0 0 0

1 113 249 48 60 0 0 0 0 0 0

2 27 33 294 53 0 0 0 0 0 0

3 35 29 0 205 0 0 0 0 0 0

4 0 0 0 0 338 2 0 0 0 0

5 0 0 0 0 22 357 37 0 0 0

6 0 0 0 0 0 0 323 9 0 0

7 0 0 0 0 0 0 0 283 23 0

8 0 0 0 0 0 1 0 18 284 121

9 0 0 0 0 0 0 0 50 53 239

T able 6.3: Confusion matrix for detailed p ostures recognition for H. & V. pro jections for syn-

thetic data according to the 0th p oin t of view. (0: standing with left arm up, 1: standing with

righ t arm up, 2: standing with arms near the b o dy , 3: T-shap e p osture, 4: sitting on a c hair, 5:

sitting on the �o or, 6: b ending, 7: lying with spread legs, 8: lying with curled up legs on righ t

side, 9: lying with curled up legs on left side)

F or example the table 6.3.4 sho ws the confusion matrix corresp onding to the

p oin t of view ( � c = 0 ): the ro ws corresp ond to the recognised p ostures and the

column corresp ond to the ground-truth ones. By analysing the table, w e see that

the detailed p ostures are confused with their general p ostures. In detail, the

p osture sitting on the c hair is recognised correctly 338 times on 360 cases: the

con�den t v alue of this p osture is then

338
360 . Moreo v er, accuracy can b e added b y

analysing results according to the orien tation angle of the 3D a v atar ( � g ). Figure

6.13 illustrates the am biguit y problem for standing with one arm up p osture for

the (H. & V.) pro jections. This p osture is similar to standing with arms near the

b o dy p osture for man y orien tations. The graph can pro vide con�dence v alue for

the recognition in function of the recognised p osture and orien tation. F or example

during the in terv al [50,125] and [200,250], standing with one arm up p osture can

b e recognised without am biguit y .

This a priori kno wledge can b e exploited in the recognition pro cess to asso ciate

a con�den t v alue to ho w the p ostures are recognised.
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Figure 6.13: The graphics sho ws distance obtained b y comparing standing p ostures with one arm

up (3D w oman mo del) with all the standing p ostures (3D man mo del). (H. & V.) pro jections

represen tation is used for di�eren t a v atar orien tation.
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6.4 Real Data

Ev aluating a vision algorithm on real data is an imp ortan t step to v alidate an

algorithm. Indeed, real data are more complex than syn thetic ones, and in tro-

duce some di�culties in recognising p ostures. In our case, the principal di�cult y

o ccurs during the segmen tation of the p eople ev olving in the scene whic h in tro-

duces errors in the silhouette. In real data, the segmen tation is noisy due to man y

reasons suc h as ligh t c hanges or bad image con trast. Since the p osture recognition

is based on the silhouette, segmen tation errors in�uence the recognition. More-

o v er, in the case of our algorithm, real data in tro duce v ariabilit y in the p osture:

the in termediate p ostures b et w een the p ostures of in terest can v ary signi�can tly .

Finally , real data create v ariabilit y of the morphology of the p eople ev olv ed in

the video. This suggests the use of sev eral 3D a v atars mo dels corresp onding to

di�eren t morphologie s or clothes. In section 6.4.1, the three segmen tation algo-

rithms used in this w ork are describ ed. The di�eren t video sequences and results

are describ ed in section 6.4.2.

6.4.1 P eople Detection

Detecting p eople is the �rst step in a h uman p osture recognition system. This

step is crucial b ecause it has a strong impact on the qualit y of the recognised

p ostures and it is the main reason to explain the limitation of the p osture

recognition. T o ac hiev e a go o d detection, the mobile ob jects of the scene can

b e segmen ted using di�eren t segmen tation algorithms. A common tec hnique is

based on reference image subtraction, where the reference image is an image of

the scene, without an y mobile ob ject (lik e h uman in our case). During this thesis

w ork, w e ha v e used three di�eren t segmen tation algorithms: one dev elop ed b y

the ORION team ( VSIP algorithm ), an other prop osed b y the CMM (Cen tre de

Morphologie Mathématique) of Ecole des Mines de P aris ( watershe d algorithm ),

and a last used in gait analysis [Sark ar et al., 2005 ].

The VSIP segmen tation algorithm is based on the subtraction of the curren t

image with the reference image in di�eren t color spaces. The di�erence image

is thresholded with sev eral criteria based on pixel in tensit y . Moreo v er, for real-

time issues, only some pixels are analysed. Pixels are sampled at regular in terv al

and then analysed to determine if they b elong to the bac kground scene or to the

foreground. W e call pixel of in terest a pixel of the foreground. The neigh b our

pixels of a pixel of in terest are also analysed since they are lik ely to b e of in terest

to o.

T o categorise the t yp e of a pixel, four consecutiv e criteria are applied in di�eren t

color spaces:

� The di�erence b et w een the red, green and blue v alues of the pixel in the

curren t image and in the reference image are computed. If these di�erences

are less than a threshold, the pixel is considered as bac kground else the next

criteria is used.
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� The in tensit y v alue Y of the pixel is considered in the YUV color space. T w o

cases can happ en: the dark case ( Yref < 100) and the clear one ( Yref � 100)

where Yref is the Y v alue in tensit y in the reference image. The di�erence of

the Y v alues in the reference image and in the curren t image are compared

to the corresp onding threshold. If the di�erence is less than the threshold

the pixel is considered as a pixel of in terest else the next criteria is applied.

� The color v alues U,V of the pixel are considered in the YUV color space.

T w o cases can also happ en: dep ending on the previous dark and clear cases.

The absolute v alue of the di�erence of the U and V v alues b et w een the

reference image and the curren t one are compared to suitable threshold. If

the t w o di�erences or the sum of the di�erences are more than the threshold,

the pixel is classi�ed as a pixel of in terest else the next criteria is applied.

� The criteria is based on the HSV color space. This stage aims at remo ving

shado w based on the c hrominance of the mo ving pixel. T w o cases are con-

sidered: the pixels of the curren t and reference images are colored ( S � 0:2)

or only one pixel of the t w o is colored. The di�erence of the H and S v alues

are compared to a threshold accordingly . If one of the di�erences are less

than a threshold, the pixel is considered as a pixel of in terest.

� If none of these criteria lab els the pixel as of in terest then it is considered

as a bac kground pixel.

The resulting binary image is compressed in the RLE (Run Length Enco ding)

format. This format co des the rep etition of a same pixel: the rep eated pixels

are stored as a single data v alue (the v alue of the pixel) and a coun ter (the

quan tit y of consecutiv e app earance of the pixel). W e can also notice that all the

parameters of this segmen tation algorithm ha v e b een tuned man ually to obtain

the b est segmen tation for h uman p osture recognition pro cess.

The CMM (Cen tre de Morphologie Mathématique) approac h is based

on sev eral successiv e steps to re�ne progressiv ely the follo wing informa-

tion [Lerallut, 2006 ]:

� The di�erence b et w een the curren t image and the reference image is pro-

cessed in the R GB space. A set of pixels of in terest is then obtained. This

set giv es the p osition and an appro ximation of the con tour of the p erson.

This set ma y con tain a lot of noise due to similarit y in the texture b et w een

the ob ject of in terest and bac kground or b ecause the ob ject is not con trasted

enough compared to the bac kground.

� T o tak e in to accoun t the w ell kno wn problem of shado w, there is a step in

watershe d algorithm whic h remo v es pro jected shado ws in the scene. The

op eration is based on the fact that a pro jected shado w do es not mo dify the

c hrominance of the region but it decreases the in tensit y re�ected b y this

surface [Ca v allaro et al., 2004 ].
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� The color gradien t of the images are computed to detect edges in the image.

The edge of the curren t image is com bined with the edge of the same image

without shado w to obtain robust con tours. An erosion is made to compute

in terior mark ers, and a dilatation is made to compute the exterior mark ers.

A w atershed algorithm is then applied with the mark ers to obtain the b est

con tour b et w een the mark ers.

These b oth segmen tations pro vide di�eren t t yp es of silhouette. The watershe d

algorithm giv es compact silhouettes but tends to o v er-segmen t p eople ev olving in

the scene. In con trast, the VSIP algorithm detects pixels whic h b elong to the

p erson but the silhouette is less compact than watershe d one with some holes.

The t w o algorithms ha v e b een man ually tuned to obtain go o d silhouettes with

the test sequences. Examples of segmen ted silhouettes obtained with the b oth t w o

algorithms are sho wn in �gure 6.14. The �rst ro w sho ws a leak with the watershe d

silhouette due to the prop ert y of the w atershed algorithm. The follo wing t w o ro ws

sho w under-segmen te d VSIP silhouettes with some holes. The b oth algorithms

treat ab out 25 frames b y second for color images 388x284 pixels (without taking

in to accoun t the reading/writ t i n g of the images).

Figure 6.14: Segmen tations of the image in the �rst column obtained according to the VSIP

algorithm (second column) and the watershe d algorithm (third column).

The third segmen tation algorithm has b een used for gait analysis purp ose: gait

se gmentation . A semi-automatic pro cedure is used to detect the b ounding b o xes

whic h con tain the p eople ev olving in the scene. The b ounding b o xes are man ually
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outlined in the starting, middle and ending frames. The b ounding b o xes of the

in termediate frames are linearly in terp olated from these man ual ones, using the

upp er left and b ottom righ t corners of the b o xes. This metho d w orks w ell for

cases where there is fron to-parallel and constan t v elo cit y motion. A bac kground

mo del of the scene is built b y computing statistics of the R GB v alues at eac h pixel

outside the man ually de�ned b ounding b o xes. The mean and the co v ariance of

the R GB v alues at eac h pixel are computed.

F or pixel in the b ounding b o xes, the Mahanalobis distance is computed in R GB

space for the pixel v alue from the estimated mean bac kground v alue. Based on this

distance the pixel is classi�ed in to foreground (the p erson) or bac kground pixel.

The decision is tak en b y computing the foreground and bac kground lik eliho o d

distributions on eac h frame b y using the iterativ e exp ectation maximisation (EM)

pro cedure. Examples of obtained silhouettes are giv en in �gure 6.15. These

silhouettes are v ery noisy due in particular to the detection of the shado w of the

p erson.

Figure 6.15: Sev eral silhouettes obtained with the segmen tation algorithm used in gait analysis.

The prop erties of the three segmen tation algorithms allo w to test the robust-

ness of the prop osed h uman p osture recognition according to di�eren t t yp es of

segmen tation: noisy o v er segmen ted silhouettes ( watershe d se gmentation ), un-

der segmen ted silhouettes ( VSIP se gmentation ) and v ery noisy o v er segmen ted

silhouettes ( gait se gmentation ).

6.4.2 A cquisit i on Con text

The prop osed h uman p osture recognition has b een tested with di�eren t image

sequences:

� Di�eren t image sequences ha v e b een acquired from a non optimal camera

viewp oin t (the p eople ev olving in the scene are not facing the camera). F our

di�eren t p eople act the p ostures of in terest b y rotating around themselv es

to ha v e man y p oin ts of view.

� The approac h has also b een tested on sequences acquired for gait analysis

purp ose. The �w alking� p osture, sho wn in �gure 6.16, has b een added to the

p ostures of in terest set in order to adapt the recognition to this application.
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Figure 6.16: The "w alking" p osture a v atar from di�eren t p oin ts of view.

6.4.2.1 Own Sequences

Di�eren t sequences ha v e b een acquired in our lab oratory . F our p eople act the dif-

feren t p ostures of in terest b y rotating around themselv es to acquire man y p oin ts

of view. A ground truth is asso ciated to eac h image sequence as describ ed in 6.1

for more than 1000 frames. A sample of test images is giv en in �gure 6.17.

All the results are giv en for the optimal rotation step of 36 degrees. T able 6.4

sho ws the recognition rates of general p ostures for the di�eren t silhouette rep-

resen tations with the watershe d se gmentation algorithm (similar recognition is

obtained with the VSIP se gmentation algorithm) whic h are equiv alen t to the

rates obtained with syn thetic data. The H. & V. pro jections represen tation giv es

the b est results as sho wn on the last ro w of the table 6.4 and it is studied in

more depth in the follo wing. The abilit y of the H. & V. pro jections represen ta-

tion to smo oth silhouette explains these results. This represen tation tak es in to

accoun t the v ariabilit y of the 3D a v atar from the observ ed p erson and silhouette

misdetection.

Ground Truth

Recognition
Standing Sitting Bending Lying

Geometric features 94 82 77 83

Hu momen ts 68 73 27 35

Sk eletonisation 93 68 82 65

H. & V. pro jections 100 89 78 93

T able 6.4: General p ostures recognition rates for the di�eren t silhouette represen tations with

w atershed segmen tation.
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T able 6.5 and table 6.6 sho w the confusion matrices for the recognition of the

general p ostures according to the segmen tation approac h. The obtained results

are satisfactory (the rate of correct recognition is ab o v e 80%) and sho w the ro-

bustness of recognition of general p ostures in all p ossible orien tations.

Ground Truth

Recognition
Standing Sitting Bending Lying

Standing 271 25 2 0

Sitting 0 196 13 36

Bending 0 0 54 2

Lying 0 0 0 484

Detected/tot a l 271/271 196/221 54/69 484/522

Success p ercen tage 100 89 78 93

T able 6.5: Confusion matrix for general p ostures recognition for H. & V. pro jections with

w atershed segmen tation.

Ground Truth

Recognition
Standing Sitting Bending Lying

Standing 271 46 6 0

Sitting 0 167 0 40

Bending 0 8 63 2

Lying 0 0 0 471

Detected/tot a l 271/271 167/221 63/69 471/513

Success p ercen tage 100 75 91 92

T able 6.6: Confusion matrix for general p ostures recognition for H. & V. pro jections with VSIP

segmen tation.

The confusion matrices for the recognition of detailed p ostures are giv en in

table 6.7 and in table 6.8 and giv es similar results for the di�eren t segmen tation

approac hes. F or instance, the lying with curled up p osture is recognised with

63% for watershe d se gmentation algorithm , and with 60% for VSIP se gmentation

algorithm . This p osture is more mis-recognised with the lying with spread legs

p osture (81 cases for watershe d se gmentation and 86 cases for VSIP se gmentation ),

than the sitting on the �o or p osture (25/28 cases) and sitting on a c hair p osture

(11/12 cases) for the b oth segmen tations. P ostures are often mis-classi�ed with

another p osture of the same category (e.g. sitting on the �o or and sitting on

a c hair) due to the am biguous cases previously describ ed. Ev en if the (H.&

V.) pro jections silhouette represen tation manages the di�erences b et w een the 3D

p osture a v atar and the p osture acted b y a p erson there is some mis-recognition

in extreme cases. F ew errors o ccur b ecause the 3D p osture a v atars represen t

sp eci�c p ostures and do not tak e in to accoun t the v ariabilit y of these p ostures
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(e.g. the arm can v ary when raised for the standing p osture with one arm up).

The pro cessing time is ab out 5-6 frames b y second b y taking in to accoun t the

follo wing tasks: reading task, segmen tation task, classi�cation task, trac king task

and p osture recognition task.
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Ground Truth

Recognition
1 2 3 4 5 6 7 8

Standing with

one arm up (1)

79 21 13 3 0 0 0 0

Standing (2) 5 67 1 22 0 2 0 0

T-shap e (3) 27 3 55 0 0 0 0 0

Sitting on a

c hair (4)

0 0 0 51 44 7 0 11

Sitting on the

�o or (5)

0 0 0 1 100 6 0 25

Bending (6) 0 0 0 0 0 54 2 0

Lying with

spread legs (7)

0 0 0 0 0 0 162 81

Lying with

curled up legs

(8)

0 0 0 0 0 0 45 196

Detecte d / t o t a l 79/111 67/91 55/69 51/77 100/144 54/69 162/209 196/313

Success p ercen t a g e 71 74 80 66 69 78 77 63

T able 6.7: Confusion matrix for detailed p ostures recognition with (H. & V.) pro jections ap-

proac h obtained with w atershed segmen tation.

Ground Truth

Recognition
1 2 3 4 5 6 7 8

Standing with

one arm up (1)

79 21 13 0 0 5 0 0

Standing (2) 5 67 1 36 10 1 0 0

T-shap e (3) 27 3 55 0 0 0 0 0

Sitting on a

c hair (4)

0 0 0 40 20 0 0 12

Sitting on the

�o or (5)

0 0 0 1 106 0 0 28

Bending (6) 0 0 0 0 8 63 2 0

Lying with

spread legs (7)

0 0 0 0 0 0 158 86

Lying with

curled up legs

(8)

0 0 0 0 0 0 35 192

Detecte d / t o t a l 79/111 67/91 55/69 40/77 106/144 63/69 158/195 192/318

Success p ercen t a g e 71 74 80 52 74 91 81 60

T able 6.8: Confusion matrix for detailed p ostures recognition with (H. & V.) pro jections ap-

proac h obtained with VSIP segmen tation.
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Figure 6.17: Sample of the image sequences used in the tests.
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Segmen tation Errors

The results are giv en up to no w for a b ounding b o x o v erlapping rate equal at

least 70%. By c hanging this v alue di�eren t cases can b e considered. A v alue near

100 means segmen tation is p erfect whereas a lo w er v alue corresp onds to cases of

mis-segmen tation s. Figure 6.18 giv es the general and detailed p osture recogni-

tion rates for standing p ostures with di�eren t lev els of b ounding b o x o v erlapping.

