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Abstract

Networked 3D virtual environmentdlow multiple users to interact with each other over the Internet.
Users can share some sense of telepresence by remotely animating an avatar that represents them.
However, avatar control may be tedious and still render user gegtoogly. This work ains at

animating a usé avatar from real time 3D motion capture by monoscopic computer vision, thus

allowing virtual telepresence to anyone using a personal computer with a webcam.

The approach followed consisiregistering a 3D articulated uppeody modelto a video sequence.
This involves searching iteratively for the best match between features extracted from the 3D model
and from the image. A twstep registration process matches regions and then edgedirsihe
contributian of this thesis is a nieod of allocatingcomputing iterations under retne constrain that

achieves optimal robustness and accuracy.

The major issue for robust 3D tracking from monocular images is the 3D/2D ambiguities that result
from the lack of depth information. Partidigering has becoma popular framework for propagating
multiple hypotheses between frames. As a second contribution, this thesis enhances particle filtering
for 3D/2D registration under limited computation conssawith a number of heuristics, the
contibution of which is demonstrated experimentallyparameterization of the armogebased on

their end-effector is proposed to betterodeluncertainy in the depthdirection Finally, evaluation is
accelerated by computation on GPU.

In conclusion, the posed ajorithm is demonstrated to providebust reatime 3D body tracking
from a single webcam for a & variety of gestures includirgartial occlusions and motion in the

depth direction.



Résumeé

Les environnements virtuels collaboratifsipettentap | usi eur s utili sateurs dboé
Internet. lls peuvent partager une impression de téléprésence en animant a distance un avatar qui les

représente. Toutefoisje contrble de cet avatar peut étre difficile et mal restituer letegale

l Gutilisateuvrani Gertit &d&aaiat avi Separtir dbébune acqu
par vision monocul aire en temps r ®el, et 7 rendi
grand public ®qui p® ddbune webcam.

L 6 aqehe suivieconsiste a recaler un modéle 3D articulé de la partie supérieure du corps humain sur

une séquence vidéo. Ceci est réalis€tmrctantitérativement la meilleure correspondanoé&re des
primitives extraites d06igadad ultaleBdplaygeddenxettagea rt et
peutprocéder sur les régions, puis sur les contours. La premiére contribution de cette thése est une
méthode de répartition des itérations de calcul qui optimise la robustesse et la psmisida
contraintedu tempsréel.

La difficulté majeue pour le suivi 3D a partir@nages monoculairgsrovient &¢s ambiguités 3D/2D

etde | 6abdéenter mat i onLe filteage partwflaoen ebtedésormais une approche
classique pour | a pultiglep angelésiintagekadd@ukigme oonthbutismes m

cette thesest uneaméliomtion du filtrage particulaire pour le recalage 3D/2D en un temps de calcul

limité par des heuristiques, dont la contribution est démaxpérimentalementJn paramétragee

| 6attitude des dbé kunchainp amématique est prop®s@iqui Permet de mieux
mod®Il i ser | 6incerEnftiud,e Is@u®v d lau graliolsmw GRlketurac c ®1 ®r

En concl usi on, épednetug suivii3D frobuse epterpplasar tir dobédune we
pour une grande variété des gestes impliquant des occlusions partielles et des mouvements dans la

direction de la profondeur.



Acknowledgments

Since thisPhD adventure starteamore than 3/ears agol have been very fortunate to meet
and work withmanygreatpeople.Here | would like to express my sinceggatitudeto all of
themwho made the development of this thesis possible.

I would like to express my sincerest gratitude tosagervisor Patrick Horaifor his patience
with me and generous guidanckiring this process. Thanker showing me the value of
perseverance in order to accomplish very difficult ta3kenks so much for spending many
hourswith me discussing about new ideas to improve the resuktslly appreciate all your
teachings.

Thanks © the jury members of my thesis for their valuable discussion during the thesis
defense. Special thanks Rill Triggs and Frédéric Lerasldor their precisereviews and
contributiors which allowed enrichinthis thesis work.

| would like also tahankmy thesis director, Bernadette Dorizzi, for accepting meetPH
department of Télécom SudPariwhere | found a very pleasarnd greatworking
environment during these yearSpecialthanks to Patricia Fixotfor her friendship and
patience with melespite myseveraldistractions Thanks for helping me efficiently with the
administrative problems that | had during these years.

This work would not have been possible without the financial support of Mefattawship
CONACYT. Thanks for giving me this great opportunitycompromise myselfo contribute
to the development of my country in the best possible way.

| am very grateful withall my laboratorycolleagues andriends (Zhenbo, Yannick, Seven,
Manoj, Daria, Daniel, Sesh, Mahgffor the great time spenihside and outside the labnd
their valuablehelp andsupportduring the past yearsam also very grateful withll the good
friendsthat | met during my PhD andthom | spentgred times making my stay in France a
wonderful experience

Many thanks to my girlfriend, RigeSerna for her lovelysupportto finish this thesiswork
successfully.

Finally, | wantto expresll my gratitude to my parents (David Antonio Gomez Cisneros and
Magda Jauregui Goveaand my sister (Brenda Susana Gomez Jauregui) for all their
encouragement antbntinuous suppart know that | can always count of them. This thesis
work is dedicated to them.

"Our responsibility begis with the power to imagine."
Haruki Murakami (Kafka on the shore)



Table of contents

(O 0= 01 (= o AP PPPPPPRPPPR 21
(1110 o (8 [ox 1 o] o NP PRPPP T PPPPPRRRPRP 21
1.1 Enhancing the perception of user actions inrc8laborative virtual environments............. 22
1.2 Other pot@tial appliCAtIONS..........cooiiii e e e e e e e aaa e 23
1.3 Main ChallENQES.... oo e e e e e e e e e e e e e e e e e aaae e e e e e e e e e s e aaseanaaas 24
1.4 ThesSiS CONIDULIONS ........eiiiiiiiii e 25

(O 0= 01 (= o PP PPPPPPPPPPR 27
STALE OF T8 @I, e r e e e s r e e e e e e e e e e e aaan 27
P2 R [ 011 (oo [0 Tox i o o FO PP PP PP PP PPPPPPPPPPN 27
2.2 Motion capture teChNOIOGIES. ..o a e e 27

2.2.1 OPLICAl SYSIEIMIS.......cii i i e e e e e e ee e e e e e e e e e aaaaaaaaaaaaeaaeaseeasaanaaaaannanes 27
2.2.2 MEChaNICal SYSIEMIS......ci ittt e e e e e e e e e e e e e e e e e e e e e e s e e e e s e e s e e e nnnanes 28
2.2.3 MABINELIC SYSTEIMS. ...eiiiiiiiiiitei it e e ettt e et e e e e e st et e e e e e r e e e e e e s annrnneeeeeeaans 29
2.2.4 ACOUSTIC SYSTEIMIS. ....eeeiiieeiiiitiieie e e e s ettt e e e s e st e e e e s s s e e e e e e s s be e e e e e e s nannbnneeeeeeaans 29
2.2.5 INEITIAI SYSTEIMIS. .. .eiiiiiie ittt e e e e e e e e e e e e r e e e s e anbbr e e e e e e e aann 30
2.2.6 Computer VisSion based SYSIEMIS. ... .uuuuiiiiiiiiiiiiieeeer e e 30
2.3 Human motion capture by COMPULET VISIOM.......cceiiiiiiiiiiiiiieeeeceee e 30
2.3.1 Image features for Motion CAPLULE.........coviiiiiiie e 31
P2 0 0 R 0o | [0 (OO PPTPSPPPPPPPPPPN 31
2.3.1.2 SIHNOUEBTEES......ceeeeete e e e e e e e e s ee e s 31
2.3 1.3 EAB. oottt 32
2.3 14 IMOTION ...ttt et et e e 32
2.3.1.5 Feature COmMDINALIONS..........coiiiiiiiiiii e 33
2.3.2 GENEratiVe APPrOACNES ... .ciiii ittt as e e e e e e e e nneeees 33
2.3.2.1 HUMaN body MOEIS........coooiiiiiiiiiie et 33
2.3.2.2 POSE GHIALION........uuiiiiiieiiiiiii it e et e e e e e 36
2.3.2.2.1 TOFIOWN €StMALION.... ..ttt rree e e e e e e e e e aeeeeeeas 36