The histogram are computed for sev eral o v erlapping 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 curv e represen ts the n um b er of considered cases. Under 70% of o v erlapping

only 1 or 2 cases are considered, then their v alues are not concluding. It is the

reason wh y the results are previously giv en for an o v erlapping rate sup erior to

70%. By analysing the histograms, b oth general and detailed p ostures recog-

nitions are correct (ab o v e 65%) for all tested situations (with at least 70% of

o v erlapping). Then the prop osed h uman p osture recognition approac h is able to

recognise detailed p ostures ev en if the segmen tation is not p erfect as sho wn on

the �gure 6.18.
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Figure 6.18: General (GPRR) and detailed (DPRR) recognition rates for standing p ostures with

di�eren t o v erlapping p ercen tages with the w atershed algorithm. The n um b er of considered cases

is also giv en.
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6.4.2.2 W alking Sequences

The prop osed approac h has also b een tested using di�eren t image sequences ac-

quired for h uman gait analysis purp ose. The w alking p osture (�gure 6.16) has

b een added to the set of p osture of in terest in order to b etter �t with the gait

p ostures. This p osture has b een mo deled v ery easily (in 5 min utes) b y animating

a 3D a v atar b o dy part b y b o dy part to determine the set of parameters (the ar-

ticulation angles) corresp onding to the w alking p osture.

The �rst sequence has b een used in [Siden bladh et al., 2002 ] for h uman motion

trac king. The sequence is comp osed of one p erson w alking from righ t to left:

see �gure 6.19. Due to the con trast b et w een the p erson and the bac kground the

segmen tation is p erfect (the results are obtained with the watershe d algorithm ).

A man ually ground truth has b een made b y annotated for eac h frame the p osture

of the p erson: standing with arms near the b o dy or w alking p osture. The recog-

nition results are displa y ed in the graph of �gure 6.20. 78 p ostures are correctly

detected on the total of 81 p ostures. Moreo v er, the w alking p erio dicit y (the rep-

etition of the standing p osture follo w ed b y w alking p osture) is clearly iden ti�ed.

The four w alking cycles are correctly detected.

Figure 6.19: A p erson w alking straigh t from the righ t to the left
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Figure 6.20: Results obtained on w alking sequence with H. & V. pro jections represen tation and

ground truth.
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The other sequences are extracted from the HumanID gait c hallenge problem

data set ( [Sark ar et al., 2005 ]). This data set has b een designed to ev aluate the

state of the art in automatic gait recognition and to c haracterise the e�ects of

di�eren t en vironmen tal and w alking conditions: concrete ground/grass ground,

di�eren t sho es (sneak ers, sandal, ...). The p eople ev olving in the scene w alk

along a demi-ellipse observ ed b y t w o cameras. The segmen ted silhouettes are also

a v ailable as sho wn in �gure 6.21 and they are obtained with the gait se gmentation

algorithm . The prop osed approac h is tested on these silhouettes. The original

data-base con tains 122 image sequences. W e test our h uman p osture recognition

on �v e sequences acquired with t w o di�eren t p oin ts of view and di�eren t grounds

(concrete and grass). This corresp onds to 65 w alking cycles and 911 frames. The

result of the recognition for one of the tested sequence is giv en in �gure 6.22. 162

p ostures are correctly detected for 186 considered cases. The w alking p erio dicit y

is also clearly iden ti�ed ev en if some one are not completely detected suc h as the

nin th cycle. By considering all the �v e sequences, 711 p ostures are recognised

among the 911 total cases.

Figure 6.21: A p erson w alking along a demi-ellipse and its corresp onding silhouettes.

By adding the w alking p osture to the p osture of in terest set, the prop osed

h uman p osture recognition approac h sho ws its adaptabilit y to the need of a giv en

application. Moreo v er, the approac h com bining the 3D p osture a v atar and the

horizon tal and v ertical pro jections has sho wn its robustness to the erroneous sil-

houettes b y testing it with noisy silhouettes.
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Figure 6.22: Results obtained on w alking binary sequence with H. & V. pro jections represen ta-

tion.
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6.5 Conclusion

The prop osed h uman p osture recognition approac h has b een successfully tested

using b oth syn thetic and real data. A ground-truth is de�ned to ev aluate the

prop osed approac h comp osed for eac h p erson in the video sequence of:

� a single iden ti�er,

� a b ounding b o x whic h lo calises a p erson in an image,

� the p osture whic h ev aluates the result of the recognition.

The b ounding b o x is used to test the qualit y of the segmen ted silhouette b y com-

puting the o v erlapping rate of the b ounding b o xes de�ned in the ground-truth

and detected b y the vision algorithms.

Syn thetic data w ere used to ev aluate the prop osed approac h. The adv an tages of

using suc h data is that man y viewp oin ts can b e considered and ground-truth data

are automatical l y generated. W e ha v e used syn thetic data to compare the di�er-

en t silhouette represen tations and to determine the optimal rotation step de�ned

in section 6.3.2. The ev aluation is p erformed in terms of p osture recognition and

computation a l time e�ciency . The horizon tal and v ertical pro jections represen-

tation de�ned in 5.3.2.4, giv es the b est recognition. Moreo v er a rotation step of

36 degrees is c hosen as optimal since it giv es the b est compromise b et w een high

recognition and lo w computation time.

The p osture recognition algorithm has also b een tested with di�eren t real data.

Real data in tro duces some di�culties lik e segmen tation errors (noisy silhouettes)

or the problem of in termediate p ostures (p ostures can b e sligh tly di�eren t accord-

ing to the p ostures of in terest). A data base has b een acquired to ev aluate the

approac h. It is comp osed of more than 1000 man ually annotated frames for four

p eople and the eigh t p ostures of in terest. The horizon tal and v ertical pro jections

represen tation giv es the b est results since it tak es in to accoun t little holes whic h

can app ear in the segmen tation or small c hanges in the p osture. The other repre-

sen tations are more sensitiv e to the segmen tation errors. In particular, since Hu

momen ts are computed on the whole silhouette, an error on the silhouette implies

erroneous terms for the Hu momen ts represen tation. Moreo v er, sk eletonisation is

based on the con tour of the silhouette then it is sensitiv e to segmen tation errors.

Hu momen ts represen tation has also an other problem. Since the Hu momen ts are

indep enden t from the scale and orien tation, standing p osture and lying p osture

can b e confused.

The approac h has also b een tested on data set acquired for a gait analysis pur-

p ose. A new p osture of in terest, the w alking p osture, has b een added in order to

b etter �t with the gait p ostures. The approac h clearly iden ti�es the gait p erio d.

The approac h has b een successfully tested on outside/inside sequences and for

o v er/under segmen tations. It has sho wn its robustness with missing b o dy parts

suc h as extremities (head, feet). It can b e easily adapted to an y view p oin ts

thanks to the virtual camera. Moreo v er p osture a v atars can b e added/remo v ed



112 Exp erimen tal P erformance Ev aluation

according to the sp eci�cit y of the application.

The approac h has b een tested under three di�eren t segmen tation algorithms:

VSIP se gmentation , watershe d se gmentation and gait se gmentation . W e ha v e

tuned the t w o �rst algorithms to obtain prett y silhouettes, whereas w e ha v e just

use the a v ailable silhouettes obtained with the third algorithm. These algorithms

pro vide di�eren t t yp e of silhouette: noisy o v er segmen ted silhouettes ( watershe d

se gmentation ), under segmen ted silhouettes ( VSIP se gmentation ) and v ery noisy

o v er segmen ted silhouettes ( gait se gmentation ). The p osture recognition is simi-

lar for the t w o �rst algorithms b y represen ting the silhouettes with the (H. & V.)

pro jections. The segmen tation problems asso ciated to these segmen tation algo-

rithms (hole in the silhouette or o v er segmen tation) are taking in to accoun t with

the smo othing p o w er of the (H. & V.) pro jections. Finally the prop osed approac h

giv es go o d recognition rate for the gait se gmentation , b y considering the �simple�

case of the w alk (i.e. the di�eren t standing p ostures).

As said in c hapter 2, the prop osed approac h extends w orks describ ed

in [Zhao and Nev atia, 2004 ] b y considering four general p ostures (standing, sit-

ting, b ending and lying). Our prop osed h ybrid approac h tak es adv an tages of

the tec hniques describ ed in c hapter 2, b y com bining the 2D tec hniques (real-time

computation ) and the use of 3D p osture a v atar (indep enden c e from the view

p oin t). The fourth constrain ts giv en in c hapter 3 ha v e b een resp ected. The ap-

proac h w orks in real time (5-6 frames b y second). The generation of the 3D a v atar

silhouettes is the most time consuming step (1,28 second to generate 100 silhou-

ettes). The approac h is indep enden t from the camera viewp oin t b y using a virtual

camera whic h has the same c haracteristics than the real one. The approac h is

fully automated b y adapting the heigh t of the 3D p osture a v atar to the observ ed

p erson heigh t. Finally , the approac h uses only one static camera b y taking ad-

v an tage of a kno wledge base, in particular the calibration matrix of the camera.

Ho w ev er, the approac h is limited in terms of quan tit y of in terest p ostures. The

computing time increases when more p ostures are considered. Moreo v er, when

more p ostures are considered the n um b er of am biguit y cases increases. Finally ,

w e ha v e made the strong h yp othesis that the observ ed p erson is isolated. The

approac h do es not tak e in to accoun t the problem of o ccluded p erson.

The next c hapter, fo cuses on ho w the p ostures recognised b y our p osture recog-

nition approac h can b e used in action recognition.



Chapter 7

A ction Recognition using

P ostures

7.1 In tro duction

In the previous c hapters, the prop osed h uman p osture recognition approac h has

b een presen ted whic h com bines 2D tec hniques and the use of 3D p osture a v atars.

The results of the approac h (the �ltered p ostures) can b e exploited in the h uman

b eha viour analysis.

More generally , actions can b e classi�ed in three categories:

� the self-actions where only the concerned p erson acts: w alking, running,

sitting, falling, p oin ting, jumping, etc...

� the actions in v olving a p erson with con textual ob jects: drinking, eating,

writing on a whiteb oard, t yping (using computer k eyb oard), taking an ob-

ject, putting an ob ject, etc...

� the actions where sev eral individuals in teract with eac h other: shaking hand,

kissing, �gh ting, etc...

In this c hapter, a fo cus is made on ho w self actions can b e recognised thanks to

the �ltered p ostures b ecause the main problem to recognise the other t yp es of

action is the ob ject detection whic h is not the scop e of this w ork.

Existing tec hniques to recognise actions are brie�y presen ted in the �rst section.

The mo deling of self-actions is presen ted in the second section and the recognition

in the third section. Finally some recognition results are giv en for the falling and

w alking examples.

7.2 Existing tec hniques

The action recognition task can b e considered as a time-v arying data matc hing

problem. Classical metho ds to solv e this kind of problem ma y in v olv es: dynamic
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time w arping (DTW), hidden Mark o v mo del (HMM) and neural net w ork. T w o

di�eren t approac hes can b e used to analyse h uman action.

Probabilistic approac h

Probabilistic approac hes need a learning phase to mak e a probabilistic mo del

of the desired b eha viour. An image sequence of a giv en action is con v erted in to a

static template whic h represen ts the action. Dynamic time w arping algorithm is

then used to measure similarit y b et w een template and detected sequence whic h

ma y v ary in time or sp eed. In [Bobic k and Da vis, 2001 ], the action is represen ted

with the motion energy image (MEI) and the motion history image (MHI). The

MEI is obtained b y cum ulating binary motion image: eac h pixel corresp onding to

a motion in the image is considered lik e a pixel of in terest. The MHI is obtained

similarly b y indicating the quan tit y of mo v emen t for eac h pixel. These images are

then represen ted with the sev en Hu momen ts and compared to stored samples b y

Mahanalobis distance.

In [Chen et al., 2006 ], the authors prop ose a HMM-based metho dolog y for action

recognition using sk eletonisation as a represen tativ e descriptor of h uman p osture.

Eac h action is describ ed b y represen tativ e sk eletons. Then a HMM is optimised

to represen t the desired action.

The probabilistic approac hes are easy to implemen t b ecause based on w ell kno wn

learning to ol suc h as neural net w ork. But the main dra wbac k is that it is di�cult

to kno w ho w these approac hes w ork: what do es represen t a neuron of a giv en

neural net w ork?

Deterministic approac h

In con trast to the previous approac hes, the deterministic ones do not need a

learning phase. An exp ert decides explicitly the rules to represen t a giv en b e-

ha viour. In [Cucc hiara et al., 2003 ], a �nite state mac hine is presen ted to iden tify

a fall: eac h state is represen ted b y a p osture and an information ab out the mo v e-

men t of the p erson (static or mo ving).

Approac hes based on constrain t resolution are able to recognise complex ev en t

with sev eral actors. In [V u et al., 2002 ], the authors presen t an approac h to op-

timise the temp oral constrain t resolution b y ordering in time the sub-scenarios

of the scenario to b e recognised. An e�cien t algorithm of this approac h tak es

adv an tage of a pre-compile d stage of scenario mo dels to recognise in real time

complex scenarios with a large n um b er of ob jects is describ ed in [V u et al., 2003 ].

The deterministic approac hes are easily understandable b ecause they are based

on exp ert rules. They do not tak e in to accoun t the dimension of the data and w e

m ust tak e care of com binatory explosion during implemen ta t i o n .
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7.3 A ction Represen tation

Eac h action of in terest is represen ted b y a series of p ostures and are mo deled using

a �nite state mac hine as sho wn in �gure 7.1. W e c ho ose this kind of represen tation

b ecause it can easily mo del the self actions with v ery simple rules. Eac h state of

the �nite mac hine is c haracterised b y one or sev eral p ostures denoted P , and their

minimal (noted min) and maximal (noted max), authorised o ccurring n um b er of

successiv e p ostures. These thresholds are used to estimate the duration of eac h

p osture. A state is de�ned with sev eral t yp es of p ostures to tak e in to accoun t

uncertain t y in the recognition of p osture.

The p ostures can either b e general or detailed p ostures dep ending on the action

to mo del.

Figure 7.1: Finite state mac hine mo deling an action with n states.

T o optimise the discrimination of the desired actions, w e de�ne the p ostures

c haracterising the states and the asso ciated threshold v alues b y running su�cien t

enough exp erimen tatio n s. These threshold v alues are dep enden t on the framerate

of the studied video sequences.

The desired actions are recognised through the asso ciated �nite state mac hines

and pro cessed with video sequences.

7.4 A ction Recognition

During the p osture recognition pro cess, a stac k of �ltered p ostures is asso ciated

with eac h p erson detected in the scene. An y new recognised p ostures are pushed

in to the stac k, and the n um b er of o ccurrence is increased b y one. This pro cessing

enables to recognise in e�cien t w a y the sequence of p ostures mo deled b y �nite

state mac hines.

The action recognition is p erformed b y comparing the di�eren t �nite state

mac hines whic h represen t the self actions w e w an t to recognise, with the stac k

asso ciated to eac h detected p erson. When the �nite state mac hine asso ciated

to the desired action is recognised, the action is asso ciated to the corresp onding
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p erson.

This preliminary recognition metho d has some limitations. Noise and mis-

recognition of p osture on few frames ma y imply that the actions are not recog-

nised. This issue is partially solv ed b y using the �ltered p ostures and b y repre-

sen ting a state b y one or sev eral p ostures.

In the next section, the example of the falling and w alking/runnin g actions are

studied.

7.5 Example: the p eople falling action

The automatic detection of p eople falling is of a great in terest for medical and

home-care applications. It is imp ortan t to detect this kind of actions to trigger an

appropriate alarm to w arn medical sta� for example. F alling is an action based

on general p ostures and it is considered as a passage from a standing p osture to

a lying p osture. The �nal state mac hine of the falling action is represen ted in

�gure 7.2. The second state e is de�ned as a com bination of b ending and sitting

p ostures. This state is in tro duced to mo del the in termediate p ostures of the

falling action. Indeed, the p ostures b et w een standing and lying ones can either

b e detected as sitting or b ending p ostures according to the t yp e of fall.

Figure 7.2: Finite state mac hine whic h represen ts the falling action.

The maxim um threshold v alue of the �rst state is �xed to 1 . Moreo v er, the

minim um threshold of the �nal state is �xed to 3, to robustly detect the falling

action.

V alidation tests ha v e b een p erformed on di�eren t acted sequences for sev eral t yp es

of fall as sho wn in �gures 7.4, 7.5, 7.6 and 7.7:

� falling ahead ( p erformed 4 times),

� falling b ehind (p erformed 3 times),

� and sinking do wn (p erformed 3 times).

The ten falling actions ha v e b een correctly recognised as sho wn table 7.1. The

video sequences are c hallenging b ecause the p ersons fall and stand up immediately .
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TP FP FN

Recognised falling action 10 0 0

T able 7.1: T rue p ositiv e (TP), false p ositiv e (FP), and false negativ e (FN) recognition of the

falling action.

7.6 Example: the w alking action

The w alking action is mo deled through detailed p ostures. It is de�ned as a

succession of standing p osture with arm near the b o dy follo w ed b y the w alking

p osture (�gure 7.3).

Figure 7.3: Finite state mac hine whic h represen ts the w alking action.

The v alidation tests ha v e b een realised on the sequences acquired for gait

analysis purp ose and describ ed in section 6.4.2.2. The w alking action has b een

successfully recognised among �v e sequences corresp onding to 65 cycles of the

w alking action (succession of standing and w alking p ostures) as sho wn in table 7.2.

62 cycles are correctly detected, and 3 cycles are mis-recognised (the cycles are

confused with another one).

TP FP FN

Recognised w alking action 62 0 3

T able 7.2: T rue p ositiv e (TP), false p ositiv e (FP), and false negativ e (FN) recognition of the

w alking action.

The w alking action is based on detailed p ostures whic h m ultiplies the confusion.
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7.7 Conclusion

In this c hapter, a metho d to mo del and recognise self actions based on p osture

has b een presen ted. These actions are mo deled using general or detailed p ostures

dep ending on the accuracy needed to represen t the actions. A ctions are mo deled

with a �nite states mac hine where eac h state consists of one or sev eral p ostures

with minimal and maximal authorised o ccurrence v alue of successiv e p ostures.

The approac h has b een successfully tested for the falling action (based on general

p ostures) and w alking action (based on detailed p ostures) actions.

These preliminary results are encouraging but some problems remain to b e solv ed.

P articular l y , the uncertain t y due to p osture mis-detection should b e mo deled.

With the prop osed algorithm, a �nite state mac hine m ust b e completely detected

to recognise an action. The action recognition algorithm can b e impro v ed b y

adding to the state information ab out the mo v emen t of the p erson: the p erson is

mo ving or not. Moreo v er, the transition b et w een the states can b e represen ted

b y probabilit y densit y functions to �nally obtain a hidden mark o v mo del (HMM).

This represen tation allo ws to b e indep enden t from the frame rate of the video.

Figure 7.4: Example of the fall action.
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Figure 7.5: Example of the fall action.
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Figure 7.6: Example of the fall action.
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Figure 7.7: Example of the fall action.
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Chapter 8

Conclusion

In this thesis w e ha v e prop osed a new approac h to recognise h uman p osture. This

approac h com bines 2D tec hniques and the use of the 3D p osture a v atars. The 2D

tec hniques are used to k eep a real-time pro cessing whereas the 3D p osture a v atar

allo ws some indep endenc e from the p oin t of view.

The prop osed approac h tak es as input the detected 2D mo ving silhouette region

corresp onding to the detected p erson and the estimated 3D p osition. The ap-

proac h is comp osed of four tasks:

� The 3D p osture a v atar silhouettes are generated b y pro jecting the a v atar

on the image plane b y using a virtual camera. The 3D a v atar is placed in

the virtual scene where the observ ed p erson is detected, then the a v atar is

orien ted for di�eren t angles to generate all p ossible silhouettes with resp ect

to the pre-de�ned p ostures.

� The silhouettes are represen ted and compared according to four 2D tec h-

niques: geometric represen tations, Hu momen ts, sk eletonisation and hori-

zon tal and v ertical pro jections.

� The p osture of the detected p erson is determined b y k eeping the most similar

generated silhouette according to the previous task.

� The p osture �ltering task �lters out the erroneous p ostures detected in the

previous task b y exploiting their temp oral coherence. The p osture stabilit y

principle states that for a high enough frame-rate the p osture remains simi-

lar within few successiv e frames. The trac king information of the recognised

p erson is used to retriev e the previously detected p ostures. These p ostures

are then used to compute the �ltered p osture (i.e. the main p osture) b y

searc hing the most frequen tly app earing p osture during a short p erio d of

time.

An o v erview of the con tribution s of this w ork is giv en in the next section. Then a

discussion is made in particular to sho w the limitations of the prop osed approac h.

Finally , future w ork are prop osed to impro v e the approac h in the last section.
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8.1 Ov erview of the Con tributions

� The 3D p osture a v atars ha v e b een in tro duced to mo del the h uman p os-

tures to b e recognised as describ ed in c hapter 4. It is inspired b y the previous

w ork in computer graphics and has b een adapted b y prop osing a simpli�ed

mo del to p osture recognition purp oses. A 3D p osture a v atar is comp osed of

a 3D h uman mo del, whic h de�nes the relation b et w een the 20 b o dy parts,

a set of 23 parameters, whic h de�nes the p osition the di�eren t b o dy parts

and a set of b o dy primitiv es whic h de�nes the visual asp ect of the b o dy

parts. The prop osed 3D h uman mo del con tains also ten join ts whic h are

the ma jor b o dy articulation s and the t w en t y b o dy parts. The articulations

are represen ted with Euler angles to represen t the eigh t p ostures of in terest:

standing with one arm up, standing with arms along the b o dy , T-shap e

p osture, sitting on a c hair, sitting on the �o or, b ending p osture, lying with

spread legs and lying with curled up legs. The b o dy primitiv es are repre-

sen ted with p olygons mesh to obtain a realistic 3D h uman mo del in order

to generate syn thetic silhouette close to the real w orld. Suc h b o dy primi-

tiv es enhance the recognition qualit y . The prop osed 3D p osture a v atars are

indep enden t from the b o dy primitiv es used to represen t the b o dy parts. In-

deed, di�eren t primitiv es can b e used to visualise di�eren t t yp es of a v atars

adapted to the observ ed p erson. The parameters of the articulation s can b e

mo di�ed to mo del in termediate p ostures. Moreo v er, the 3D p osture a v atars

are classi�ed in a hierarc hical w a y from general to detailed p ostures.

� A no v el h ybrid approac h is prop osed in c hapter 5 to recognise h uman

p ostures in video sequence. The approac h is based on the c haracterisatio n

of the detected p erson silhouette. The approac h com bines 2D tec hniques and

the use of the 3D p osture a v atars previously describ ed. The 2D tec hniques

are used to k eep a real-time pro cessing whereas the 3D p osture a v atars allo w

to ha v e a certain indep endenc e from the view p oin t of the camera. Sev eral

2D tec hniques ha v e b een tested to represen t the silhouettes:

� the �rst one is based on the com bination of di�eren t geometric features

suc h as area, cen troid, orien tation, eccen tricit y and compactness,

� the second one is based on the sev en Hu momen ts,

� the third one, referred as sk eletonisation, uses salien t p oin ts on the

con tour,

� and the last one is based on the horizon tal and v ertical pro jections of

the silhouette.

The 2D tec hniques are selected according to the segmen tation qualit y and

computation time. Exp erimen tat i o n s ha v e sho wn that the silhouette repre-

sen tation based on the horizon tal and v ertical pro jections w orks the b est.

� A silhouette represen tation ev aluation has b een p erformed in section 6.

Since the 3D p osture a v atars are realistic enough, they are used to generate
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syn thetic data for sev eral p oin t of views. The 3D p osture a v atar in v olv ed

in the data generation is di�eren t from the 3D p osture a v atar in v olv ed in

the recognition pro cess. There are three main adv an tages in using syn thetic

data:

� First, lots of data can b e easily generated for an y p oin t of view and

the virtual a v atar can b e placed at an y place.

� Second, the approac h can b e studied according to di�eren t problems:

segmen tation qualit y , in termediat e p ostures, am biguous p ostures and

v ariabilit y b et w een the observ ed p erson and the 3D a v atar.

� Finally , a ground-truth �le can b e automatical l y asso ciated at eac h

generation step.

The syn thetic p osture data-base has b een generated for 19 p oin ts of view,

for 10 p ostures and for 360 orien tations separated b y one degree. The p oin ts

of view are lo calised on a quarter of circle around the p erson for eac h �v e

degree from 0 to 90 degrees p opulating the data-base with 68400 silhouettes.

The prop osed approac h has b een v alidated on b oth syn thetic and real data.

The horizon tal and v ertical pro jections represen tation giv es b etter p osture

recognition than the geometric features, the sk eletonisation and the Hu

momen ts represen tations b ecause this represen tation is more robust to noisy

silhouettes and in termediate p ostures.

� An exhaustiv e c haracterisation of am biguous p ostures are also stud-

ied with the syn thetic data-base as sho wn in c hapter 6. Am biguit y cases

happ en when silhouettes represen tativ e of di�eren t p ostures ha v e the same

pro jections on the image for a giv en p oin t of view. The am biguit y is then

c haracterised b y a p osture and an orien tation according to a giv en p oin t of

view. It is dep enden t on the silhouette represen tation. This a priori kno wl-

edge can b e exploited in the recognition pro cess to asso ciate a con�dence

v alue with the recognised p ostures.

� The results of the prop osed approac h, the recognised p ostures, ha v e b een

used for action recognition in c hapter 7. The targeted actions are self-

actions, that is to sa y actions where only the considered p erson is in v olv ed.

The actions are mo deled with a �nite state mac hine where eac h state con-

sists of a p osture and a minimal/ma xim a l o ccurrence n um b er of consecu-

tiv e app earing p ostures. The approac h has b een successfully tested for the

falling action and the w alking action. The falling action is based on general

p ostures whereas the w alking action is based on the detailed ones. A new

p osture, the w alking p osture, has b een easily added to the set of in terest

p ostures and sho ws the adaptabilit y of the prop osed approac h.

� Moreo v er, during this w ork sev eral to ols ha v e b een dev elop ed:

� The �rst to ol consists of a 3D engine able to visualise and manipulate

a 3D p osture a v atar b y mo ving the di�eren t b o dy parts and to extract
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the silhouette according to a virtual camera. The engine is based

on the Mesa library facilities, com bining orien tation and translation

transformations to animate the 3D p osture a v atar. This engine is a

comp onen t for the to ols describ ed b elo w.

� The second to ol animates the 3D p osture a v atar and de�nes the

parameters asso ciated with a giv en 3D p osture a v atar. Eac h b o dy part

of the 3D mo del can b e selected, and the parameters of the corresp ond-

ing articulation s can b e mo di�ed to obtain the desired 3D a v atar. The

parameters can b e sa v ed and used with the previously describ ed 3D

engine.

� The third to ol generates exhaustiv ely syn thetic data b y de�ning

di�eren t p oin ts of view and di�eren t orien tations of the 3D p osture

a v atars.

� The fourth to ol generates syn thetic silhouette based on a tra jec-

tory . A virtual scene is observ ed from the top (in v ertical direction),

the user dra ws a tra jectory and selects the p osture at the salien t p oin ts

of the tra jectory . This to ol is useful for demonstration purp ose.

� The last to ol is a p osture recognition protot yp e whic h in tegrates

the complete treatmen t of a video sequence from acquisition to p osture

recognition. It visualises the results of the recognition approac h. A

description of the protot yp e is giv en in app endix A.

8.2 Discussion

In the section 3.1.2, sev eral constrain ts ha v e b een iden ti�ed to prop ose a generic

approac h: real-time, indep endenc e from the p oin t of view, fully automated ap-

proac h and one mono cular static camera. W e detail b elo w ho w these constrain ts

ha v e b een solv ed:

� Real-time. The prop osed algorithm is able to treat ab out 5 to 6 frames

p er second using real video stream. It has b een sho wn to b e e�cien t in

recognising some actions suc h as the falling or the w alking ones. This frame-

rate is p ossible thanks to the use of the 2D represen tation of the silhouette.

� Indep endence from the p oin t of view. In section 6.3.2 the approac h has

sho wn its indep endenc e from the p oin t of view. The virtual camera allo ws

the generation of the 3D p osture a v atar silhouettes using the same p oin t of

view than the real camera. Th us, a virtual camera can b e asso ciated to a

real one for an y p osition of the real camera.

� Automated approac h. The approac h is completely automatic and can b e

easily adapted to an y video sequences. Moreo v er, this approac h can b e

adapted to di�eren t t yp es of application b y mo difying the set of p ostures of

in terest. A new p osture of in terest can b e de�ned b y determining a sp eci�c
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set of parameters (the join t parameters) to represen t the desired p osture

suc h as the w alking p osture.

� One mono cular static camera. The approac h w orks with only one mono c-

ular static camera b y using a con textual kno wledge base asso ciated to the

scene. In particular, the calibration matrix allo ws the computation of the

3D p osition of the p eople ev olving in the scene and the initialisation of the

virtual camera.

Since the prop osed approac h com bines the 2D tec hniques and the use of 3D

p osture a v atars, it tak es the strengths of these tec hniques. In particular, the ap-

proac h is indep enden t from the view p oin t of the camera b y using the 3D p osture

a v atars. The approac h is relativ ely fast, and it is able to treat b et w een 5 and 6

frames b y second. Exp erimen tat i o n s ha v e sho wn that the approac h giv es go o d

p osture recognition rates for real data (ab o v e 80% for the general p osture and

around 75% for the detailed p ostures). The approac h is robust to di�eren t t yp es

of segmen tation. The approac h has b een tested with the watershe d se gmentation

algorithm (whic h pro vides a noisy o v er-segmen ted silhouette), with the VSIP se g-

mentation algorithm (whic h pro vides an under-segmen te d silhouette with some

holes) and with the segmen tation asso ciated with the gait sequences (whic h pro-

vides v ery noisy o v er-segmen ted silhouette). The approac h can b e adapted to a

sp eci�c application purp ose, in particular the set of p osture of in terest can b e

mo di�ed to solv e a particular problem. F or instance, the �w alking� p osture is

added to the set of p osture of in terest to recognise the �w alk� action. Ho w ev er

the prop osed approac h has some limitations. The main dra wbac k of the approac h

is that its limitation in terms of the quan tit y of p ostures of in terest. The �rst

reason of this limitation is the time pro cessing. The computing time increases

when more p ostures are considered limiting the n um b er of p ostures of in terest.

The second reason is the discriminating p o w er. When more p osture a v atars are

considered, the n um b er of am biguit y cases increases. The second and related

problem is the computation time. The silhouette generation of the 3D p osture

a v atars represen ts the most exp ensiv e phase in terms of computation time. The

generation time of 100 silhouettes corresp onding to 10 p ostures a v atars and a ro-

tation step of 36 degrees is ab out 1.28 second. By only computing the generated

silhouette, when the detected p erson has a su�cien t displacemen t in the scene,

the frame-rate is ab out 5 to 6 frames p er second. T o decrease this computation

time, some impro v emen ts are necessary . F or example, the set of p osture of in ter-

est can b e adapted b y taking in to accoun t the recognised p osture in the previous

frame. Moreo v er, w e ha v e made the strong h yp othesis that the observ ed p erson

is isolated. But the observ ed p erson can b e o ccluded b y ob jects of the con text,

or she/he can in teract with other p eople. Finally , in the approac h the 3D p osture

a v atar is adapted to the studied p erson b y only taking in to accoun t the heigh t

of the p erson. But more information, can b e use, the t yp e of the clothes or the

corpulence of the studied p erson.

The approac h has b een applied in a video understanding system. But this ap-
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proac h is quite generic and can b e applied in other t yp e of application whic h need

the same requiremen ts: real-time pro cessing, viewp oin t indep endenc e , automated

approac h and one mono cular static camera. In particular, this approac h can b e

used for a new form of h uman computer in terface.

8.3 F uture W orks

This w ork can b e impro v ed in di�eren t w a ys classi�ed in short and long term

p ersp ectiv es.

8.3.1 Short-T erm P ersp ectiv es

Occlusion

The virtual scene can b e used to handle the problem of o cclusion. A 3D mo del of

the scene can b e displa y ed with the 3D p osture a v atars. By p ositioning correctly

the 3D p osture a v atar in the scene, an o ccluded silhouette can b e extracted and

compared with the detected one. In this case the Z-bu�er tec hnique, describ ed

in section 5.2.2.3, cannot b e used to extract silhouette since not only the p osture

a v atar is in the virtual scene but also the con textual ob jects. A simple color

segmen tation can b e en visaged to solv e this problem b y coloring the con textual

ob jects with the bac kground color. An example of an o ccluded silhouette is giv en

in �gure 8.1.

Figure 8.1: The ob jects of the scene are displa y ed in the virtual scene together with the observ ed

p erson. These ob jects are colored in blue to mak e a simple color segmen tation and to obtain an

o ccluded silhouette.

Deformation with the virtual camera

During this w ork, some tests w ere ac hiev ed with images acquired with a CMOS

sensor equipp ed with an ob jectiv e with a large �eld of view (�gure 8.2). Using

suc h sensor implies geometrical deformations of the image. The virtual camera

mo del can b e impro v ed to tak e in to accoun t the deformations of the real camera
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in order to obtain deformed silhouettes of the 3D p osture a v atars. The deformed

silhouettes will then b e directly compared with the silhouette of the detected

p erson. The linear mo del used in the calibration approac h is not v alid for this

kind of image and another metho d of calibration m ust b e used to handle these

deformations.