ARG I A = To | 10) s (1T o =13 110 0= 1A o 37
2.3.2.2.3 Combining Tedown and Bottorup estimation...................coeevvvieeeinvvnnnnnnns 38
2.3.3 Discriminative apprOaChES. ........uuueuiieiiiieeiieee ettt 39
2.3.3.1 Learningpased eStMALION..........couiiiiiiiiiiiee e 39
2.3.3.2 Exampkdased eStMAatiQN..........coooiiiiiiiiiiee e 41



P B N o TS T o 1 = (o 4 o O PRPPPPR” 57

2.3.4.1 Single hypothesis traCking.............cooiiiiiiiiciirrrer e e e e e e e e e e 42
2.3.4.2 Multiple hypothesis tracking ............cccvvvvereeiiiiiiiiieeeeeee e A3
2.3.5 DYNAMIC MOUEIS ... e e e e e 45
2.3.5.1 High dimensional MOdElS..............oouiiiiiiii e 45
2.3.5.2 Low dimensional MOJEIS............ooiiiiiiiiiiiiicc e 46

2.4 Our baseline approach for 3D mMOotioN CaptUre............oooviiiiii e 49
2.4.1 Our 3D uppéebody human MOdelL..............oooiiiii e 49
2.4.2 Generating 3D NUMAN POSE......cuuuiiiiieeiiiiiiie et e e a e e 51
2.4.3 Animating 3D avatars using MPEIBAP parameters..........cccccvveeeiiiiineeeee s 52
2.4.4 Regiorased regiStratiQil..........c.uurriieeeiiiiieieee e e e e e s e e e e e nrr s 53
2.4.4.1 Extracting regions from iMagES..........uuuiiiiiiiiiiiiiriieiieee e, 54
2.4.4.2 Extracting regions from 3D model..............ccco oo 55
2.4.4.3 Evaluating the match between model and image regions............cccccccceeeeee. 55
2.4.4.4 Optimizing the match between regions............ccvvvveeiiiiiiiiee e 56

2.5 ConclusionNs and FULUIE WOIK ........coiiiiiiiiiie et 59
(O 0= 10 (= g F PP PPPPPPPPPI 61
Regionbasedvs.edgebased registration for 3D motion capture by monocular vision........... 61
G A [ (oo (U1 i o] o FO PP P TP PPPPPPPPPY 61
3.2 Implementamdn of OUr @PPrOACH. ........uuiiiiiiiiiiiieeceee e 6l
3.3 Automatic model calibration and pose initialization..............ccccvveevieiniiiiiee e 63
3.4 Background subtraction for extracting human SilnOUELLE. ............coooiiiiiieeiiiiiiiieeeee 66
3.4.1 Learning the background MOGEel.........c.coooiiiiii 67
3.4.2 Extracting the foreground SilnOUELLE..............ooooiiiiiiii e 68
3.4.3 Background SUbtraCtion rESUILS........uuvuuiiiiiiiiiiieeeecieeeeeee e 68
3.5 EAQEDaSEd regiSIIratiON...........uuiiiiieiiiiiiie ettt e et r e e s r e e e e e e annes 70
3.5.1 Extracting edges from IMAGES.......uuiiieiiiiiiiiiee e e e 70
3.5.2 Extracting occluding edges from 3D madel............cooooiiiiiciiiiieee e 71
3.5.3 Evaluating match between edges............oooiiiiiiiiicieereeeereeeeeeeeen L L
3.5.4 Optimizing the match Detween €AgeS........ccc oo 72
3.6 Performance experiments for registration PrOCESS.........cvvvvveeeeeeeeeeeei e 73
3.6.1 Robustness evaluation for Feale motion tracking...........ccccooviiiiiiieiniiiiiiiieeee e 75
3.6.1.1 Experimental results on robustn@&suation................cooeeeeeiecciceiiiiiieeeee 76
3.6.1.2 Experimental analysis on robustness iRth@e...............ccccceveeveeieeeiienieieieeeneeeen 9



3.6.2 Accuracy evaluation for reiine motion tracking............cccccvvvviviiiiieiiieiiiiiieeeeeeeeeee, 79

3.6.2.1 Experimental results for accuracy evaluation...........ccccccvvviveeiieeeceee 81
3.6.2.2 Experimental analysis for accuracy iN4BBE...............cccceeeiiiiiiieeeee e 85

3.7 Conclusions and FULUIE WOIK .........coooiiiiiiiieee et a e 87
(O 0T= 10 (= O PP PPPPPPPPR 89
RealTime Particle Filtering with Heuristics for 3D Motion Capture by Monocular Vision...... 89
Z I [ (oo (U1t i o] o FO P PO PUPPPPPPPPPPPP 89
4.2 Particle filtering approach..........ccie e ——— 90
4.2.1 Problem statement (Bayesian filtering)..............oooooiiiiiiiie e 91
4.2.2 Principles of particle filtering..........ooouieiiieo e Q2
4.2.3 CONDENSATION algorithm......ccceeieieiieiiiieiieeeeee e Q3
4.3 Particle filtering for 3D MOtION CAPLULE........uuiiiiiiiiiiiiiieerere e 95
4.3.1 Search space deCOMPOSILION...........oiiiiiii e e 96
4.3.2 ANNEaled SAMPIING. .. .uueieieeiiiieee e 97
4.3.3 Stochastic sampling with local Optimization................eevveeiiiiiiiiie e 98
4.3.4 ANAIYLICAl INTEIENCE. ....cii i e e 99
4.3.5Deterministic SAMPIING........uueiiiiiiii e e e 100
4.4 Our reatime patrticle filtering approach for 3D motion capture by monocular vision.....101
4.4.1 Basic details of our particle filter...........ooo oo 101
4.4.1.1 Definition of a particle Stat@........cciiieiiii 101
4.4.1.2 Evaluation of PArtiCIES..........uuiiiiiiiiiiiiee e 102
4.4.1.3 Random diffusion Of PartiCleS............ouviiiiiiiiiiiieeei e 103
4.4.2 Heuristics proposed and experimental analySis............uuvveeveeeeiieieiiiiiiieeieeeeeeeeeeeeen, 103
4.4.2.1 Resampling (Weigllased heuristiC).............oooooiiiiiciiicciireeeeee e 104
4.4.2.2 PrEAICHON.. ..ottt e et 106
4.4.2.2.1 Hierarchical Partitioned Motiehased (HPM) Sampling.............ccccvvveerees 107
4.4.2.2.2 Prediction with local OptimiZation...............coiuiiiiimmmniiiiiee e eeeeaes 109
4.4.2.2.3 Kinematidlipping based sampling ..o 112
4.4.2.3 Tracking motion in depth using EBHectors space..........ccccvvevveeiiiiiiiiiieeeennne 116
4.4.3 GPU ACCEIBTALION ... ..uviiiiie ettt e e e e e e e 120
4.4.3.1 Previous works on GPU particle filtering approaches...........ccccccovviniiiininnnnee. 120
4.4.3.2 Implementing our particle filtering on GRU..........ccoiiiiii s 120
4.4.4 Implementing redlme particle filteringwith heuristics............ccccooiiiiinii, 122
4.5 Performance experiments on real VIde0 SEQUENCES..........ccoovrivirirreeeeiiiiiiiiee e 126