Figure 8.2: Deformations on the image due to an ob jectiv e with a large �eld of view.

8.3.2 Long-T erm P ersp ectiv es

Dynamic b o dy primitiv e adaptabilit y

During this w ork, the 3D mo del is automatical l y adapted to the studied p erson

b y only considering her/his heigh t. More information ab out the p erson can b e

computed to initialise her/his 3D p osture a v atar. This information can either b e

the corpulence or the clothes w orn b y the p erson for instance. It w ould generate

more accurate silhouettes and thereafter impro v e the recognition p erformance of

our approac h. Information ab out the corpulence can b e handled b y the prop osed

3D p osture a v atar. A solution, for in tegrating information ab out the clothes is

to ha v e sev eral 3D b o dy primitiv es asso ciated to di�eren t t yp es of clothes. This

can b e simply ac hiev ed b y de�ning b o dy primitiv es whic h represen ts the di�eren t

b o dy parts for a giv en cloth. F or instance, a b o dy primitiv e can b e designed to

displa y a head with a hat. The prop osed 3D engine displa ying the 3D p osture

a v atars w ould displa y a more complex head in terms of geometry .

3D p osture a v atar v ariabilit y or gesture recognition

The prop osed approac h is based on prede�ned static 3D p osture a v atars and can

induce wrong recognition with in termediate p ostures as observ ed in section 6.3.3.

When a 3D p osture a v atar is recognised, the parameters of the 3D p osture
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a v atar can b e v aried to b etter matc h the silhouette of the detected p erson.

This v ariabilit y ma y b e driv en b y the t yp e of the recognised p osture. This

impro v emen t w ould allo w the recognition of gesture. A thesis based on the

sub ject �gesture recognition� has b egun in the ORION team.

Another p oin t concerning gesture recognition is the generation of syn thetic data.

As seen in section 6.3.1, syn thetic data can b e used to easily ev aluate a p osture

recognition algorithm. The analogy can b e done with the gesture recognition

algorithms. An impro v emen t m ust b e done directly with the represen tation of the

rotation parameters of the 3D p osture a v atar. Indeed, the represen tation is based

on the Euler angles whic h is not adapted to animation purp oses. Quaternion

could b e used to represen t rotations, as describ ed in app endix C to a v oid this

problem.

2D silhouette represen tation c hoice

The 2D silhouette represen tation is dep enden t on the qualit y of the silhouette.

W e ha v e sho wn that the horizon tal and v ertical pro jections represen tation giv es

the b est results for di�eren t t yp es of segmen tation in section 6.4. An in teresting

task is the abilit y to automatical l y ev aluate the qualit y of the silhouette in order

to c ho ose the most appropriate 2D silhouette represen tation.

Pro cessing time impro v emen t

The main limitation of the prop osed approac h is the time pro cessing of the 3D

p osture a v atar silhouette generation. One w a y to decrease this time is to compute

less generated silhouettes. An automata can b e used to represen t the authorised

p osture transitions. The recognition of the p osture of the detected p erson should

b e used as an information to guide in the next frames whic h 3D p osture a v atar to

consider. The set of p ostures of in terest should b e adapted automatical l y b y only

considering the authorised p ostures. This cue should reduce the pro cessing time.

Moreo v er, information on the orien tation of the p erson could b e used to only

generate 3D p osture a v atar silhouettes for the correct orien tation. An approac h

describ es in [Zuniga et al., 2006 ] prop oses to classify ob ject b y determining 3D

parallelepip e d whic h con tains this ob ject. In particular, the orien tation of the

parallelepip e d is giv en and can b e used as an appro ximation of the orien tation of

the p erson.

Hierarc hical segmen tation

The prop osed h uman p osture recognition is based on the study of the detected

binary silhouette. An impro v emen t can b e done b y not only considering one

region but a set of region. By using a hierarc hical segmen tation, di�eren t regions



8.3 F uture W orks 131

can b e considered inside the silhouette and help to lo calise the di�eren t b o dy

parts in order to initialise the 3D p osture a v atar.

Segmen tation Impro v emen t

The recognised p osture should b e used to ameliorate the segmen tation task b y

helping as feedbac k the parametrisation of the segmen tation algorithm. The

recognised silhouette could determine whic h b o dy parts are missing or whic h

pixels do not corresp ond to the detected p erson are in the segmen ted image.
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App end ix A

Human Posture Recognition

Implement a tion

In this app endix, details are giv en on the di�eren t implemen ta t i o n made during

this thesis. First, the video understanding platform dev elop ed within the ORION

team is describ ed. Then, the implemen ta t i o n of the 3D p osture a v atar is pre-

sen ted, in particular ho w using the Mesa library to mak e this task. The virtual

camera implemen ta t i o n is also giv en. Finally , a protot yp e using the prop osed

h uman p osture recognition approac h is presen ted.

A.1 Video Understanding Platform

This section describ es the video understanding platform dev elop ed within the

ORION team. The description of the global mo del of general framew ork for

automatic video understanding, VSIP (Video Surv eillance In telligen t Platform)

can b e found in [Bremond, 1997 ] and a more tec hnical description can b e found

in [A v anzi et al., 2005 ]. VSIP has b een successfully tested for sev eral applications:

� During t w o Europ ean pro jects P ASSW ORDS and AD VISOR, the VSIP

platform has b een used to recognise some scenarios as �gh ting or blo c king

situation in metro surv eillance ( [Cupillard et al., 2002 ]),

� During the F renc h pro ject CASSIOPEE the platform has b een used to mon-

itor bank agencies ( [Georis et al., 2006 ]),

� During the F renc h pro ject SAMSIT, the platform has b een used to recognise

scenarios of v andalism in train ( [V u et al., 2006 ]),

� During the Europ ean pro ject A VITRA CK, VSIP has b een used to monitor

activities on an airp ort apron [Borg et al., 2006 ].

The soft w are arc hitecture of VSIP is describ ed in [A v anzi et al., 2005 ]. VSIP is

comp osed of three tasks (cf. �gure A.1):
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� Detection and classi�cation of ph ysical ob jects of in terest.

The task of detection and classi�cation of ph ysical ob jects of in terest is

to pro vide a list of lab eled ph ysical ob jects. Sev eral steps are necessary

to ac hiev e this task. First, the input images, either in colour or in blac k

and white mo de are acquired from one or sev eral cameras. The reference

image is then generated according to one of the follo wing metho ds: the

reference image can either b e the �rst captured image, a giv en image or an

image a v eraged from sev eral frames. The segmen tation algorithm detects

the mo ving regions b y subtracting the curren t image from the reference

image. The di�erence image is thresholded with sev eral criteria based on

pixel in tensit y . The mo ving regions, also called blobs , are then de�ned b y

asso ciating a set of 2D features lik e densit y or p osition. The classi�cation

algorithm pro cesses the blobs and pro vides the list of lab eled ph ysical

ob jects of in terest using 2D geometrical features and 3D dimensions. A

merge and split algorithm is applied on the blobs to obtain a more reliable

list of ph ysical ob jects corresp onding to the mo del of exp ected ob jects (e.g.

v ehicle, p erson). A set of 3D features suc h as 3D p osition, width and heigh t

are then computed for eac h of blob. The asso ciation of a blob and the cor-

resp onding set of 3D features are called mobile obje ct . The mobile ob jects

are classi�ed b y using probabilistic distribution of the 3D features in to

prede�ned classes (e.g. v ehicle, p erson). The reference image is up dated

b y discriminating the real mobile ob jects from the regions of c hange in the

curren t image compared with the reference image [T ornieri et al., 2002 ].

� Spatio temp oral analysis.

The list of ph ysical ob jects of in terest is then pro cessed b y spatio-temp ora l

analysis. A graph con taining the detected mobile ob jects and a set of links

b et w een ob ject detected at time t and t � 1 is obtained using frame to frame

comparison. In cases where sev eral cameras are used, with o v erlapping

�elds of view, the mobile ob jects are fused to obtain a unique represen tation

of the mobile ob jects observ ed b y the di�eren t cameras. The 3D features

of the fused mobile ob jects are calculated from the previously computed

features. Long term trac k ers can b e used to add robustness to the trac king

results. A long term trac k mainly consists in: (a) computing a set of paths

represen ting the p ossible tra jectories of the ph ysical ob jects of in terest

(e.g. v ehicle, p erson), (b) trac king the ob jects with a prede�ned dela y T
to compare the ev olution of the di�eren t paths, (c) c ho osing at eac h frame

the b est path to up date the ob ject c haracteristics [A v anzi et al., 2001 ].

� Beha viour analysis.

Finally , the trac k ed ph ysical ob jects of in terest are giv en to the ev en t de-

tection mo dule. Dep ending on the t yp e of scenarios to recognise, di�eren t

ev en t recognition algorithms can b e used:
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� Ba y esian net w ork can b e used to deal with ev en t uncer-

tain t y [Mo enne-Lo co z et al., 2003 ],

� AND/OR trees can b e used to deal with scenarios with a large v ariet y

of visual in v arian ts (�gh ting) [Cupillard et al., 2002 ],

� for ev en ts with m ultiple ph ysical ob jects in v olv ed in complex rela-

tionships, the recognition algorithm is based on a constrain t net-

w ork [V u et al., 2003 ].

W e call action , a simple and short ev en t in time whereas event is a set of

action . Information ab out the con text is necessary to recognise event .

Figure A.1: The VSIP framew ork: (a) the con textual kno wledge base pro vides information

ab out the con text to the di�eren t tasks of VSIP , (b) the ph ysical ob jects of in terest are detected

and classi�ed in to prede�ned classes, (c) the ob jects are then trac k ed using spatio temp oral

analysis. (d) Finally , dep ending on the b eha viour to b e analysed, di�eren t metho ds are used to

iden tify them.

Eac h of these tasks uses information pro vided b y the con textual kno wledge

base. The con textual kno wledge base con tains information ab out the con text of

the scene:

� The p osition of the con textual ob jects (furniture suc h as c hair or desk).

� The lo calisation of the zones of in terest (forbidden zone, safe zone, etc...).

� The c haracteristics of the camera (the calibration matrix and the p osition

of the camera).

� The seman tic asso ciated to eac h con textual ob ject to b e used in particular

b y b eha viour analysis to infer high lev el scenario.
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The goal of this w ork has b een to design a comp onen t whic h can b e in tegrated

in an y video understanding system suc h as VSIP . This comp onen t aims at help-

ing the b eha viour analysis task in order to re�ne the analysed b eha viour. This

comp onen t follo ws the spatio temp oral analysis task in the treatmen t c hain (�g-

ure A.2). Indeed, the �ltering p osture task needs information ab out the previous

p ostures of the recognised p erson. This information is giv en b y the trac king task.

The �ltered p ostures are then pro vided to the b eha viour analysis task.

Figure A.2: The p osture recognition task uses information pro vided b y the spatio temp oral

analysis of detected p erson (c). The �ltered p ostures are then pro vided to the b eha viour analysis

task (d).
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A.2 3D P osture A v atar Implemen tation

As seen in c hapter 4, the 3D p osture a v atar implemen ta t i o n has b een made

with the Mesa Library [Mesa, 2006 ]. Mesa is a 3D graphics library with an

API (Application Programm i n g In terface) whic h is v ery similar to Op enGL li-

brary [Op enGL, 2006 ]. W e used Mesa b ecause it is based on C language and w ell

adapted to real time tasks.

Mesa handles di�eren t matrix stac k op erations to treat the 3D ob ject mo deling

and displa ying. The di�eren t matrix stac ks are asso ciated to eac h matrix mo des

whic h are:

� GL_MODEL VIEW: the matrix asso ciated with the scene mo deling

� GL_PR OJEC T ION: the matrix whic h c haracterises ho w the scene is visu-

alised

� GL_TEXTURE: the matrix asso ciated with the texture.

The GL_MODEL VIEW is the mo de de�ning ho w the di�eren t b o dy parts are

p ositioned in the 3D space.

Animation of an articulated ob ject requires the handling of matrix to represen t

rotation and translation. Mesa library pro vides useful functionalities to ac hiev e

this task. The t w o main Mesa functions that mo v e an ob ject are glT r anslatef and

glR otatef . When glT r anslatef (resp ectiv ely glR otatef ) is called, the �rst matrix

of the curren t matrix stac k is mo di�ed to tak e in to accoun t the translation (resp.

rotation). So, when an ob ject is dra wn after a call of glT r anslatef (resp. glR o-

tatef ), the dra wing tak e in to accoun t this translation (resp. rotation).

By k eeping the notation of c hapter 4, the di�eren t transformation matrices are

computed with:

M X (� ) = glRotatef (�; 1:0; 0:0; 0:0); (A.1)

M Y (� ) = glRotatef (�; 0:0; 1:0; 0:0); (A.2)

M Z (
 ) = glRotatef (
; 0:0; 0:0; 1:0); (A.3)

M T ([x; y; z]T ) = glT ranslatef (x; y; z); (A.4)

M S([Sx ; Sy ; Sz]T ) = glScalef (Sx ; Sy ; Sz); (A.5)

There are t w o v ery useful functions to manage the matrix stac k glPushMatrix

and glPopMatrix . The glPushMatrix function pushes the curren t matrix b y one,

duplicating the curren t matrix. After a glPushMatrix call, the matrix on the top

of the stac k is iden tical to the one b elo w it. The glPopMatrix function p ops the

curren t matrix stac k, replacing the curren t matrix with the one b elo w it on the

stac k.

W e prop ose an algorithm to animate 3D h uman b o dy mo del using the Mesa

library . The algorithm m ust b e able to deal with the h uman b o dy constrain ts.

F or example, when the left thigh mo v es, the left shin and the left fo ot m ust follo w
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this mo v emen t. This is done b y using the glPushMatrix b efore the dra wing of

eac h leg parts.

Another imp ortan t p oin t is the rotation of the di�eren t b o dy parts. The rotation

m ust b e done in the b o dy part referen tial. T o rotate the b o dy primitiv e asso ciated

to the join t, �rst the b o dy primitiv e is translated to the origin b y using the default

p osition information. Then the rotation is done. Finally the in v erse translation

is made to replace correctly the b o dy primitiv e. The co de that animates our

3D h uman mo del is describ ed in algorithm 8. In Op enGL, the transformation

matrices should b e giv en in the opp osite order than they should b e applied.
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Algorithm 8 drawWholeBody()
glT ranslatef(this->hi p s.p o s[0] , t h i s-> h i p s.p o s[1] , t h i s-> h i p s.p o s[2] ) ;

glPushMatrix();

glScalef(2.5*scal e , 2 . 5 * sca l e , 2 . 5 * sca l e ) ;

glT ranslatef(this->h i p s.de fau l t _ p o s[0 ] , t h i s-> h i p s.de fau l t _ p o s[1] , t h i s-

>hips.default_p o s[2] ) ;

glRotatef(this->hips.rot[ 0 ] , 1 . 0 f,0. 0 f,0. 0 f );

glRotatef(this->hips.rot[ 1 ] , 0 . 0 f,1. 0 f,0. 0 f );

glRotatef(this->hips.rot[ 2 ] , 0 . 0 f,0. 0 f,1. 0 f );

dra wHip();

glT ranslatef(-this->h i p s.de faul t _ p o s[0] , - t h i s-> h i p s.de fau l t _ p o s[1] , - t h i s-

>hips.default_p o s[2] ) ;

glPushMatrix();

glT ranslatef(this->ab d o m e n . d e fau l t _ p o s[0] , t h i s-

>ab domen.d e fau l t _ p o s[1] , t h i s-> a b d o m e n . d e fau l t _ p o s[2] ) ;

glRotatef(this->ab dom e n . r o t [ 0 ] , 1 . 0 f,0. 0 f,0. 0 f );

glRotatef(this->ab dom e n . r o t [ 1 ] , 0 . 0 f,1. 0 f,0. 0 f );

glRotatef(this->ab dom e n . r o t [ 2 ] , 0 . 0 f,0. 0 f,1. 0 f );

dra wAb domen() ;

glT ranslatef(-this->a b d o m e n . d e fau l t _ p o s[0] , - t h i s-

>ab domen.d e fau l t _ p o s[1] , - t h i s-> a b d o m e n . d e fau l t _ p o s[2 ] ) ;

dra whair();

dra wHead();

dra wNec k();

dra wChest();

dra wRigh t_Colla r ( ) ;

dra wLeft_Col l a r ( ) ;

glPushMatrix();

dra wRigh tArm();

glP opMatrix();

glPushMatrix();

dra wLeftArm(); {describ ed in algorithm 10}

glP opMatrix();

glP opMatrix();

glPushMatrix();

dra wRigh tLeg() ;

glP opMatrix();

glPushMatrix();

dra wLeftLeg ( ) ; { d e scri b e d in algorithm 9}

glP opMatrix();

glP opMatrix();
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Algorithm 9 drawLef tLeg (M )
glT ranslatef(this->le ft_ h i p . d e faul t _ p o s[0] , t h i s-> l e ft_ h i p . d e fau l t _ p o s[1] , t h i s-