4.5.1 Quantitative results on real Video SEQUENCES............cceeeeeeeeeiieeii e, 128

4.5.2 Qualitative results on real Video SEQUENCES..........ccooeeiiiiiciicerevv e 129
4.6 CONCIUSIONS ...ttt e e s e e e e e e e e e e e e e e b r e e e e e e e e nnnnreeeas 133
(O 0T= 101 (= g S F PRI 134
CoNClUSIONS AN PEISPECTIVES. ......uuiiiiiiiiiiiiiiiiiitmr e e e e e e e e e e e e e e e e e e e e e e e e e e s ar e e e e et e e e e eeeeeeeeeeeeeeeeeeenes 134
5.1 CONEMDULIONS. ...ttt e e e s b e e e e e e e nr e e e s e 134
5.2 FULUIE PEISPECIIVES. . .utiiiiiiiiiiieiiee ettt ee ettt e et e e e e et e e s e s eaaaeeeeeeeeeeeees 135
(23] 0] oTe =T o] oY Z8 SR 138
RESUME de a2 thESEN fraANGAIS. ......ciiiiiiiiiiiiie e 150
Chapitre I INTFOTUCTION.......eeiieiiiiiiei et e e e e e e e e e e e e e e e e 150
1.1 Amélioration de la perception des utilisateurs dans les environnements virtuels collaboratifs
........................................................................................................................................ 150
1.2 PriNCIPAUX G FIS.......ieiiiiiiie ettt et 150
1.3 Contrbution de 18 tNESE.........eiiiiiiii e 151
Chapitre 2Y 9 G F (... RS....E QL NI, 151
2.1 INEFOTUCTION. ...ttt e et e e e e e e e e e e e e anb e e e e e 151

2.2 Technologies dbé.ac.g.ui.s.i.t..on..du...mo.uvlédinme nt

2.3 Acquisition de mouvement humain par la vision par ordinateur...............ccvvveeeeennne 152

2.3.1 Primitives doigessesg.e.s...po.ul..l.bdacgulSsition

2.3.2 APProChES gENETALIVES. ......ciiiiiiiii et e ettt e et e e e e breeeeeans 152
2.3.2.1 Modeles du COrpsS NUMAIN..........uuuuuuiiiiime e eeer e 152
2.3.2.2 Estimation de la poSe hUMAINE...........cooiiiiiiiimeeiii e 153

2.3.3 ApProches diSCIMINALIVES........ccoiiiiiiiiie et 153

2.3.4 SUIVI A€ @ POSE.... .ot e e e e e e e e e e e e e e e e e e e e e e e s e e e s ee s enaanes 153

2.3.5 MOdEIES AYNAMIQUES.....coiiiiiiiiiiiieee e e 154

24Nd re approche de base p.o.u.r..l.0.a.c.qg.u.l.s.i.i54

2.4.1 Notre modele 3D de la moitié supérieur du corps humain.............ccccoccvveeeennnen. 155

2.4.2 Recalage SUN 18S FEQIONS........ciiiiiiii ettt e e 155

2.4 ConclusioNns et traVauX fULUIS.........vvieiiieeie e 155
Chapitrey wSOIf I 3S adzNJ £ Sa& NB3IA2ya SiG NBOK |
PAr VISION MONOSCOPIGUE. ... .uveeeeeeesiuttrreteaessaaitteeeeeeesassbtseeeeesssassbsseeeeessaansssseeeeesaaasnnseeeaens 156

TN I [ 011 0T [T iTo ] o PRSP PP PP 156

3.2 Mise en Tuvr.e..de..nat.r.e..ap.pr.o.che....2156
3.3 Etalonnage automatique du modéle et initialisation de la.pose.........ccccceveeevecnvrnennn.. 156

3.4 Soustr aeptliaonn pdoeu rl Ol abrerxit rraec t .i..a.n....d.e.... J15

on

S

3D

a dzNJ

h o



3.6.1 Evaluation de |l a robust-ed.s.e...p.a.ulb8 | 6acqu

3.6.2 Evaluation de | a pr ®ci géelo.n..p.a.url59 6acqui
3.7 Conclusions et traVaUX fULUIS.......coiiiiiiiiiiii e 159

Chapitre 4 Filtrage particulaire entemps rdel@S O KSdzZNA a G Alj dzSa L2 dzNJ f QI Ol

[0z ARYI TS o] a1 o oT aToEsToTo] oo U= PRSI 160
0 I {1 o T ¥ T4 1 o] o TSP 160
4.2 Approche de filtrage partiCUIAIIE. ...........ooiiiiiiiiiieeee e 160

4.3 Filtrage particul ai.r.e..p.au.r..l.6acqguildéi ti on

4. 4 Notre approche de f i I3Ddeagestespaavision cul ai re po

[paTo] g oS oTe] o o U = PP P PP PPPPPPPPPP 161

4. 4.1 Mis en Tuvre..du.f.l.t.r.a.ge..par.t.i.ci6l air e

4.4.2 Heuristigues proposeés et analyse expérimentale.................c.cee oo iececccccninnnns 162
4.4.2.1 Rééchantillonnage déterministe par poids.............ccoeeeeeiiecccivvniveiias 162
4.4.2.2 Echantillonnage partitionné basée MOUVEMENL.................cceeeeerveverereeenne. 162

4. 4.2.3 Pr®diction..av.ec..l.bopt.imisalt.ileh | ocal
4.4.2.4 Echantillonnage par SattfématiqQUES...........eveeeiiireieeriierriiieeeesiiieee e 163

4.4.2.5 Changement de paramétrage (suivi avec le bout de la chaine cinématique)63

4.4.3 Accélération par GPLL............ooiiii e 164

4. 4.4 Mise en Tuvre du filtrage..part.iléul aire
4.5 CONCIUSIONS......eteiieee ettt e e e et e e e e e e e bbbt e e e e e s sbb e e e e e e e e e annnees 165
Chapitre 5 CoNCIUSIONS €t PEISPECTHIVES ... ..uviiieeeiiiiiiiiieee e e e e re e e e e 166
5.1 CONEIDULIONS ...ttt e e e ees 166
5.2 PEISPECHIVES TULUIES. ... .ttt e e et e e e e e e e e e e e e e e e e e e e e e e e e s s e e s e e e e eaneanes 166

10



List of figures

Figure X1: Avatars meeting and interacting in a 3D virtual space (OpenSpace3D,.2010)......22

Figure 12: Our target application: 3D motion capture for 3D collaborative virtual environments
(Y0253 Lo To T | 22 0 1 0 ) U UUUUURPURRRRR 23

Figure 21: Optical motion capture system. Actor wearing an optical motion capture suit with infrared
markers (left). 3D human pose inferred from the relative positions of each marker (right)

(PhaseSpace, 2000 ...cccoiiiiiii it e e e e e e e e e et e e e et e e eaaaaaaaaaaaaaaaaaaaaanraaaaaa——— 28
Figure 22: A mechanical exoskeleton suit for motion capture (Gypsy7, 2010Q)............ccceee.... 29
Figure 23 : A performer wearing a suit for magnetic motion capture (AMM, 201Q0)................. 29