>left_hip.defaul t _ p o s[2] ) ;

glRotatef(this->left_hip . r o t [ 0 ] , 1 . 0 f,0. 0 f,0. 0 f );

glRotatef(this->left_hip . r o t [ 2 ] , 0 . 0 f,0. 0 f,1. 0 f );

dra wLeft_Thi g h ( ) ;

glT ranslatef(-this->l e ft_ h i p . d e faul t _ p o s[0] , - t h i s-> l e ft_ h i p . d e faul t _ p o s[1] , -

this->left_hip.de faul t _ p o s[2] ) ;

glPushMatrix();

glT ranslatef(this->le ft_ kne e . d e fau l t _ p o s[0] , t h i s-

>left_knee.default_ p o s[1] , t h i s-> l e ft_ kne e . d e fau l t _ p o s[2] ) ;

glRotatef(this->left_knee. r o t [ 0 ] , 1 . 0 f,0. 0 f,0. 0 f );

dra wLeft_Shi n ( ) ;

glT ranslatef(-this->l e ft_ kne e . d e fau l t _ p o s[0] , - t h i s-

>left_knee.default_ p o s[1] , - t h i s-> l e ft_ kne e . d e fau l t _ p o s[2] ) ;

dra wLeft_F o ot ( ) ;

glP opMatrix();

Algorithm 10 drawLef tArm (M )
glT ranslatef(this->l e ft_ shou l d e r . d e fau l t _ p o s[0] , t h i s-

>left_shoulder.d e fau l t _ p o s[1] , t h i s-> l e ft_ sho u l d e r . d e faul t _ p o s[2] ) ;

glRotatef(this->left_shoul d e r . r o t [ 0 ] , 1 . 0 f,0. 0 f,0. 0 f );

glRotatef(this->left_shoul d e r . r o t [ 1 ] , 0 . 0 f,1. 0 f,0. 0 f );

glRotatef(this->left_shoul d e r . r o t [ 2 ] , 0 . 0 f,0. 0 f,1. 0 f );

dra wLeft_Sho u l d e r ( ) ;

glT ranslatef(-this->l e ft_ shou l d e r . d e fau l t _ p o s[0] , - t h i s-

>left_shoulder.d e fau l t _ p o s[1] , - t h i s-> l e ft_ sho u l d e r . d e faul t _ p o s[2] ) ;

glPushMatrix();

glT ranslatef(this->le ft_ e l b o w . d e fau l t _ p o s[0] , t h i s-

>left_elb o w.d e fau l t _ p o s[1] , t h i s-> l e ft_ e l b o w . d e faul t _ p o s[2] ) ;

glRotatef(this->left_elb o w . r o t [ 0 ] , 1 . 0 f,0 . 0 f,0. 0 f );

glRotatef(this->left_elb o w . r o t [ 1 ] , 0 . 0 f,1 . 0 f,0. 0 f );

glRotatef(this->left_elb o w . r o t [ 2 ] , 0 . 0 f,0 . 0 f,1. 0 f );

dra wLeft_F orea r m ( ) ;

glT ranslatef(-this->l e ft_ e l b o w . d e fau l t _ p o s[0] , - t h i s-

>left_elb o w.d e fau l t _ p o s[1] , - t h i s-> l e ft_ e l b o w . d e faul t _ p o s[2] ) ;

dra wLeft_Hand() ;

glP opMatrix();
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A.3 Virtual Camera Implemen tation

As describ ed in c hapter 5, a virtual camera is designed b y computing t w o trans-

formation matrices:

� the camera transformation: M CT

� the p ersp ectiv e transformation: M P T

The Glu library (Op enGL Utilit y library) pro vides t w o useful function to com-

pute these t w o matrices: gluPerspective and gluLookAt .

By k eeping the notations of c hapter 5, the b oth transformation matrices are com-

puted as:

M CT = gluLookAt (eye[0]; eye[1]; eye[2]; center[0]; center[1]; center[2]; up[0]; up[1]; up[2]);

M P T = gluPerspective(fovy; aspect; znear; zfar );

As seen previously in Op enGL, transformations are computed b y considering

the last giv en op eration. Moreo v er the matrices should b e asso ciated to the correct

matrix stac k of the Mesa library . The p ersp ectiv e transformation is asso ciated

to the GL _ PROJECTION matrix stac k whereas the camera transformation

is asso ciated to the GL _ MODELV IEW stac k. The virtual camera is then

initialised with the algorithm 11.

Algorithm 11 initialiseV irtualCamera ()
glMatrixMo de(GL_P R OJ E C T ION);

glLoadIden tit y();

gluP ersp ectiv e(fo vy ,asp ect, z n e a r , z far) ;

glMatrixMo de(GL_MODE L VIEW);

glLoadIden tit y();

gluLo okA t(ey e[0],ey e[ 1 ] , e y e[2 ] , c e n t e r [ 0 ] , c e n t e r [ 1 ] , c e n t e r [ 2 ] , u p [ 0 ] , u p [ 1 ] , u p [ 2 ] ) ;
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A.4 Protot yp e Implemen tation

This thesis w ork is leaded in co op eration with STMicro electro n i c s Rousset under

PS26/27 pro ject. This pro ject aims to prop ose a smart en vironmen t based on

in telligen t cameras. Three partners are in v olv ed in the pro ject for di�eren t tasks:

� STMicro electro n i c s: a sp ecialist in image sensor (CMOS sensor)

� CMM: segmen tation task

� INRIA: h uman p osture recognition task

During this w ork, w e ha v e implemen ted a protot yp e to demonstrate the results

and to in tegrate the algorithms of the di�eren t partners. The protot yp e has b een

de�ned as a graphic user in terface (GUI) comp osed of three parts as sho wn in

�gure A.3:

� the segmen tation parts is comp osed of the curren t image and the binary im-

age, and of di�eren t displa ying: b ounding b o x, cen troid, recognised action.

� the detailed p osture recognition part: an image represen ting the detected

detailed p osture is highligh ted in green,

� the general p osture recognition part: a green curv e represen ting the recog-

nised general p ostures in time and a red curv e represen ting the �ltered

general p ostures in time.

Moreo v er a men u �le allo ws to load the image sequence and the asso ciated pa-

rameters describ ed b elo w.

A to ol bar is also implemen te d to easily na vigate in the sequence with the classical

button:

� pla y button: launc h the p osture recognition

� pause button: pause the p osture recognition

� stop button: re-initialise the p osture recognition.

The protot yp e has b een implemen ted in QT b ecause of its p ortabilit y under

Lin ux and Windo ws and its C++ lik e.

Di�eren t parameters are needed to mak e op erational the protot yp e:

� the rep ository of the image sequence to treat,

� the reference image,

� the p ersp ectiv e matrix,

� the virtual camera,



A.4 Protot yp e Implemen tation 143

Figure A.3: The protot yp e sho ws the results obtained with the prop osed h uman p osture recog-

nition algorithm.

� the di�eren t p osture parameters, in particular the rotation step.

When the p osture recognition is launc hing, �rst the segmen tation task is

made. One of the segmen tation algorithm is applied to obtain a binary image.

The ob ject of in terest are then determined b y a connexit y analysis. Then these

ob jects are classi�ed to determine the di�eren t p eople ev olving in the scene. F or

the studied video sequence, the classi�cation is just based on the quan tit y of

pixel of the detected ob jects, since in the scene only p eople mo v e.

The h uman p osture recognition approac h is then applied to eac h detected p er-

son. A ccording to the recognition, the detailed and generated p osture recognition

parts are up dated.
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Finally , the actions are determined b y using the �ltered p ostures and the results

is displa ying on the image.



App end ix B

Complete set of confusion

ma trices

In this app endix, all the confusion matrices obtained with syn thetic data are giv en

for the horizon tal and v ertical pro jections represen tation. The recognition is made

for the optimal rotation step of 36 degrees. In the follo wing tables the n um b er

represen ts the t yp e of the detailed p ostures of in terest:

� 0: standing with left arm up

� 1: standing with righ t arm up

� 2: standing with arms near the b o dy

� 3: T-shap e p osture

� 4: sitting on a c hair

� 5: sitting on the �o or

� 6: b ending

� 7: lying with spread legs

� 8: lying with curled up legs on righ t side

� 9: lying with curled up legs on left side

The table B.1 giv es the confusion matrix for all the viewp oin ts and the 19 tables

( B.2- B.20) giv e the confusion matrices for eac h viewp oin t. The ith p oin t of

view corresp onds to a camera lo calised at � c = i � 5 degrees. The ro ws of a

matrix corresp ond to the recognised p ostures and the columns corresp ond to the

ground-truth ones. These tables ma y b e used to de�ne am biguous p ostures and

a recognition lik eliho o d according to the viewp oin t.
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0 1 2 3 4 5 6 7 8 9

0 3862 1265 23 523 6 0 37 103 245 100

1 1367 3961 771 711 94 0 56 138 45 256

2 746 724 5917 703 236 215 21 6 0 15

3 421 470 0 4068 228 21 0 55 0 0

4 146 133 19 0 4969 1266 157 206 127 155

5 45 61 4 0 1238 5206 801 197 199 251

6 78 69 106 0 14 0 5639 360 94 89

7 40 54 0 835 36 42 77 4710 474 225

8 88 60 0 0 7 54 31 488 4042 1996

9 47 43 0 0 12 36 21 577 1614 3754

T able B.1: Confusion matrix for detailed p ostures recognition for H. & V. pro jections for syn-

thetic data.

0 1 2 3 4 5 6 7 8 9

0 185 49 18 42 0 0 0 0 0 0

1 113 249 48 60 0 0 0 0 0 0

2 27 33 294 53 0 0 0 0 0 0

3 35 29 0 205 0 0 0 0 0 0

4 0 0 0 0 338 2 0 0 0 0

5 0 0 0 0 22 357 37 0 0 0

6 0 0 0 0 0 0 323 9 0 0

7 0 0 0 0 0 0 0 283 23 0

8 0 0 0 0 0 1 0 18 284 121

9 0 0 0 0 0 0 0 50 53 239

T able B.2: Confusion matrix for detailed p ostures recognition for H. & V. pro jections for syn-

thetic data according to the 0th p oin t of view.
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0 1 2 3 4 5 6 7 8 9

0 169 94 5 40 0 0 0 0 0 0

1 125 224 55 69 0 0 0 0 0 0

2 32 14 300 50 0 0 0 0 0 0

3 34 28 0 201 8 0 0 0 0 0

4 0 0 0 0 332 0 0 0 0 0

5 0 0 0 0 20 360 44 0 0 0

6 0 0 0 0 0 0 316 11 0 0

7 0 0 0 0 0 0 0 291 33 2

8 0 0 0 0 0 0 0 40 275 112

9 0 0 0 0 0 0 0 18 52 246

T able B.3: Confusion matrix for detailed p ostures recognition for H. & V. pro jections for syn-

thetic data according to the 1th p oin t of view.

0 1 2 3 4 5 6 7 8 9

0 170 115 0 49 0 0 0 0 0 0

1 112 187 72 67 0 0 0 0 0 0

2 41 36 288 53 0 0 0 0 0 0

3 37 22 0 191 18 0 0 0 0 0

4 0 0 0 0 319 0 0 0 0 0

5 0 0 0 0 23 360 48 0 0 0

6 0 0 0 0 0 0 312 10 0 0

7 0 0 0 0 0 0 0 278 28 9

8 0 0 0 0 0 0 0 39 271 95

9 0 0 0 0 0 0 0 33 61 256

T able B.4: Confusion matrix for detailed p ostures recognition for H. & V. pro jections for syn-

thetic data according to the 2th p oin t of view.
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0 1 2 3 4 5 6 7 8 9

0 136 65 0 52 0 0 0 0 0 0

1 139 185 60 57 0 0 0 0 0 0

2 42 75 300 47 3 0 0 0 0 0

3 43 35 0 204 23 0 0 0 0 0

4 0 0 0 0 304 3 0 0 0 0

5 0 0 0 0 30 325 51 0 0 0

6 0 0 0 0 0 0 309 12 0 0

7 0 0 0 0 0 32 0 272 41 20

8 0 0 0 0 0 0 0 41 231 89

9 0 0 0 0 0 0 0 35 88 251

T able B.5: Confusion matrix for detailed p ostures recognition for H. & V. pro jections for syn-

thetic data according to the 3th p oin t of view.

0 1 2 3 4 5 6 7 8 9

0 220 63 0 40 0 0 0 0 0 0

1 68 215 55 54 6 0 0 0 0 0

2 21 42 305 45 5 0 0 0 0 0

3 51 40 0 221 20 0 0 0 0 0

4 0 0 0 0 257 15 0 0 0 0

5 0 0 0 0 36 335 53 31 0 0

6 0 0 0 0 0 0 304 14 0 0

7 0 0 0 0 36 10 0 271 38 25

8 0 0 0 0 0 0 0 16 238 86

9 0 0 0 0 0 0 3 28 84 249

T able B.6: Confusion matrix for detailed p ostures recognition for H. & V. pro jections for syn-

thetic data according to the 4th p oin t of view.
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0 1 2 3 4 5 6 7 8 9

0 210 58 0 44 0 0 0 0 0 0

1 65 208 77 59 9 0 0 0 0 0

2 41 46 283 52 8 0 0 0 0 0

3 44 47 0 205 15 0 0 0 0 0

4 0 1 0 0 295 67 0 29 0 0

5 0 0 0 0 33 284 46 23 2 1

6 0 0 0 0 0 0 309 16 0 0

7 0 0 0 0 0 0 0 267 35 26

8 0 0 0 0 0 0 0 5 247 94

9 0 0 0 0 0 9 5 20 76 239

T able B.7: Confusion matrix for detailed p ostures recognition for H. & V. pro jections for syn-

thetic data according to the 5th p oin t of view.

0 1 2 3 4 5 6 7 8 9

0 229 40 0 46 2 0 0 0 0 0

1 63 230 67 59 11 0 0 0 0 0

2 27 37 293 48 9 0 0 0 0 0

3 39 52 0 207 13 0 0 0 0 0

4 2 1 0 0 288 79 5 25 0 0

5 0 0 0 0 29 276 34 40 19 26

6 0 0 0 0 0 0 309 12 0 0

7 0 0 0 0 0 0 0 248 27 15

8 0 0 0 0 4 0 5 16 230 105

9 0 0 0 0 4 5 7 19 84 214

T able B.8: Confusion matrix for detailed p ostures recognition for H. & V. pro jections for syn-

thetic data according to the 6th p oin t of view.
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0 1 2 3 4 5 6 7 8 9

0 216 48 0 44 2 0 0 0 0 0

1 55 214 72 59 12 0 0 0 0 0

2 56 41 288 40 10 0 0 0 0 0

3 32 55 0 217 14 0 0 0 0 0

4 1 2 0 0 279 76 9 7 1 9

5 0 0 0 0 35 275 40 51 25 33

6 0 0 0 0 0 0 297 15 0 3

7 0 0 0 0 0 0 0 245 20 12

8 0 0 0 0 0 4 8 21 225 100

9 0 0 0 0 8 5 6 21 89 203

T able B.9: Confusion matrix for detailed p ostures recognition for H. & V. pro jections for syn-

thetic data according to the 7th p oin t of view.

0 1 2 3 4 5 6 7 8 9

0 219 31 0 31 2 0 0 0 0 0

1 49 218 74 61 3 0 0 0 0 0

2 58 58 286 47 26 0 0 0 0 0

3 31 51 0 221 8 0 0 0 0 0

4 3 2 0 0 275 65 11 27 7 7

5 0 0 0 0 46 274 44 28 35 42

6 0 0 0 0 0 0 305 12 1 8

7 0 0 0 0 0 0 0 239 28 2

8 0 0 0 0 0 15 0 26 194 101

9 0 0 0 0 0 6 0 28 95 200

T able B.10: Confusion matrix for detailed p ostures recognition for H. & V. pro jections for

syn thetic data according to the 8th p oin t of view.
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0 1 2 3 4 5 6 7 8 9

0 208 45 0 33 0 0 0 0 0 0

1 44 221 13 49 6 0 0 0 0 0

2 79 52 338 37 29 0 0 0 0 0

3 26 39 0 240 7 0 0 1 0 0

4 1 3 0 0 256 45 16 33 6 10

5 0 0 0 0 62 277 35 20 40 49

6 2 0 9 0 0 0 307 16 8 8

7 0 0 0 1 0 0 2 231 35 9

8 0 0 0 0 0 27 0 33 180 92

9 0 0 0 0 0 11 0 26 91 192

T able B.11: Confusion matrix for detailed p ostures recognition for H. & V. pro jections for

syn thetic data according to the 9th p oin t of view.