Figure 24 : Human silhouettes extracted using a background subtraction algorithm (Howe, . Z206).
Figure 25: A human body model represented by a stick figure (Mamania, et al., 2004)......... 34
Figure 26 : A human bodynodel represented by 2D planar patches (Ju, et al., 1996)............. 34
Figure 27 : A human body model represented by 3D volumes (Azaal,,62004)........................ 35
Figure 28: A human model represented by super quadric ellipsoids (Sminchisescu, et al.,.2861)
Figure 29: Generative Top Down estimation: 1) Input imagdn®ge feature, 3) Model projected in

a candidate pose, 4) Estimation of model parameters by matching model projection and input image

features (Sminchisescu, et al., 2002)........cccoiiiiiiiiiiir e e e e e e aaaaaaeaaeaaaaeeenas 37

Figure 210: 3D human pose reconstructed directly from silhouettes using learned RVM model
(Agarwal, et al., 2004).........c.cccccciuriiiiiiiiiieeiireeerrreeeereeeeeeeaeaaeaaeeaeeaaeeseeessessssssssssnsssssssssssssssseeeees 41

Figure 211: Separate clusters of motion activities projected to a PCA subspace (Urtasun,.2@d6).
Figure 212: A golf swing motion represented in a 3D latent manifold (Urtasun, 2006)........... 48
Figure 213: The general strategy of oypmoach for 3D motion Capture..........cevvvvvveiieeiinneenne.n 49
Figure 214: The skeleton design of our 3D upipexdy model based on theAhim 1.1 standard.. 50
Figure 215: Our 3D body model formed by polygon meshes showing the initial 3D.pose......51
Figure 216: Our 3D uppebody model projected showing a 3D PASE-.......ceveeviiiiiiiiiieeeieaeaeennn. 52

Figure 217: Obtaining color samples using the face detector in the first image captured....... 54

11


file:///H:/DOCTORAT/Thesis/PhD%20Thesis%20David%20Corrections%20LAST%20VERSION.docx%23_Toc295260333
file:///H:/DOCTORAT/Thesis/PhD%20Thesis%20David%20Corrections%20LAST%20VERSION.docx%23_Toc295260333
file:///H:/DOCTORAT/Thesis/PhD%20Thesis%20David%20Corrections%20LAST%20VERSION.docx%23_Toc295260333

Figure 218: Segmenting regions from input image. The images are respectively: the captured image
and the image segmented in three regions (arms, clothes and.head)...............cccoceveeiininnnn. 55

Figure 219: Rendering the 3D model: The left image is the generated 3D model pose and the right
image is the model projection with the body segmentsédlatiered according to their three color
labels (arms, head and CIOHIE. .........oooi e 55

Figure 220: Evaluating the match between the regions. Theowenapping ratio F(q) is obtained
from the overlap betweehe segmented image and the model projection in a candidate 3D.p58e.

Figure 221: Downhill simplex steps. (a) the simplex at bieginning of the step, (b) reflection, (c)
expansion, (d) one dimensional contraction, (e) multiple contraction toward the lowest.point57

Figure 222: The effect of increasing or reducing the initial size of the simplex in our registration
process until convergence. The abscissa is the frame number in the video sequence. The black line is
the residual error of the napverlapping rab using a relatively large size of simplex (factor = 3.0).

The gray line gives the corresponding residual error using a relatively small simplex (factor = 0.5).
Finally, the dash gray line use a medigimed simplex (factor=1.5), which provides smalleidaal

EITOrS IN OUN FEQISITAION PrOCESS. ... .uutiiiiiee ittt tee e e s s sibbr e e e e e s s bb e e e e e e s s e e e e e e e s anbbrreeeeeeaane 58

Figure 223: Regiorbased registration until convergence, using different siziestial simplex. First

row: the input images of a video sequence. Second row: segmented regions from input images. Third
row: motion tracking results (projected model) using a small initial simplex (factor = 0.5). Fourth row:
motion tracking with a largenitial simplex (factor = 3.0). Fifth row: motion tracking using a medium
size simplex (factor = 1.5). A medium size simplex provides better tracking results because the local

search space respects more closely the temporal coherence of the.motian.............ccccceeee.... 59
Figure 31: Initialization modules of our 3D motion capture system...............ceeeeveeeeeeeicccinnnns 62
Figure 32: Realtime modules of our 3D motion capture SysStem...........cccceeeeeeiiieeiiiecccccinnnennnd 4 63

Figure 33: Calibrating and initializing our 3D model with respect to the actor in the first input image.

Figure 34: Automatic modetalibration: (a) segmented silhouette, (b) initial model translation, c)
model aligned with the head, d) model aligned in depth direction, €) pose alignment and f) shape
=T |13 1 1T o OSSO 65

Figure 35: Diagram of the proposed background subtraction algorithm..............ccceevviiinnnn 68
Figure3-6: An example of background subtraction in the case of a sunlight variation. From left to
right: the reference background image; the input image respectively before (upper row) and after the
illumination change; the foreground extracted respectivelgrbefnd after the illumination change

using naive direct RGB comparison, then the Glidaded approach and finally our algorithm....69

Figure 37: The limited accuracy of regidmsed registration. The images are respectively: the
captured image, the segmented image and the projection of the registered 3D human body model after

12



optimization. The pose of the 3D model differs from the mitbe actor because the regioased
FEQISIration IS MO ACCUIALE. ... ... uuiiiiiee et e e e e e e e s e e e e e e s b e e e e e e e e annnnee s 70

Figure 38: Computing a distance map from captured imagks:images are respectively: the
captured image, the foreground silhouette, the edges extracted inside the silhouette and the edge
(015 ez L oT = o 1 =T o IO PP PP PRTPP PP 71

Figure 39: Extracting occluding edges. Left: the 3D model is rendered with some foreground color
(first step). Right: the inside of frontwards triangles is rendered with the background color and with
backwards culling (SECON SLEM)........uuuiieieeiiiiie e e e e e e e e e 71

Figure 310: Evaluating the match between edges. The mean distance betweerbgfgeshtained
by masking the distance map from thege with the occluding edges of the 3D model in a candidate
G D o0 1o = PSP 72

Figure 311: Improving the registration accuracy égygebased registration. The images in each

column are respectively: the input image, the 3D pose estimated by theliagathregistration step,

and the 3D pose estimation improved by the dafgged registration step. In the second and third

columns, tle occluding edges of the 3D model are superposed on the input image. In the last column
we observe that the distances to the limb edges are reduced, providing more accurate pose estimation.
................................................................................................................................................. 72

Figure 312: Edgebased registration after reducing the search space to the simplex output by the
regionbased registration. In each row, the images are respectively: the captured imadgethe
extracted from the image; the edggsed registration result when using a large fixed initial simplex;
and the edgéased registration result when using the final simplex of the rdgised step........... 73

Figure 313: The effect of limiting thr number of iterations on the residual error (ordinates) of our
regionbased registration. The abscissa is the frame number in a video sedienokack line is the
nonoverlapping ratio minimized to convergence by the re@ased registration while the gray line is
limited to 500 iterations, which is the maximum number of iterations permissible fdinneal
computation. We see that limitingg number of iterations usually degrades the pose estimates4

Figure 314: The effect of limiting the number of iterations on tésidual error (ordinates) of our

edgebased registration step. The abscissa is the frame number in the video sequence. The black line is
the mean edge distance minimized to convergence by thebadgd registration while the gray line is
limited to 500 ferations. The example images show that the occluding edges of the 3D model are
matched when the optimizer iS Near t0 CONVEIGEICE...........uuriiieeeiiiiiieee e e e e 74

Figure 315: The video sequences used in our experiments. The video sequences 1 (top left), 2 (top
center), 3 (top right), 4 (bottom left), 5 (bottom center) and 6 (bottom right) contain respectively 290,
1497, 1412, 887, 103hd 551 frames. The first three sequences include various types of gestures.
Sequence 4 includes principally gestures when arms are crossing each other. In sequence 5, the person
is not directly facing the camera. The sequence 6 includes movements irthvehperson is turning

L 0T 00T L0 L=T0 o T T [P 76

13



Figure 316: The mean residual error of the rmrerlapping ratio (&xis) with respeicto the numbers
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Chapter 1

Introduction

Human motiorcaptureis the process aheasuringand recordindiuman bodyn a computer
usable form Interestin human motionanalysis- o f t e n ¢ a Iplbas deer@ronang in
recent yearsas many potential applicationshave emergd (humancomputer interfaces,
medical applicationsanimation, interaction with virtualenvironments, video surveillance,
games etc). This work focuses on enhancinginteraction in virtual environments by
reproducing user gestures directly in a 3D avataeattime (Horain, et al., 2005)

Traditional notion captureinvolves specialsensorge.g data glovesmagnetic sensors and
mechanical exoskeletonsr optical markerson theperformed bodyandlimbs. Motion data
is derived fromthe positios or anglesof markersrelative to the sensorsHowever, the cost
and complexity of this equipment (personnelrequired, physical environment, etds
prohibitive for the general publiandfor many target applicationsComputervision based
techniques offer aimterestingalternativebecausehey only requiramagesfrom one or more
cameras As special and expensive equipment is not requinedtion captureby vision is
potentially a practicaland inexpensiveolution. We are interested iastimating3D human
motion from monoculaimages;this enormouslyincreaseghe range of possible applications
asmanypersonacomputes includea webcam

We address the problem of 3D human motion capture intineal without markers from
monocular imagesbtained from avebcam.We focus on capturing the motion of the upper
part of the human bodgsour objective is to achieve more natural interactiogtweenuses
and 3Dvirtual collaborativeenvironmets. A prototypefor 3D motion capture by monoscopic
vision and virtual renderingvas previously proposeth the works of Horain (Horain, et al.,
2002)andMarques Soare@arques Soares, et al., 200%his approach consists basicatly
registering a 3D human uppkody modelto video sequenceddowever, becauseit is
designed to workin real timeon a personal computeits robustness and accuraeye
currently limited andneedto be improved 3D motion capturefrom monocular images
remains challenging open problem as many difficulties are involved; for example, the
ambiguitiesof monocular imagegartial occlusiosof humanbody partge.g. crossedrmsg,

the largenumber of degrees of freedoofi the human bodyvariations inbody proportions
and clothing, clutteredand complex environments, image noise, etc. Moreover, the
computatios neededo track the human motioim theimages can be vemgxpensivemaking

it difficult to achieverobustreal-time performance

In this thesis new algorithmsare proposedo improve the results athe motion capture
methods of(Marques Soares, et al., 2004) the following subsectionswe describeour
target applicatiomndsomeother potatial applicationof thework; thenwe discuss thenain
challengesind difficultiesinvolved and presenhe contributions of thigork.
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1.1 Enhancing the perception of user actions in
3D collaborative virtual environments

A Collaborative Virtual Environment(CVE) is used for collaboration and interaction of
participants that may be spread over large distarides applications are usually based on
networkedvirtual environmerg wherethe users interact through avata’sn avatar is a
representation of a persam the virtual environmentAvatarscan communica with each
other as well asdoing activities that people do in their daily life Nowadays, virtual
environments like Second Lif€SL) attract many people to experience 3D virtual life.
In Second Life, esidents can explore, meet other residents, socialize, participate in individual
and group activities, and create and trade virtual property and services with one amother,
travel thraughout the worldVirtual environments can kasoused to increase interaction and
immersion in dearning systemégLi, et al., 2009)r teleconferencingFigure1-1). People can
attend virtualmeeting rooms (teleconferencing) or virtual classroordsgming). They can
discuss with other people (avataes)d interact throughirtual resources (e.dlackboard,
shared tables, ejc.

Figurel-1: Avatars meeting and interacting in a 3D virtual sg&@enSpace3D, 2010)

Avatars are animated by their human counterparprovidea sense of telepresencehe
animation of avatarallows users to expresemselvesn the virtual environmenand helps
to focusattention on objects of intere@itiorain, et al., 2005)However controling their
behaviorsis difficult. Selecthg animationprimitives from a menu owusing icons is tedious.
Moreover the avatar animation it lively as it moves only ocommand.There are a
number of efforts underway to make 3D animated human form more lifstiétéo achieve
more intuitiveinteraction(e.g. Avatar Puppeteering by Linden Lébnden, 2010) Hands
Free 3D by Kapor Enterpris@sapor, 2010).

We propose to enhandbe perception andmmersionof users in3D virtual environmensg
through 3D motion capture by monocular visidn. this way the avatar canmimic the
gesturesof the userin reattime. Thisincreasesheu s e r s ®f presentean ¢he 3D virtual
space(Marques Soares, et al., 2004h this type of immersion users do not have to
memorizea large number of commantts useany speciatapturedevice Motion capture by
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monoscopiccomputer vision offers #exible solutionasonly a single camer#s required
thusallowing telepresenct anyoneausinga personal comput&vith a webcam

In this work, monocular vision (from a webcam) is used since webcams are vergsoand
flexible consumer devices (commonly included in personal computers and netbooks), in
contrast to recent consumer devices capable of providing 3D information (@eracadOF,
Kinect), which are generally more costly and Iléssible.

We aimto allow the uses to fully controland express themselveis: their 3D avatas (Figure
1-2). 3D humanmotion is captured throughveebcam usingomputer visioralgorithmsand
rendered by his avatan reattime. This kind of immersion allows new gesturdased
communicatiorchannes to be openenh virtual inhabited 3D spadgiorain, et al., 2005)

Figurel-2: Our target applicatiorBD motion capture for 3D collaborative virtual
environmentgMyBlog3D, 2010).

1.2 Other potential applications

Motion capture teailogy hasa wide varietyof highly demandingapplications At present
the film industry is the application whemsotion capturas most extensivelyused Motion
capture techniques allow large amnds of animation dat@o be producedthe movemerstof
human subjects (athletefancers, actors) are captured and transferred dikacihgirectlyto
computergenerated animation modgelThis gives animator the ability toproduce more
realistic movementsMovies use maap to replace traditionanimationby hand andalsoto
produce computegenerated creaturésat interact visually withreal actorge.g.the Gollum
character from the Lord of the Rings filmiRecently several films and television serieave
been producedalmost entirely using motion capture animatide.g The Polar Express
Avatar, etc). Similar motion capture techniquese applied in videogame industry to allow
more convincing and realistic character movements and expressions

Gait analysis is the systematic studytbé& bodyd snotions in space(kinematics)and the
forces producing thertkinetics) In clinical medicine, gait analysis is applied to humans in
order to identify pathological disabilities (e.g. neuromuscular disorders, cerebral Saisg).
early 1970sthis analysiswasdone bycardul frame by framestudy ofthevideos provided by
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a camera systenMore recently motion capture technology has been appt®dait analysis

in order toquantify the movementloete, et al., 2008]Saboune, et al., 20Q5his allows
the joint angles to be computeore accurately anithe contribution of each bone and muscle
to be detectedh the motion trajectoryVariations in gait style (walking speed, step length,
cycle time) can be alsased in biometric identificato and in sports performance
enhancement.