0 1 2 3 4 5 6 7 8 9

0 219 51 0 36 0 0 0 10 0 0

1 33 234 11 42 6 0 1 1 0 0

2 77 36 309 41 29 0 3 1 0 0

3 20 34 0 241 8 0 0 0 0 0

4 3 4 0 0 280 75 20 33 29 29

5 0 0 0 0 35 278 39 4 23 38

6 8 1 40 0 0 0 292 20 8 5

7 0 0 0 0 0 0 5 232 32 6

8 0 0 0 0 2 7 0 35 178 101

9 0 0 0 0 0 0 0 24 90 181

T able B.12: Confusion matrix for detailed p ostures recognition for H. & V. pro jections for

syn thetic data according to the 10th p oin t of view.
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0 1 2 3 4 5 6 7 8 9

0 229 64 0 36 0 0 0 14 0 2

1 58 242 22 21 3 0 15 15 0 0

2 51 23 281 33 32 0 9 3 0 0

3 6 14 0 243 7 0 0 0 0 0

4 2 5 0 0 279 77 25 25 29 40

5 0 0 0 0 38 283 42 0 14 18

6 13 11 57 0 0 0 246 18 10 9

7 0 1 0 27 0 0 23 229 10 5

8 0 0 0 0 1 0 0 24 197 96

9 1 0 0 0 0 0 0 32 100 190

T able B.13: Confusion matrix for detailed p ostures recognition for H. & V. pro jections for

syn thetic data according to the 11th p oin t of view.

0 1 2 3 4 5 6 7 8 9

0 227 62 0 27 0 0 0 18 0 6

1 60 203 28 25 0 0 16 22 1 0

2 42 66 332 35 34 0 5 2 0 5

3 0 2 0 236 8 0 0 0 0 0

4 10 17 0 0 295 81 21 18 29 31

5 0 0 0 0 23 279 49 0 15 16

6 10 3 0 0 0 0 249 21 7 12

7 7 0 0 37 0 0 20 220 13 10

8 0 0 0 0 0 0 0 24 198 102

9 4 7 0 0 0 0 0 35 97 178

T able B.14: Confusion matrix for detailed p ostures recognition for H. & V. pro jections for

syn thetic data according to the 12th p oin t of view.
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0 1 2 3 4 5 6 7 8 9

0 209 68 0 3 0 0 0 18 4 5

1 46 180 21 14 0 0 22 23 3 15

2 48 58 339 37 34 0 4 0 0 0

3 3 4 0 222 11 0 0 0 0 0

4 23 23 0 0 258 126 7 9 17 16

5 0 0 0 0 57 234 48 0 6 12

6 7 8 0 0 0 0 257 25 8 8

7 11 2 0 84 0 0 22 224 22 11

8 9 5 0 0 0 0 0 25 203 124

9 4 12 0 0 0 0 0 36 97 169

T able B.15: Confusion matrix for detailed p ostures recognition for H. & V. pro jections for

syn thetic data according to the 13th p oin t of view.

0 1 2 3 4 5 6 7 8 9

0 203 69 0 0 0 0 0 14 26 4

1 51 197 25 8 21 0 2 23 3 35

2 41 59 335 25 16 28 0 0 0 6

3 1 0 0 201 8 0 0 1 0 0

4 25 9 0 0 248 72 25 0 5 1

5 0 0 0 0 67 260 30 0 9 8

6 12 10 0 0 0 0 298 28 8 5

7 10 13 0 126 0 0 5 234 15 14

8 12 0 0 0 0 0 0 25 203 127

9 5 3 0 0 0 0 0 35 91 160

T able B.16: Confusion matrix for detailed p ostures recognition for H. & V. pro jections for

syn thetic data according to the 14th p oin t of view.
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0 1 2 3 4 5 6 7 8 9

0 204 82 0 0 0 0 0 11 45 9

1 60 189 18 5 13 0 0 25 3 35

2 24 24 340 15 0 62 0 0 0 4

3 4 5 0 201 9 0 0 5 0 0

4 22 18 0 0 179 75 17 0 2 3

5 4 8 2 0 154 223 32 0 8 6

6 15 15 0 0 5 0 311 31 7 6

7 10 15 0 139 0 0 0 234 18 15

8 10 4 0 0 0 0 0 26 197 119

9 7 0 0 0 0 0 0 28 80 163

T able B.17: Confusion matrix for detailed p ostures recognition for H. & V. pro jections for

syn thetic data according to the 15th p oin t of view.

0 1 2 3 4 5 6 7 8 9

0 203 86 0 0 0 0 14 7 57 19

1 79 193 0 2 4 0 0 20 7 50

2 15 13 339 16 1 58 0 0 0 0

3 5 7 0 199 16 0 0 14 0 0

4 15 11 19 0 183 85 1 0 2 5

5 9 9 2 0 151 217 39 0 2 2

6 10 18 0 0 5 0 296 32 12 7

7 2 9 0 143 0 0 0 231 16 11

8 7 13 0 0 0 0 10 21 177 111

9 15 1 0 0 0 0 0 35 87 155

T able B.18: Confusion matrix for detailed p ostures recognition for H. & V. pro jections for

syn thetic data according to the 16th p oin t of view.
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0 1 2 3 4 5 6 7 8 9

0 200 80 0 0 0 0 11 6 51 29

1 79 182 37 0 0 0 0 9 20 54

2 9 4 323 17 0 34 0 0 0 0

3 4 6 0 206 18 1 0 15 0 0

4 21 27 0 0 159 164 0 0 0 4

5 17 18 0 0 179 161 44 0 1 0

6 1 3 0 0 4 0 300 28 14 8

7 0 8 0 137 0 0 0 242 19 16

8 22 22 0 0 0 0 5 24 166 105

9 7 10 0 0 0 0 0 36 89 144

T able B.19: Confusion matrix for detailed p ostures recognition for H. & V. pro jections for

syn thetic data according to the 17th p oin t of view.

0 1 2 3 4 5 6 7 8 9

0 206 95 0 0 0 0 12 5 62 26

1 68 190 16 0 0 0 0 0 8 67

2 15 7 344 12 0 33 0 0 0 0

3 6 0 0 207 17 20 0 19 0 0

4 18 10 0 0 145 159 0 0 0 0

5 15 26 0 0 198 148 46 0 0 0

6 0 0 0 0 0 0 299 30 11 10

7 0 6 0 141 0 0 0 239 21 17

8 28 16 0 0 0 0 3 29 148 116

9 4 10 0 0 0 0 0 38 110 125

T able B.20: Confusion matrix for detailed p ostures recognition for H. & V. pro jections for

syn thetic data according to the 18th p oin t of view.
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Qua ternion

In this section a discussion is giv en on the di�eren t rotation represen tations and

in particular ab out the quaternion represen tation.

There exist three usual rotation represen tations:

� Euler represen tation,

� axis represen tation,

� and quaternion represen tation.

As seen in c hapter 4, the join ts parameters are the three angles asso ciated to

eac h articulation of the 3D h uman b o dy . This represen tation is su�cien t in the

�eld of this w ork to represen t the di�eren t p ostures of in terest but sho ws its

limitation for animation purp ose. The next step in the generation of syn thetic

data is the animation of the 3D h uman b o dy mo del to acquire realistic gesture.

The quaternion is w ell adapted for this purp ose.

In the next section, the di�eren t rotation represen tations are describ ed and in

particular the w a y to transform eac h represen tation in quaternion one.

Euler represen tation

A rotation is represen ted b y three angles according to eac h axis. These angles are

classically named pitc h, roll and y a w. The rotation is obtained b y m ultiplying

the three rotation matrix asso ciated to eac h angle in an arbitrary order. As seen

previously in (section 4.1), this represen tation has di�eren t dra wbac ks:

� non-unicit y of the represen tation,

� gim bal lo c k problem,

� non realistic rotation.
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Axis represen tation

This represen tation a v oid the gim bal lo c k problem. It is comp osed of a unit

v ector whic h represen ts the rotation axis and an angle. The main dra wbac k is the

in terp olatio n b et w een t w o rotations.

Quaternion represen tation

Quaternion is �rst in tro duced as an extension to complex n um b ers. It has latter

b e used in computer graphics to represen t 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 ro ots of � 1 and w; x; y; z are real n um b ers.

A unit quaternion is necessary to represen t a 3D rotation. A quaternion can

b e normalised according to its magnitude similarly to Euclidean magnitude for

v ector:

q
p

w2 + x2 + y2 + z2
(C.3)

(C.4)

A unit quaternion can b e represen ted as a rotation in a 4-dimensional w orld,

where the (x; y; z) is the rotation axis and w is the angle.

The rotation matrix asso ciated to a giv en quaternion q is giv en b y:

P =

2

4
1 � 2y2 � 2z2 2xy � 2wz 2xz + 2wy

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

3

5
(C.5)

It is not easy to asso ciate a quaternion to a giv en rotation. Usually , the rotation is

represen ted with Euler angles or axis, the the obtained represen tation is con v erted

in quaternion. The con v ersion is describ ed in the next sections.

Euler angle to quaternion

Con v erting Euler angles to a quaternion is dep ending on the order of the angle

m ultiplicati o n . W e supp ose here that the rotation is �rst done according to X-axis

� X , follo wing b y Y-axis � Y and Z-axis � Z . First the three follo wing quaternion

are 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)
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The �nal quaternion is obtained b y:

Q = QX . Q Y . Q Z (C.10)

(C.11)

where . is the quaternion m ultiplicati o n de�ned in equation C.13

Q1 . Q 2 = [ w1 � w2 � v1:v2; (w1 � v2 + w2 � v1 + v1 ^ v2)] (C.12)

(C.13)

with � is a scalar m ultiplicati o n , ^ is a v ector cross pro duct, and : is the v ector

dot pro duct.

Axis angle to quaternion

The con v ersion of an axis represen tation (�; a x ; ay ; az) is giv en b y the equations

b elo w:

w = cos
�
2

(C.14)

x = ax sin
�
2

(C.15)

y = ay sin
�
2

(C.16)

z = az sin
�
2

(C.17)

(C.18)

Conclusion

Quaternion are w ell adapted to mo del in terp olatio n b et w een t w o orien tations and

a v oid the gim bal lo c k problem. Quaternions supp ort spherical linear in terp olatio n

(SLERP), whic h means that p oin ts tra v el along the surface of a sphere as they

are mo v ed from one orien tation to the next.
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French Intr oduction

La reconnaissance de p osture de p ersonne est un problème di�cile est am bitieux

dû au grand nom bre de cas p ossibles. La quan tité de p osture est directemen t

reliée au degré de lib erté du corps h umain (i.e. les articulation s telles que les

épaules ou les genoux). De plus, la morphologie des p ersonnes (la taille ou la

corpulence) joue un rôle imp ortan t dans la p erception des p ostures. En�n, les

v êtemen ts p euv en t aussi donner une apparence di�éren te p our la même p osture

considérée.

Les sections suiv an tes décriv en t les motiv ations, le con texte et les ob jectifs de

cette thèse en reconnaissance de p osture de p ersonne. Ce c hapitre est conclu par

la structure du man uscrit.

E.1 Motiv ations

La reconnaissance de p osture de p ersonne est une partie imp ortan te de la com-

préhension du comp orteme n t car elle p ermet d'obtenir des informations précises

p our la p ersonne étudiée. Le problème de la reconnaissance de p osture in tervien t

dans trois principaux t yp es d'applicatio n :

� Les applications de surv eillance p euv en t être dé�nies comme le suivi de une

ou plusieurs p ersonnes dans le temps p our analyser leurs comp orteme n t s.

La vidéo surv eillance ou la domotique son t des exemples t ypiques où les

p ersonnes son t suivies p our analyser leurs activités.

� Les applications de con trôle utilise l'information de la p osture d'une p er-

sonne comme une fonction de con trôle. P ar exemple, une p ersonne p eut

in teragir a v ec un ordinateur grâce à une in terface in telligen te (IHM) basée

sur les p ostures.

� Les applications d' analyse nécessiten t une information très précise sur la

p osture. Elles son t t ypiquemen t utilisées p our des applications médicales

(par exemple en orthop édie), p our la surv eillance ou l'en traîneme n t de

sp ortif, ou p our l'animation virtuelle.



164 French Intr od u c t io n

Dans ce tra v ail l'appro c he prop osée a p our but de reconnaître la p osture de p er-

sonne p our des applications de surv eillance et de con trôle. Nous p ensons que les

applications d'analyse nécessiten t un traitemen t sp éci�que p our obtenir la préci-

sion souhaitée dans les mesures des di�éren tes parties du corps (taille, lo calisation

dans l'espace 3D, orien tation).

Chacune de ces trois t yp es d'applicatio n s doiv en t resp ecter certaines propriétés

classées en trois catégories :

� Le nom bre de con train te don t a b esoin une application. P ar exemple, une

con train te p eut être d'a v oir une caméra statique, pas d'o cclusion, les p er-

sonnes doiv en t être face à la caméra, l'éclairage doit être constan t, etc. Les

applications de surv eillance nécessiten t d'a v oir moins de con train te que les

autres applications puisqu'elles nécessiten t g«éralemen t un fonctionnemen t

automatique dans des en vironemen ts v ariés p our une longue p ério de de

temps. Les applications de con trôle et d'analyse on t plus de con train tes

car elles fonctionnen t généralemen t p our une courte p ério de de temps dans

un espace con train t. P ar exemple, la p ersonne doit être dev an t la caméra

dans le cas d'une in terface homme mac hine in telligen te .

� La précision p eut être mesurée grâce à la similarité en tre la p osture re-

conn ue et celle de la p ersonne év oluan t dans la scène. Une grande précision

n'est pas nécessaire p our une application de surv eillance alors qu'elle est

imp ortan te p our des applications d'analyse et de con trôle. En e�et, les

applications d'analyse on t b esoin de mesures précises p our les di�éren tes

parties du corps.

� La vitesse d'exécution p eut être classée en temps réel et hors ligne. Le

temps réel est comm uneme n t dé�nit comme le calcul qui donne le résultat

dans un temps �xé. Ce temps est di�éren t en fonction du but rec herc hé

par une application donnée. Les applications de surv eillance et de con trôle

nécessiten t une vitesse d'exécution élev ée p our p ouv oir détecter certain com-

p ortemen t à temps. P ar exemple, lorsqu'une p ersonne in teragit a v ec un or-

dinateur, les résultats doiv en t être immédiats. À l'in v erse, les applications

d'analyse p euv en t être traitées hors-ligne.

E.2 Con texte de l'Étude

Il est nécessaire de placer le problème de reconnaissance de p osture de p ersonne

dans la c haîne du traitemen t complet de l'in terprétat i o n vidéo. Di�éren tes études

sur l'in terprétat i o n vidéo (aussi app elée analyse de mouv emen t de p ersonne dans

notre cas) on t été prop osées ces 20 dernières années :

� Dans [Cedras and Shas, 1995 ], les auteurs présen ten t une vue d'ensem ble

des métho des p our l'extraction du mouv emen t a v an t 1995. Le mouv emen t

de p ersonne est décrit comme la suite de reconnaissance d'action, de recon-

naissance des parties du corps et l'estimation de la con�guratio n du corps.
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� Dans [Aggarw al and Cai, 1999 ], le mouv emen t de p ersonne est in terprété

comme la succession de trois tâc hes qui son t les même que citées précédem-

men t dans [Cedras and Shas, 1995 ] mais nommées di�éremmen t : l'analyse

de mouv emen t faisan t in terv enir les parties du corps h umain, le suivi de

p ersonne a v ec une ou plusieurs caméras et la reconnaissance d'activité h u-

maine.

� Dans [Ga vrila, 1999 ], les auteurs décriv en t les principaux tra v aux en analyse

du mouv emen t de p ersonne a v an t 1998. Ils décriv en t di�éren tes métho des

classées en appro c he 2D a v ec ou sans mo dèle de forme et les appro c hes 3D.

� Dans [Mo eslund and Gran um, 2001 ], les auteurs donnen t une vue

d'ensem ble sur l'analyse de mouv emen t de p ersonne a v an t 2000 et com-

plétée dans [Mo eslund, 2003 ] a v an t 2002. Un système d'analyse de mouv e-

men t de p ersonne est constitué de quatre tâc hes : l'initialisation , le suivi,

l'estimation des p ostures et la reconnaissance d'action. Une initialisation

des données est nécessaire, par exemple un mo dèle adapté à la p ersonne

étudiée p eut être initialisé. La tâc he de suivi calcule les relations dans le

temps de l'ob jet détecté en trouv an t les corresp ondance s dans les images

consécutiv es. Ensuite, l'estimation de p osture des p ersonnes détectées est

faite. La tâc he �nale analyse les p ostures et d'autres paramètres p our re-

connaître les actions e�ectuées par les p ersonnes év oluan t dans la scène.

� Dans [W ang et al., 2003 ], les tra v aux sur l'analyse de mouv emen t de p er-

sonne son t décrits jusqu'à 2001. La taxonomie prop osée est comp osée de

cinq tâc hes : la segmen tation des ob jets en mouv emen t, la classi�cation des

ob jets détectés, le suivi des p ersonnes, la reconnaissance d'action et la de-

scription séman tique. Le but de la description séman tique du comp orteme n t

des p ersonnes est de "c hoisir un ensem ble raisonnable de mot ou d'expression

courte p our décrire les comp orteme n t s des ob jets en mouv emen t dans des

scènes naturelles".