Recently, eme entertainmentapplications have started using motion captureorder to
provide more intuitiveforms of interactionin humanmachineor humansoftwareinterfaces

In thevideogames industry, the next step is to allow plagemteract with games using only
bodymotionor gestureghandsfree gamingwithout holding ay physical device (e.g. Kinect
from Microsoft,EyeToy from Sony)Humarnrobot interactions anotheexample ofa motion
capture application A major challenge inrobotics is providing humanoid robots with
embeddedntelligenceso they carautonomously interact witpeopleby using naturalnon
verbal communicationhiman gestures).Embedding motion capture in a robotic system
would provide twoadvantagesl) understandingneaningfulhuman gestures and movements
in order toserve humans in their daily lif&anda, et al., 2003R) communicating effectively
with humans by imitatings close/ as possiblegher naturalmotions (Kim, et al., 2009)
(Nakaoka, et al., 2003)This would allow robots to participate imany human society
activities.

Automatedvideo surveillance is anothetemandingapplication forhumanmotion capture

Video surveillance can be usedgasriatriccare,alarm security systems, homaursing etc

The goal of automated surveillanisgto reduce th&argenumber ofhumanoperatorgequired

to monitor many real time video feeds simultaneously by using software that can analyze
video content automaticallyCurrently automatedvideo survellance is an active research
area in computer visiowith many remainingtechnical challenge@ick, et al., 2003) In

order to develop automated surveillance system, motion capture could be used to detect, track,
identify people, and generally, Bmalyzehuman behavior in redgime without the needo

attach any joint markers These systens must be able to operate in public spaces
(unconstrained environmentshere lightingvariations, occlusions and changeflectance
represent a significant challenfgg thecomputer vision anays.

1.3Main challenges

We focus on 3D motion capture by monocular vision in-tieaé¢ without markergHorain, et
al., 2002) This computer visionproblem is inherently difficultbecauseof insufficient
information from images,ambiguitiesin the projection of monocular imagethe large
number of human poseparameters taestimate and sefficclusion of body partsin this
section, we describe tmeainchallengesddressed in this work

Lack of depth information: inferring the 3D pose from images obtained with only one
camera is an Hposed problem. Forward and backward movements with respect to the
camerabs viewpoint (depth direction) | ead
ambiguities in monocular imagelhese ambiguitiesesultin motion-mistracking

High-dimensional search in order to estimate the 3D human pose, several works

(Sminchisescu, et al., 20Q3Delamarre, et al., 2001)se a 3D human model to infer the
correct joint angle values (degrees of freedom) of each body part (head, neck, arms, forearms,
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hands, legs, etc.). Some other wo(Ramanan, et al., 20Q3)Noriega, ¢ al., 2007)try to

infer the position of each body paeparatelybefore enforcing joint connectivityn both
cases, the number of parameterbdestimaté is very high petween 20 anfl0 dimensions);
therefore finding the optimal posés a searchproblem in a high dimensional spackhis

requiresintensivecomputation that idifficult to achieve reatime.

Occlusions of human body parts:itracking3D human motion from monocular images can
become a difficult tasksthere are poses wheseme body parts are occluddyy others €.g
walking, arms crossedn order to cope with occlusionseveral workgNing, et al., 2004)
(Sidenbladh, et al., 2002se a learned motion model@tploita temporal coherence in order
to trackthe posehroughbody parts occlusian

Clothing variations: different clothing in humans can be a problem (elathing ofdifferent
shapes, or with colpedgesand complexexture§ causing inaccuratebservations leading to
ambiguities and consequently, incorrect 3D pose estimates

Variations in human body proportions: many 3D pose estimation technigPgutscher, et
al., 2000) (Sminchisescu, etl.a2002)usea 3D computermodelof the human that mus$te
matchedto the actor in the image&suchmodel usually hapredefined body part sizeand
shaps. Thus, f thehumanmodel has diffeznt proportions from the real subjgitte matching
between the model projections and the actor cannot be accurafi@lares may occur. For
example, if thearms of the model are larger th#re arms of the subjedtie model armsan
intersect erroneously with other body gart

General motions: several workson 3D motion capturgUrtasun, et al., 2004)se learned
motion models to track cyclic or repetitivenotions (e.g. walking, running, golf swing)
however, general motions are difficult to traakthey are highlyariable and unpredictahle
making thelearned model useless. Several works address the problem of tracking general
motions by propagating multiple hypothes¢sachime (e.g. particle filter approache#f)is

often providesrobust andaccurateresults, however, computatidimes can bevery high asa

large number ofiypothesesnust be propagated

Complex environments lighting changes anduttered or dynamicbackgroundge.g public
spacesfrom video sequences can be a problsimpreciseobservationge.g clutter edges,
segmentatiorfailureg can makethe pose estimation procedure failsghting changes can
cause misclassificatienin color segmentation or the emergence of rsgmentsn the
sceneShadows, texturesndobjecs in clutteed backgrounds caproducedistractng image
measurements (e.g. color, edges, optical flow)

1.4 Thesis contributions

In this thesis, we extend the appch proposed ifMarques Soares, et al., 200dnd we
propose newnethodgo achievereattime 3D motion capturdy monocular visionThework
is organizeds follows.

Chapter 2 isa detailedanalysis ofthe stateof-the-art for 3D motion capture by computer
vision. Recent worksin this areaare discussedemphasizing the respectivebenefits and

limitations Finally, we describeour baseline approach foeattime 3D motion capture by
monocular vision
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In chapter 3 new algorithms are proposed to enhance the tracking performance of our
baseline approach. Wedescribe a new method that combinasrobust regioibased
registration step and a moaecurateedgebased registrain step.The respectivdimitations

and benefitof theseare compared experimentalliyinally, we derive an optimal tradeoff

curve betweenthese steps thatachievesthe bestaccuracypossible given the reattime
constraint

In chapter 4 we address the limitations of local optimization algorithms for 3D motion
capture byintroducing an improved set of optimizatidreuristicsfor reattime particle
filtering. We describend experimentally evaluatenumberof heuristics thatve demonstrag

to jointly improve both the robustnessind the accuracyof reattime 3D motion captureby
monocular vision End effector based posgarameterizations introduced to handlehe
intrinsic data uncertaintiesmore robustly Reattime computation with largenumber of
particles is achievedsing a parallel GPU-basedimplementation of the particle evaluation
step Finally, we experimentalljcomparethe results of oumproposed realime particle
filtering algorithmon several real video sequences

In chapter 5, we sumarize the contributions of tht@esis and present our final conclusions.
Perspectives and furthextensions aralsodiscussed.
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Chapter 2

Stateof the art

2.1 Introduction

The use oMmotion capture technology is relatively netpeganin the latel97® &r military
purpose (tracking movements of pilotgMaureen, 2000)Later, in 198Q Vicon Motion
Systemscreatedthe first systemfor gait analysiswhich the captued motion of children in
order to detect disabilitiegSutherland, et al., 1988%incethe 1990 ,sadvances in computer
processing poweand research in algorithmsave made possiblea wide variety of new
applications(seesection 1.2 including reattime motion capture computatiqMolet, et al.,
1996)

Nowadays, motion captureis rapidly becoming cheapeand many more systems have
emergedin the market However,it still faceschallenges, such dack of precisionof the
motion data and complicated calibration procedurese.d special environments,
uncomfortableuser equipmeit In the following sectiors, currenttechnologies formotion
capture arelescribed (section 2.2Section 2.3summarizes existingechniques for motion
capture by computer visiowithout markersFinally, section 2.4 brieflydescribe our base
line approachor 3D motion capture by monoculasion

2.2 Motion capture technologies

Mocap technologiegenerallyincludesynchronized camerasmdspecial sud with markersor
sensorsvorn by the performerdMarkess are sefat body parts @r joints) and are tracketh
orderto identify the motion by the positions or anglesOnly themotion of the actors not
their visual appearancés recordedand this motionis the mapped to a 3D moddby
computer