Le tra v ail de cette thèse a été e�ectué dans l'équip e ORION lo calisée à l'INRIA

Sophia An tip olis. ORION et une équip e pluridisciplina i r e s à la fron tière de la vi-

son par ordinateur, de l'in telligenc e arti�cielle et du génie logiciel. L'équip e a

acquis une forte exp érience dans ces domaines au cours de ces années. Un des su-

jets d'in térêt est la compréhension automatique d'image et de vidéo basée sur une

connaissance a priori. Le tra v ail prop osé prend place dans ce con texte. Comme

dans [W ang et al., 2003 ], un framew ork général de la tâc he d'in terprétat i o n vidéo

p eut être décrit de la vision bas niv eau à la vision haut niv eau (�gure E.1) :

� la segmen tation des ob jets,

� la classi�cation des ob jets,

� le suivi des p ersonnes,

� la reconnaissance de p osture des p ersonnes,
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Figure E.1: Un framew ork général p our la tâc he d'in terprétation vidéo. La tâc he est comp osée

de : (a) une tâc he de vision bas niv eau qui détecte les p ersonnes év oluan t dans la scène, (b) une

tâc he de vision de niv eau in termédiaire qui suit les p ersonnes détectées et (c) une tâc he de vision

haut niv eau qui reconnaît la p osture et analyse le comp ortemen t en fonction des informations

calculées précédemm en t .

� l'analyse du comp orteme n t des p ersonnes.

La première étap e d'une telle appro c he est de détecter les p ersonnes év oluan t

dans une séquence vidéo. La détection de p ersonne est imp ortan te p our les tâc hes

suiv an tes telles que le suivi des p ersonnes ou l'analyse de comp orteme n t . La

détection des p ersonnes est généraleme n t réalisée par une tâc he de segmen tation

et de classi�cation. Les p ersonnes son t ensuite suivies tout au long de la séquence

vidéo. Finalemen t, l'analyse du comp orteme n t des p ersonnes est faite en utilisan t

les informations calculées p endan t les tâc hes précéden tes. Le placemen t de la

tâc he de reconnaissance de p osture dans la c haîne de traitemen t est discuté dans

le c hapitre 3. En particulier, nous présen terons p ourquoi cette tâc he a b esoin de

l'information temp orelle fournit par la tâc he de suivi des p ersonnes. De plus la

solution au problème de l'in terprétat i o n vidéo prop osée par l'équip e Orion est

décrite dans l'annexe A.
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E.3 Ob jectifs

Le but de ce tra v ail est de prop oser une appro c he générique p our reconnaître la

p osture d'une p ersonne en tière à partir de séquence vidéo. L'appro c he doit être

générique p our s'adapter au plus de situation p ossible.

L'appro c he prend place dans une tâc he plus générale qui est l'in terprétat i o n

vidéo. Elle utilise l'information calculée par la tâc he de détection et fournit un

résultat à la tâc he d'in terpréta t i o n vidéo. La tâc he de détection des p ersonnes

donne des informations sur les p ersonnes év oluan t dans la scène telle que leurs

p ositions et leurs dimensions. Les p ersonnes son t généralemen t représen tées par

leurs silhouettes binaires. Puisque l'appro c he prop osée utilise ces silhouettes

p our déterminer la p osture, l'appro c he doit être e�cace p our di�éren t t yp es de

silhouette (parfaite ou bruitée).

L'appro c he prop osée doit resp ecter les propriétés listées précédemme n t (i.e.

nom bre de con train te, précision et vitesse) car les applications visées son t les ap-

plications de surv eillance et de con trôle.

Comme vu précédemme n t dans la section E.1, le nom bre de con train te nécessaire

à une application est imp ortan te p our prop oser une appro c he générique p our la

reconnaissacne de p osture. Premièrem e n t , le t yp e de caméra nécessaire est im-

p ortan t. En utilisan t une seule caméra statique, l'appro c he p eut directemen t être

appliquées à des systèmes existan ts ou facilemen t appliquées à des nouv eaux sys-

tèmes d'in terpréta t i o n vidéo. Deuxièmemen t, une certaine indép endanc e au p oin t

de vue de la caméra est une clé imp ortan te p our prop oser une appro c he op éra-

tionnelle. En e�et, si, par exemple, une p ersonne p eut être face à la caméra p our

une application de con trôle, ce n'est généralemen t pas p ossible de demander aux

p ersonnes év oluan t dans une scène de regarder la caméra p our une application de

surv eillance.

La précision nécessaire à une application de surv eillance n'est pas la même que

celle in terv enan t dans une application de con trôle. Une application de surv eil-

lance nécessite une information sur la p osture plus générale que celle p our une

application de con trôle.

La vitesse d'exécution des applications de surv eillance et de con trôle est une pro-

priété très imp ortan te. P ar exemple, l'applicatio n doit être capable de générer

une alarme quand une p ersonne tom b e (ou même a v an t) et non 10 min utes plus

tard.

Notre tra v ail a p our but de résoudre ces problèmes grâce aux principales con tri-

butions suiv an tes :

� Les a v ancées faites dans l'infographie et l'animation virtuelle son t utilisées

p our prop oser un mo dèle 3D h umain adapté à la reconnaissance de p osture.

Une certaine indép endanc e du p oin t de vue de la caméra est ainsi acquise

en utilisan t un mo dèle 3D h umain.

� L'appro c he h ybride prop osée p our reconnaître la p osture de p ersonne com-
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bine des représen tations 2D des silhouettes et l'utilisation d'un mo dèle 3D

h umain. Les représen tations 2D main tiennen t un temps réel d'exécution et

son t adaptées aux di�éren ts t yp es de silhouette.

Ces con tribution s son t présen tées dans les c hapitres suiv an ts du man uscrit

comme décrit dans la section suiv an te.

E.4 Structure du Man uscript

Ce man uscrit est structuré en six c hapitres.

Le c hapitre 2 présen te au lecteur les précéden ts tra v aux e�ectués en re-

connaissance de p osture de p ersonne. Di�éren tes tec hniques son t présen tées

p our les capteurs ph ysiologique et mécanique ainsi que p our les capteurs vidéo.

Les capteurs ph ysiologiques, telles que les MEMS (Micro Electro Mec hanical

System), son t utilisés p our des p ersonnes co op érativ es alors que les capteurs

vidéos son t utilisés p our des p ersonnes non co op érativ es. Un zo om est fait p our

la reconnaissance de p osture en décriv an t en particulier les métho des utilisan t

des marqueurs sur le corps ainsi que celles utilisan t des capteurs vidéo. Les

tec hniques utilisan t les capteurs vidéo son t classées en tec hniques 2D et 3D.

Chacune de ces tec hniques a ses forces et ses faiblesses. Le but de cette thèse

est de prop oser une appro c he qui com bine leurs forces tout en minimisan t leurs

faiblesses.

Le c hapitre 3 présen te nos ob jectifs et donne un ap erçu de l'appro c he

prop osée p our reconnaître les p ostures. Comme expliqué dans la section 1.3,

les applications visées son t les applications de surv eillance et de con trôle. Ainsi,

plusieurs con train tes que doit resp ecter l'appro c he on t été iden ti�ées : temps

réel, indép endanc e du p oin t de vue de la caméra, une appro c he automatique

et l'utilisation d'une caméra statique. Une appro c he h ybride est ainsi prop osée

en com binan t des tec hniques 2D et l'utilisation de mo dèle 3D h umain, p our

resp ecter ces con train tes. De plus une base de connaissance con textuel est utilisée

p our piloter la tâc he de reconnaissance de p osture en donnan t des informations

sur la scène.

Le c hapitre 4 décrit l'a v atar 3D de p osture prop osé qui est une com binaison

d'un mo dèle 3D h umain et d'un ensem ble de paramètre corresp ondan t à une

p osture particulière . Le c hapitre mon tre commen t les di�éren tes parties de

l'a v atar 3D son t animées en fonction des paramètres. Un ensem ble de p osture

d'in térêt est alors iden ti�é et mo délisé. Ces p ostures son t classées de manière

hiérarc hique de p ostures générales à p ostures détaillées.

Le c hapitre 5 présen te l'appro c he h ybride prop osée qui est comp osée de deux

tâc hes principales :
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� la première tâc he calcule la p osture de la p ersonne détectée a v ec

l'information pro v enan t seulemen t de l'image couran te et des mo dèles 3D.

Les a v atars 3D de p osture candidats son t générés en pro jetan t les a v atars

3D sur le plan image en dé�nissan t une caméra virtuelle qui a les mêmes

caractéristiques que la v éritable caméra. Chaque a v atar 3D de p osture est

placé dans la scène 3D en fonction du résultat de la tâc he de détection des

p ersonnes (la p osition), puis tous les a v atars p ossibles son t orien tés p our

di�éren tes orien tations p our générer toutes les silhouettes p ossibles. Les

silhouettes détectées et générées son t mo délisées et comparées à l'aide des

représen tations 2D p our obtenir la p osture.

� la seconde tâc he utilise l'information sur la p osture pro v enan t des images

précéden tes. Les p ostures reconn ues sur les images précéden tes son t utilisées

p our v éri�er la cohérence temp orelle des p ostures p our donner la p osture la

plus probable.

Les di�éren tes représen tations 2D des silhouettes utilisées dans l'appro c he son t

aussi décrites dans ce c hapitre.

Dans le c hapitre 6 , l'appro c he prop osée est év aluée et optimisée. Un mo dèle

de v érité terrain est prop osé p our év aluer l'algorithme de reconnaissance de

p osture prop osé. Des données de syn thèse son t générées p our plusieurs p oin ts de

vue di�éren ts a�n de comparer les di�éren tes représen tations 2D et l'in�uence des

paramètres sur l'appro c he de reconnaissance de p osture prop osée. L'appro c he est

testée sur plusieurs séquences vidéo réelles et p our di�éren ts t yp es de silhouette

(di�éren ts algorithmes de segmen tation).

Le c hapitre 7 mon tre commen t les p ostures p euv en t être utilisée p our

reconnaître des actions ne faisan t in terv enir qu'une seule p ersonne. Une action

est représen tée par une mac hine à états �nis. Chaque état est représen té par une

ou plusieurs p ostures. Cette métho de a été testée a v ec succès p our di�éren ts

t yp es d'actions telles que la c h ute (une action imp ortan te médicaleme n t parlan t)

ou la marc he.

Finalemen t, le c hapitre 8 conclut ce tra v ail, en résuman t les con tribution s de

cette thèse et en présen tan t les p ersp ectiv es à court terme et long terme.
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French Conclusion

Duran t cette thèse nous a v ons prop osé une nouv elle appro c he p our la reconnais-

sance de p osture de p ersonne. Cette appro c he com bine des tec hniques 2D et

l'utilisation d'a v atar 3D de p osture. Les tec hniques 2D p ermetten t de garder un

temps réel d'exécution alors que les a v atars 3D de p osture p ermetten t une cer-

taine indép endanc e du p oin t de vue de la caméra.

L'appro c he prop osée prend en en trée la silhouette 2D des régions en mouv emen t

corresp ondan t à la p ersonne détectée ainsi que sa p osition 3D estimée. L'appro c he

est comp osée de quatre tâc hes :

� Les silhouettes des a v atars 3D de p osture son t générées en pro jetan t les

a v atars sur le plan image en utilisan t une caméra virtuel. Les a v atars 3D

son t placés dans la scène virtuelle où la p ersonne observ ée est détectée,

ensuite les a v atars son t orien tés selon di�éren ts angles p our générer toutes

les silhouettes p ossibles en accord a v ec les p ostures prédé�nies.

� Les silhouettes son t représen tées et comparées en fonction de quatre tec h-

niques 2D : une représen tation géométrique, les momen ts de Hu, la sk ele-

tonisation, et les pro jections horizon tales et v erticales.

� La p osture de la p ersonne détectée est estimée en gardan t la silhouette

générée la plus similaire en fonction de la tâc he précéden te.

� Le tâc he de �ltrage des p ostures iden ti�e les p ostures erronées détectées lors

de la tâc he précéden te en exploitan t leur cohérence temp orelle. Le princip e

de stabilité des p ostures dit que p our un framerate su�sammen t élev é la p os-

ture reste similaire sur plusieurs images consécutiv es. L'information fournit

par le suivi des p ersonnes détectées est utilisée p our retrouv er les p ostures

précédemme n t reconn ues. Ces p ostures son t ensuite utilisées p our calculer

la p osture �ltrée (i.e. la p osture principale) en c herc han t la p osture qui

apparaît le plus souv en t sur une courte p ério de.

Un ap erçu des con tribution s e�ectuées p endan t ce tra v ail est donné dans la sec-

tion suiv an te. Ensuite une discussion est faite p our mon trer en particulier les
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limitations de l'appro c he prop osée. Finalemen t, des tra v aux futurs son t prop osés

p our améliorer l'appro c he dans la dernière section.

F.1 Ap erçu des Con tributions

� Les a v atars 3D de p osture on t été in tro duits p our mo déliser les p ostures

de p ersonne à reconnaître comme décrit dans le c hapitre 4. Les a v atars son t

inspirés par les précéden ts tra v aux en imagerie virtuelle qui on t été adaptés

en prop osan t un mo dèle simpli�é p our la reconnaissance de p osture. Un

a v atar 3D de p osture est comp osé d'un mo dèle 3D h umain, qui dé�nit les

relations en tre les 20 parties du corps, d'un ensem ble de 23 paramètres qui

dé�nit les p ositions des di�éren tes parties du corps, et d'un ensem ble de

primitiv es géométriques qui dé�nit l'asp ect visuel des di�éren tes parties du

corps. Le mo dèle 3D h umain prop osé con tien t aussi 10 join ts qui son t les

principales articulation s du corps h umain et les 20 parties du corps. Les

articulation s son t représen tées a v ec les angles d'Euler p our mo déliser les 9

p ostures d'in térêt : deb out a v ec un bras lev é, deb out a v ec les bras le long du

corps, deb out les bras écartés, assis sur une c haise, assis parterre, p enc hé,

couc hé sur le dos les jam b es tendus, et couc hé sur le côté recro quevillé. Les

primitiv es du corps son t représen tées a v ec un maillage de p olygone p our

obtenir un mo dèle 3D h umain réaliste p our p ouv oir en tre autre générer des

silhouettes de syn thèse pro c he de celles du monde réel. De telles primitiv es

amélioren t la qualité de la reconnaissance. Les a v atars 3D de p osture son t in-

dép endan ts des primitiv es du corps utilisées p our représen ter les di�éren tes

parties du corps. En e�et, di�éren tes primitiv es p euv en t être utilisée p our

visualiser di�éren ts t yp es d'a v atar adaptés aux p ersonnes observ ées. Les

paramètres des articulation s p euv en t être mo di�és p our mo déliser les p os-

tures in termédiair e s. De plus, les a v atars 3D de p ostures son t classés de

manière hiérarc hique des p ostures générales aux p ostures détaillées.

� Une nouv elle appro c he h ybride est prop osée dans le c hapitre 5 p our recon-

naître les p ostures dans des séquences vidéo. L'appro c he est basée sur la car-

actérisation des silhouettes asso ciées aux p ersonnes détectées. L'appro c he

com bine des tec hniques 2D et l'utilisation des a v atars 3D de p osture décrits

précédemme n t . Les tec hniques 2D son t utilisées p our garder un temps réel

d'exécution alors que les a v atars 3D son t utilisés p our obtenir une certaine

indép endanc e au p oin t de vue de la caméra. Plusieurs tec hniques 2D on t

été testées p our représen ter les silhouettes :

� la première est basée sur la com binaison de di�éren tes v aleurs

géométriques telles que l'air, le cen tre de gra vité, l'orien tation ,

l'eccen trici t é , et la compacité,

� la seconde utilise les sept momen ts de Hu,

� la troisième app elée sk eletonisation, utilise des p oin ts caractéristiques

du con tour,
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� et la dernière est basée sur les pro jections horizon tales et v erticales de

la silhouette.

Les tec hniques 2D son t c hoisies en fonction de la qualité de la silhouette

(qui dép end de la segmen tation) et du temps d'exécution nécessaire p our

représen ter une silhouette donnée.

� Une év aluation des représen tations des silhouettes a été e�ectuée

dans le c hapitre 6. Les a v atars 3D de p osture son t assez réalistes p our

générer des données de syn thèse p our di�éren ts p oin ts de vue. L'a v atar 3D

utilisé dans la génération des données de syn thèse est di�éren t de l'a v atar

3D in terv enan t dans le pro cessus de reconnaissance. Il y a trois principaux

a v an tages à utiliser des données de syn thèse :

� Premièrem e n t , b eaucoup de donnée p eut être généré p our n'imp orte

quelle p oin t de vue et l'a v atar virtuel p eut être placé n'imp orte où.

� Deuxièmemen t, l'appro c he p eut être étudiée suiv an t di�éren t prob-

lèmes : la qualité de la segmen tation, les p ostures in termédiair e s, les

p ostures am biguës et la v ariabilité en tre la p ersonne observ ée et l'a v atar

3D.