Motion capture techniques cabe classified bytheir input methods namely optical
mechanical, magnetic, acoustic and inerft@ch of theeinputs(or acombinationof them) is
tracked ideally at leastwice the frequency of the desir@dbtion

2.2.1 Opticalsystems

In optical motion capture systemdata acquisition is implemented using special markers
attached tdhe actor(Optitrack, 2010)this approach uses at least thegmchronizedcameras
and proper lighting t@stimatethe performer's position in 3D spadénese systems produce
data with ® locationsfor each markefFigure 2-1). Two types ofmarkerscan be used:
passive and active

27



Passivemarkers: Passive optical systemse markers coated with a reteflective material
to reflectbacklight that is generated near the cameras [€hs.operating principle is similar
to radar: the cameras emit radiatiasfallyinfrared),which isreflected by the markers and
returned to the same camera. Taenerasare sensitive ta narrow banaf wavelengtls and
perceive themarkersas brightspots.Sucha systentypically consiss of 6 to 24 cameras.
Passive systems do not require the user to wear wires or electronic equipheentarkers
are usually attached directtp the skin or to a ful body lycra suitdesigred for motion
capture(Qualisys, 2010)

Active markers: Rather than reflectingoack externally generatedlight, the markers
themselves are powered to emit their owifrared light. Active optical systems triangulate
positions by illuminating one LED at a time very quickly or multiple LEDs with software to
identify them by their relative positionSome systems can moduldbe amplitude or pulse
width in orderto provide marker IDThis unique mamr ID providesmuch cleaner data than
passive marker systerfiBhaseSpace, 2010)

Figure2-1: Optical motion captursystem Actor wearing a opticalmotion capturesuit with
infrared markers (left).3D human posénferredfrom the relative positionsf each marker
(right) (PhaseSpace, 2010)

2.2.2 Mechanicalsystems

Mechanicalmethods usen exoskeletori a skeletalmechanicalstructureattached to the

p er f o boaygFighre2-2). The exoskektonsare rigid structures anetalor plastic rods

that articulate at the joints of the bdihked together with potentiometerBheydirectly track

body joint angledy the sensors attached to the exoskelétbry providereal occlusionfree
information,however,the exoskeletorsuit can be heavy anclimbersomgimiting theu s er 6 s
freedom of movemer{Gypsy7, 2010Q)
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2.2.3 Magneticsystems

Magnetic systemasesensors placed on the body to measuv-frequency magnetic field
generated by a transmitter sou(Eggure 2-3). The outputs of these sensors & positions
and rotational informatioriThe rumber of sensors used is usually from 6 toTlHe sensors

and source arattached taan electronic control unit that correlates their reported locations

within the magneticfield (AMM, 2010). Inverse kinematics (IK) ithenused torecoverthe
angles for thalifferentbody joints A big advantage of these systems is that usefafitime
results can be obtained from only 6 sensors. Howévesensorsare susceptible to magnetic
andelectrical interference from metal objects in the environmerdaddition,thewiring from
the sensors tends limit the actod smovementsRecently, the development néw wireless
magneticsystems has been repor{g&&netaka, et al., 2010)

Figure2-3 : A performer wearing a suit fanagnetic motion captuf@&MM, 2010)

2.2.4 Acousticsystems

Acoustic systemsuse threeaudio receiversand an array of audio transmitteon the

per f or meThé&asdio lransinyttersendclicking sound andthe receivermeasureshe

travel times from each transmittefintersense, 2010)he calculated distandeom the three
receivers is triangulated to provide a point in 3D space. This position data is tyfeckiy
an inverse kinematics system which in turrvelsian animated skeletolin advantagef this

method is therelative absenceof occlusiors. Unfortunately accuracymay be affected by
sound reflectionsr audio interference
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2.2.5Inertial systems

Inertial systemsare based on miniature inertial sensors (gyroscopes and acceleromikers)
sensor fusion algorithnmte measure the rotational ratesotibn data is transmitted wirelessly
to avirtual skeleton insoftware Basically, thesesystems are similar to thgintendo Wii
controllers but are more sensitive amdre accurde. Inertial systems are practichkcause
they are portable and do not require large capture areas or complwatbrchtion
(IGS-190-M, 2010) A disadvantagés thatthe positional driftthat cancompound in timef
the setup is natorrectdueto poorcalibration

2.2.6Computer vision basedsystems

Using computer vision techniques to acquites human body motions one ofthe most
attractive and practicalolutiors asit doesnot require angxpensiveor invasivehardwareor
markers(only cameras are requirednd it can work outdoors(in streets, offices, parks).
Algorithms have beerproposed that capture humamtion at neareattime frame rates;
however,they mostly rely a multi camera systemsndercontrolled conditionswhich limit
their applicability. Somemonocularvision approachegAgarwal, et al.,2006) (Urtasun, et
al., 2006) aim at capturingspecific motiors (walking, golf swinging, jumping, etcysing
some learning modelr trackingmotion for certain parts of the bodyome other systems can
track unconstraied motia, but do not run in redgime (Sminchisescu, et al., 2003)

Recently 3D imagesensors have beersed tocapture the8D body shapenddisambiguate
poses using gegh measurement3ime-of-flight sensorgGanapathi, et al., 201,0(Kolb, et
al., 2010)and active triangulation systene(g Microsoft Kinect(Kinect, 2010) are such
dedicated sensors.

Reattime markerless tracking of human polsg monocularcomputer visiorremainsa hard
yetrelevantproblem

2.3Human motion capture by computer vision

Humanpose estimatiofrom imagess an unsolved and currently actifield of research with
significantscientific and computational challenf@@minchisescu, 2007)As this isthe main

topic of this work we presena moredetailedanalysis of computerision-basedtechniques.
We consider both redime and norfreattime systems, awell as single and mulgsamera
systems

Systems formotion captureusing computer visionare first discussed based on timage
descriptor or featurethatthey usgsection 2.3.1)Human pose cathenbe estimated using
generative approach (section 2.3.2) or a discriminative approach (section 2.3.B
(Sminchisescu, 2007 racking the posbetweenconsecutivdrames ofa video sequence can
ensure the temporal coherence of the human mdsiection 2.3.1 Finally learned motion
models can be used enhanceherobustness of the motidracking(section 2.3.b
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2.3.1Image featuresfor motion capture

In order to estimate the 3D posmagefeatures are extractedrom input imagesA featureor
image descriptocan be defined as piece of lowlevel visualinformation etracted from an
imageto solvea specified taskimage descriptors amgenerally extractedising probability
distributions é.g color histograms), neighborhood operasiga.g edges, optical flow) or
thresholdhg the pixel valuesd.g foreground or color classificationJhe choice ofeatures
dependgreatlyon the problem to be solvelh human motion capturéheimage descriptors
aregenerallyused as cues to find the pomn of each body part and thtes estimatethe full
3D humanpose Image descriptors commonly usedthe literature includeolor, silhouettes
edgesand motion(Poppe, 2007 Moeslund, et al.)

2.3.1.1Color

Skin mlor is a common cue for head and hand detectigfVezhnevets, et al., 2003)
Broekhuijseret al (2006)extractskin regions byconverting imageto the HSVcolor space
thresholéhg each channel empirically, and finally selecting the largest connected
componentswhich aredeemed tdelong to the head ande hand. Bernieret al. (2009)use
an initial face detectioralgorithm to obtain a normalized skin ko histogram inthe UV
chrominancespace(from YUV color space)A skin color probabilityis estimated fronthe
histogram and then useddetectthehead and hands

Some human motion capture works combine differefdrooues imo a singleprobability,
Fontmartyet al (2007)define a coloibased likelihoodhat combine clothing color and skin
color. For clothing probability, a learned referencehistogram of the clothing color is
comparedusinga Bhattacharyyalistancewith a targeted ROI in the imagk addition, they
calculate a homogenous distance by measuring the standartiotheofehe color dstribution
in RGB spacdrom uniformly sampled points insidbe color region.