� Finalemen t, un �c hier de v érité terrain p eut être automatiqueme n t

asso cié à c haque étap e de la génération des données de syn thèse.

Une base de donnée de p osture de syn thèse a été générée p our 19 p oin ts

de vue, 10 p ostures et p our 360 orien tations (tous les degrés). Les p oin ts

de vue son t lo calisés sur un quart de cercle autour de la p ersonne tous les

5 degrés de 0 à 90 degrés donnan t 68400 silhouettes. L'appro c he prop osée

a été v alidée sur des données de syn thèse et réelles. Les pro jections hori-

zon tales et v erticales donnen t de meilleurs taux de reconnaissance que les

représen tations géométriques, la sk eletonisation et les momen ts de Hu car

cette représen tation est plus robuste aux silhouettes bruitées et aux p ostures

in termédiair e s.

� Une caractérisation exhaustiv e des p ostures am biguës a été e�ectuée

à l'aide de la base de donnée des silhouettes de syn thèse dans le c hapitre 6.

Les cas am bigus apparaissen t quand les silhouettes représen tan t des p os-

tures di�éren tes on t la même pro jection sur le plan image p our un p oin t

de vue donné. L'am biguït é est alors caractérisée par une p osture et une

orien tation p our un p oin t de vue donné. Ces cas dép enden t de la tec hnique

2D utilisé p our représen ter les silhouettes. Cette connaissance a priori p eut

être utilisée dans le pro cessus de reconnaissance p our asso cier une v aleur de

con�ance aux p ostures reconn ues.

� Le résultat de l'appro c he prop osée, les p ostures reconn ues, a été utilisé

p our la reconnaissance d'action dans le c hapitre 7. Les actions visées

son t des actions où seulemen t la p ersonne considérée in tervien t. Les actions
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son t mo délisées par une mac hine à états �nis don t c haque état est comp osé

d'une ou plusieurs p ostures et d'un nom bre minimal/ma xim a l d'o ccurrenc e

consécutiv e de ces p ostures. L'appro c he a été testée a v ec succès p our la

détection de la c h ute et de la marc he. L'action "c h uter" est basée sur les

p ostures générales alors que l'action "marc her" utilise des p ostures détail-

lées. Une nouv elle p osture, la p osture marc he, a été facilemen t a joutée

à l'ensem ble des p ostures d'in térêt et mon tre ainsi l'adaptabili t é de notre

appro c he.

� De plus, duran t ce tra v ail plusieurs outils on t été dév elopp és :

� Le premier outil consiste en un moteur 3D capable de visualiser et de

manipuler les a v atars 3D de p osture en faisan t b ouger les di�éren tes

parties du corps. De plus il p ermet d'extraire les silhouettes en fonction

d'une caméra virtuelle. Le moteur est basé sur la librairie Mesa, en

com binan t plusieurs transformations telles que des rotations ou des

translations p our animer les a v atars 3D de p osture. Ce moteur est un

comp osan t p our les outils décrits dans la suite.

� Le second outil p ermet l' animation de l'a v atar 3D de p osture et

de dé�nir les paramètres asso ciés à l'a v atar 3D considéré. Chacune des

parties du corps de l'a v atar 3D p eut être sélectionnée, et les paramètres

corresp ondan ts aux articulation s de la partie sélectionnée p euv en t être

mo di�és p our obtenir l'a v atar de p osture désiré. Les paramètres son t

sauv egardés et utilisés a v ec le moteur 3D précédemme n t décrit p our

p ouv oir a�c her l'a v atar 3D de p osture ainsi dé�nit.

� Un troisième outil génère de manière exhaustiv e des données

de syn thèse en dé�nissan t di�éren ts p oin ts de vue et en donnan t

di�éren tes orien tations à l'a v atar 3D de p osture.

� Le quatrième outil génère des silhouettes de syn thèse en util-

isan t des tra jectoires . Une scène virtuelle est observ ée depuis le

haut (dans la direction v erticale), l'utilisateur dessine une tra jectoire et

c hoisi p our les p oin ts imp ortan ts de celle-ci la p osture désirée. L'outil

génère alors automatiqueme n t la vidéo d'un a v atar se déplaçan t sur la

tra jectoire en prenan t les p ostures désirées. Cet outil est utile dans un

but démonstratif.

� Le dernier outil est un protot yp e p our reconnaître les p ostures

de p ersonnes év oluan t dans une séquence vidéo qui in tègre la c haîne

complète de traitemen t de l'acquisition à la reconnaissance de p osture.

Le protot yp e est une in terface graphique p ermettan t de visualiser les

résultats obten us a v ec l'appro c he prop osée. Une description de ce pro-

tot yp e est donnée dans l'annexe A.
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F.2 Discussion

Dans la section 3.1.2, plusieurs con train tes on t été iden ti�ées p our prop oser une

appro c he générique : le temps réel, l'indép enda n c e du p oin t de vue de la caméra,

une appro c he complèteme n t automatique, et l'utilisation d'une seule caméra sta-

tique. Nous détaillons dans la suite commen t ces con train tes on t été resp ectées.

� Le temps réel. L'algorithm e prop osé est capable de traiter en tre 5 et 6

images par seconde en utilisan t un �ux de vidéo. Il a été mon tré que

l'algorithme est e�cace p our reconnaître certaines actions telles que la c h ute

ou la marc he. Ce temps de traitemen t est p ossible grâce à l'utilisation de

représen tation 2D des silhouettes.

� L'indép end a n c e du p oin t de vue de la caméra. Dans la section 6.3.2,

l'appro c he a mon tré son indép endanc e au p oin t de vue de la caméra. La

caméra virtuelle p ermet la génération des silhouettes des a v atars 3D de p os-

ture en utilisan t le même p oin t de vue que la v éritable caméra. Ainsi, une

caméra virtuelle p eut être asso ciée à une caméra réelle p our toute p osition

et orien tation de celle-ci.

� Une appro c he automatique. L'appro c he prop osée est complèteme n t au-

tomatique et p eut être facilemen t adaptée à n'imp orte quelle séquence vidéo.

De plus, cette appro c he p eut être adaptée à di�éren ts t yp es d'applicatio n en

mo di�an t l'ensem ble des p ostures d'in térêt. Une nouv elle p osture d'in térêt

p eut être dé�nit en déterminan t un ensem ble de paramètre sp éci�que (les

angles d'Euler des articulation s) p our représen ter la p osture désirée telle

que la p osture "marc he".

� Une seule caméra statique. L'appro c he fonctionne a v ec une seule caméra

statique en utilisan t une base de connaissance a priori asso ciée à la scène

considérée. En particulier, la matrice de calibration de la caméra p ermet de

calculer une appro ximation de la p osition 3D des p ersonnes év oluan t dans

la scène et d'initialiser la caméra virtuelle.

L'appro c he est robuste à di�éren t t yp e de segmen tation. L'appro c he a été testé

a v ec l'algorithme " watershe d se gmentation " (qui a tendance à donner des sil-

houettes bruitées sur segmen tées), a v ec l'algorithme " VSIP se gmentation " (qui

donne des silhouettes sous segmen tées a v ec quelques trous) et a v ec l'algorithme

de segmen tation asso cié aux séquences d'analyse de la démarc he (qui donne des

silhouettes très bruitées).

Cep endan t l'appro c he prop osée mon tre certaines limitations.

Le principal incon v énien t de l'appro c he est sa limitation en terme de p osture

d'in térêt. La première raison de cette limitation est le temps de calcul. Le temps

de calcul augmen te lorsque le nom bre de p osture d'in térêt considérée augmen te,

limitan t ainsi le nom bre de p osture considérée p our garder un temps de traitemen t

rapide. La seconde raison est le p ouv oir de discrimination en tre les p ostures. Si

plus de p ostures son t considérées le nom bre de cas am bigu v a augmen té rendan t
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les résultats de la reconnaissance non �ables.

Le second problème est le temps de calcul. La génération de silhouette des a v atars

3D de p osture est l'étap e la plus coûteuse en terme de temps de calcul. Le temps

nécessaire à la génération de 100 silhouettes corresp ondan t à 10 a v atars de p os-

tures et à un pas de rotation de 36 degrés est d'en viron 1.28 seconde. En ne

généran t les silhouettes seulemen t lorsque la p ersonne détectée a e�ectué un dé-

placemen t su�san t dans la scène, le temps de traitemen t est de 5 à 6 images par

seconde. P our réduire ce temps de calcul, des amélioratio n s son t nécessaires.

De plus, nous a v ons fait l'h yp othèse que la p ersonne observ ée était isolée. Mais,

cette p ersonne p eut être en partie cac hée par des ob jets du con texte, ou elle p eut

in teragir a v ec d'autre p ersonnes.

En�n, dans l'appro c he prop osée l'a v atar 3D de p osture n'est adaptée à la p ersonne

étudiée en ne prenan t en compte seulemen t la hauteur de celle-ci.

F.3 T ra v aux F uturs

Ce tra v ail p eut être améliorer de di�éren tes manières classées en p ersp ectiv es à

court et long termes.

F.3.1 P ersp ectiv es à Court T erme

Occlusion

La scène virtuelle p eut être prise en compte p our résoudre le problème des o cclu-

sions. Un mo dèle 3D de la scène p eut être a�c hée en même temps que l'a v atar

3D. En p ositionnan t correctemen t l'a v atar 3D dans la scène, une silhouette o c-

cludée p eut être extraite et comparée a v ec celle détectée. Ici, la tec hnique de

Z-bu�er, décrite dans la section 5.2.2.3, ne p eut plus être utilisée p our extraire

la silhouette puisque dans la scène il n'y a plus seulemen t l'a v atar 3D mais aussi

les ob jets con textuels. Une simple segmen tation couleur p eut être en visagée p our

résoudre ce problème en colorian t les ob jets du con texte a v ec la même couleur que

celle du fond. Un exemple d'une silhouette o ccludée est donnée dans la �gure F.1.

Gestion des déformations a v ec la caméra virtuelle

Duran t ce tra v ail, di�éren ts tests on t été réalisés à l'aide d'un capteur CMOS

équip é d'un ob jectif grand angle (�gure F.2). Utilisé de tel capteur implique

des déformations géométriques au niv eau de l'image. Le mo dèle utilisé p our la

caméra virtuelle p eut être amélioré a�n de prendre en compte les déformations de

la caméra réelle dans le but d'obtenir des silhouettes déformées. Les silhouettes

déformées p ourron t donc être comparées directemen t a v ec la silhouette de la

p ersonne détectée. Le mo dèle linéaire utilisé lors de l'étap e de calibration de la

caméra n'est plus v alide p our ce t yp e d'image et une autre métho de de calibration
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Figure F.1: Les ob jets du con texte et l'a v atar 3D son t a�c hés dans la scène virtuelle. Les

ob jets son t coloriés en bleu p our p ouv oir faire une simple segmen tation couleur a�n d'obtenir

une silhouette o ccludée.

doit être en visagée p our gérer ces déformations.

Figure F.2: Déformations géométriques observ ables sur une image pro v enan t d'un capteur

CMOS m uni d'un ob jectif grand angle.

F.3.2 P ersp ectiv es à Long T erme

A daptabilité dynamique des primitiv es du mo dèle h umain

Duran t ce tra v ail, le mo dèle 3D est automatiqueme n t adapté à la p ersonne étudiée

en considéran t seulemen t sa hauteur 3D. Plus d'information sur la p ersonne

doit être calculée p our initialiser un a v atar 3D plus pro c he de celle-ci. Ces

informations p ourraien t être sa corpulence, ou les habits p ortés par la p ersonne

considérée par exemple. Cet a v atar 3D p ermettrait la génération de silhouette

plus précise et donc améliorer les taux de reconnaissance de notre appro c he.

L'information de la corpulence p eut déjà être gérée par le mo dèle d'a v atar 3D

prop osé en jouan t sur la taille des di�éren tes primitiv es du corps. Une solution

p our in tégrer l'information des v êtemen ts est d'a v oir plusieurs primitiv es 3D
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asso ciées à di�éren ts t yp es de v êtemen ts. Ceci p eut être simplemen t attein t en

dé�nissan t des primitiv es qui représen ten t les di�éren tes parties du corps p our

un v êtemen t donné. P ar exemple, une primitiv e p eut être dé�ni p our représen ter

une tête couv erte d'un c hap eau. Le moteur 3D p ermettan t d'a�c her les a v atars

3D de p ostures, mon trera une tête plus complexe en terme de géométrie.

V ariabilité de l'a v atar 3D de p osture ou reconnaissance de geste

L'appro c he prop osée est basée sur l'utilisation d'a v atar 3D de p osture statique et

p eut ainsi induire des erreurs de reconnaissance p our les p ostures in termédiair e s

comme mon tré à la section 6.3.3. Lorsqu'un a v atar 3D de p osture est reconn u, les

paramètres de celui-ci p ourraien t être c hangés p our obtenir une silhouette plus

pro c he de celle détectée. Cette amélioratio n p ourrait autoriser la reconnaissance

de geste. Une thèse sur le sujet de la reconnaissance de geste a démarrée dans

l'équip e ORION.

Un autre p oin t concernan t la reconnaissance de geste est la génération de données

de syn thèse. Comme décrit dans la section 6.3.1, les données de syn thèse p euv en t

être utilisées p our év aluer facilemen t un algorithme de reconnaissance de p osture.

La même analogie p eut être faite p our les algorithmes de reconnaissance de

geste. Une amélioratio n doit alors être faite au niv eau de la représen tation des

rotations des articulation s de l'a v atar 3D. En e�et, la représen tation actuelle est

basée sur les angles de Euler qui n'est pas adaptée p our e�ectuer des animations.

Les quaternions p euv en t être utilisés p our représen ter les rotations comme décrit

dans l'annexe C p our p ouv oir animer l'a v atar 3D.

Choix de la représen tation 2D des silhouettes

Nous a v ons vu que le c hoix de la représen tation 2D d'une silhouette dép endait de

la qualité de la dite silhouette. Nous a v ons mon tré que les pro jections horizon tale

et v erticale donnaien t les meilleurs résultats p our di�éren ts t yp es de segmen tation

dans la section 6.4. Mais cette représen tation ne p ermet pas d'extraire facilemen t

des informations plus précises concernan t la p ersonne étudiée (lo calisation de ses

mains, ou de sa tête par exemple) comme p ourrait le faire la sk eletonisation. Une

tâc he in téressan te serait de p ouv oir c hoisir automatiqueme n t la représen tation

2D en év aluan t la qualité de la segmen tation et en tenan t compte de l'information

nécessaire par l'applicatio n .

Amélioration du temps de calcul

La principale limitation de lappro c he prop osée est le temps de calcul nécessaire

à la génération des silhouettes des a v atars 3D de p osture. Une façon éviden te de

réduire celui-ci est de générer moins de silhouettes. Un automate p eut être utilisé
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p our représen ter les transitions p ossibles en tre les p ostures. La reconnaissance de

la p osture d'une p ersonne dans une image donnée p eut être utilisée p our guider

la reconnaissance de la p osture de la même p ersonne dans l'image suiv an te.

En particulier, en p ermettan t de prédire quels a v atars 3D de p osture utiliser.

L'ensem ble des p ostures d'in térêt serait donc adapté automatiqueme n t en ne

considéran t seulemen t les p ostures autorisées. Ce traitemen t devrait réduire le

temps de calcul. De plus, l'information sur l'orien tation de la p ersonne p eut aussi

être utilisée p our générer seulemen t les silhouettes p our un nom bre d'orien tation

de l'a v atar très restrein t. Un algorithme décrit dans [Zuniga et al., 2006 ] prop ose

de classer des ob jets détectés dans une séquence vidéo (sous forme de silhouette)

en déterminan t le parallélépip è d e 3D con tenan t cet ob jet. L'orien tati o n de ce

parallélépip è d e p eut être utilisée comme appro ximation de l'orien tation de la

p ersonne év oluan t dans la scène.

Segmen tation hiérarc hique

L'appro c he de reconnaissance de p osture de p ersonne est basée sur l'étude d'une

silhouette binaire. Une amélioration p eut être faite en considéran t plus qu'une

seule région, mais un ensem ble de régions constituan t la silhouette. En utilisan t,

une telle segmen tation hiérarc hique, les di�éren tes régions p euv en t être utilisées

p our lo caliser les di�éren tes parties du corps h umain a�n d'aider à l'initialisation

de l'a v atar 3D de p osture.

Amélioration de la segmen tation

La p osture reconn ue (et donc la silhouette de l'a v atar 3D) p eut être utilisée p our

améliorer l'étap e de segmen tation en aidan t à la paramétrisatio n de l'algorithme

de segmen tation. La silhouette reconn ue p ermettrait de détecter quelles parties

de la p ersonne ne son t pas sur la silhouette ou quels pixels de la silhouette

n'appartienn e n t pas à la p ersonne et donc donner une indication sur commen t

faire év oluer les paramètres de la segmen tation p our obtenir de meilleures

silhouettes.
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