Unfortunately, color may lack robustness ircaseswhere significant local changes in
illumination canoccur In addition,cluttered scenes that contaialors similar to regionsof
interest (skin or clothing) can generate Badis color segmentation

2.3.1.2 Silhouettes

When capturing images with siatic camera, silhouettesan be obtained using background
subtractiontechniques(Figure 2-4). Silhouettescan encode useful informatioabout the
human poseShahrokniet al. (2004) extract the human silhouetby texture segmentation
Deutscheret al (2005) extract the silhouette by a thresholded background subtraction
algorithm. Agarwal et al (2006) encodethe shape information of learnesilhouettesby
computing histograms o$hape context descriptofBelongie, et al., 2002jhat can be
compared using simple Euclidean distance.

Silhouettesoutput bybackground subtractionan be noisydue to illumination changes or
shadows which can affect the shape. Another limitation is the poor visibility oértain
degrees of freedone(@ knees, elbow, handsyhich causesa high degreefcambiguity and
body part occlusionahich make idifficult to recoverthe3D human pose.
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Figure2-4 : Human silhouetteextractedusinga background subtracticaigorithm(Howe,
2006)

2.3.1.3 Edges

In computer vision, an edge is a significamriation or discontinuity in the gray level of a
digital image.Edges detectaaslgorithms provide the set of connected curves that indicate the
boundaries of objects of interg&tiou, et al., 1998)In human motion captulienageedges

are a usefutuefor the boundaries of bodymbs (e.g hand, armhead, forearm, etc.yome
works (Fontmarty, et al., 2007§Chen, et al., 2005)ompute alistance tansformto measure

the distance betweerdgepointsin the imageand th& nearespixel on a candidatsilhouette
boundary Other works (Ramanan, et al., 2008)seedges as a cue to detect or track body
pars (e.g. arms, forearms, hands)

Broekhuijseret al (2006)estimatehe hand position by computinige number oédge pixels
along a skin region of the full armThey also train edge response histograms of -lik
edges and backgrowsdiges. Thegomputethe probability that an edge belongs to a body
part according to the edge orientatibluriegaet al (2007)usethe orientatiorof the edge$o
estimate the position and orientation of a limb.

Edgeshave the advantage thiiey are very robust to changes in lighting conditiansl can
be extracted at a very low computational cdfdwever undesirableedgesresulting from
backgrounctlutter, clothing texturegdges or noise mde a problem

2.3.1.4 Motion

Motion capturemay use optical flow(Horn, et al., 1981)(Lucas, etal., 1981)to directly
estimate the motion of eadiumanbody part by assuming small motion and brightness
constancyJuet al (1996)use gparameterizedptical flow equatiorto recover the motion of
each regionbelongingto the limb. Bregler et al. (2004) write the analytical relationship
betweerthe vectors ofapparent motion itheimageandthe angular change agachjoint. In

this techniquelinear differential equations need to be solved in order tdatp the 3D pose
parameters for each fram8&minchisescuet al (2001) use an optical flow method that
generates a flow field with aoutlier mapthat provides information about the motion
boundariesNoriegaet al. (2007) detect motion by computing the difference between the
pixels of consecutive frames. They calculate a motion energy fecarach limb.

Motion cues areusually robust to extract and provide useful information about the direction
of the movement of each body part; however one disadvantage is the assumption that the
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person isalways movingn the scene. Moreovenptical flow assumes small motions between
frames;this is not always the caser humanmotion (especiallymotions of the arms and
legs). Additionally, the deformation of clothing as a person moves roake the motion
estimationdifficult.

2.3.1.5 Feature combination s

Someworks integrate different cue® achieve more robustness in B8 pose estimatian
Severalmethods have bearsed to combine the informatidrom different descriptorsChen

et al (Chen, et al., 2005gombine the silhouette informatiamith edge extractedfrom the

same silhouetteThey extract edges from the foreground silhouette and compute a distance
transformto the silhouette boundarieSminchisesciet al (2001) combine edge and motion
information in a negative lodikelihood function. Edges are weighted according to their
importance qualified by a motion boundary map extracted from an optical flow method.
Fontmary et al. (2007) combine edge distanceolor, and 3D blob distancéacquired from

two cameras)into a single observationfunction. They assume thaall observations are
mutually independergrobabilities

Combiningimage descriptors proves to be more rolasstheadvantages of each descriptor
can be used in one or more likelihood functidHewever, care must be takéecausesach
descriptor can givencompatiblelikelihoods.

2.3.2 Generative approaches

These approaches estimate the human psseg a prior model of the human body
parameterized bthe kinematidreeof the articulations andhe bodydimensios. The pose of
the human body model is described byeator of parameters.

Generative approaches differ essentially in the manner in which data is associated with the 3D
model. In this case, we can identify tweethods reconstructiorbased and appearanoased.

The firstmethod(reconstructiorbased) ty to fit the 3D model to a 3@loud obtained from
multiple cameragUrtasun, et al., 2004§Ziegler, et al.) In the appearandeased techniques,

a human model with a defined pose is projected ihe input image and several features
(section 2.3.1) are extracted from the ima@ee, et al., 2002) (Ramanan, et al.)
(Sminchisescu, et al., 2003h both techniques, the human pose is estimated by finding the
vector of model parameters that biigsttheinput data

Finding the pose that best matches the image features can be a very difficlietaslse
occlusions of body partsiay occur and same image feature can match different 3D poses
(ambiguities).Several works propasdifferent human body models amgethods to estimate
and trackthe human posever time Somelearning methodsre alsousedto improve the
motion captureesults Thesemethods will be described below.

2.3.2.1 Human body models

Human models ardasically representedwith a kinematictree that of rigid segments
connectedy articulatedjoints. Each segment repsents a specific humdmody partand can
be describedby a 2D figureor a 3D volume A joint may hold up to 3legres of freedom A
givenpose of the mode$ described by a&ector of parameters of joint angles.
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Morris et al. (1998)proposed aimple2D scaled prismatic modébPM). In this model, each
segment is represented as a line that contains two parameters: the angle rotation and its length.
Eachsegment contains a translational degree of freedomstadés the link appearance in

order to estimate 3D motion$his modé does not require specification of link lengths and

joint axes. The author argues tlsaich 2DS P M6 s sameooiftheg singularity problems
associateavith 3D motion from monocular vision. Chaet al.(Cham, et al., 1999)sedthe

S P Man order to estimate 2D human motions from monocular sequelhcampler 2D

model is used by Mamanit al (2004) this model is represented lbystick figure (Figure

2-5), where the articulatianare represented as points and the body parts or segments as
simple lines.

Head
Neck e
~ |
. """® Shoulder
s O Elbow
. . Wrist
f | Hip
Pelvis — | \
[ '. Knee
|
/ |
¢ ® Ankle

Figure2-5: A human body model represented dstick figure(Mamania, et al., 2004)

Juet al (1996)represent the human model as a set of conn@fdgalanar patchegFigure

2-6). A kinematictreeis constructed from these patchEach patch is represented by its four
corners, which represent also the articulation points between two connected planar patches.
similar modelis used by Parat al (2008) where eachbody part consiss of 2D planar
figures (circles and rectanglebgt ardinked with flexible joints. Each planar figure contains
three degrees of freedom whiaitiude the 2D coordinated its centre and the rotation angle
around the axis perpendicular to the image plane.

Figure2-6 : A human body model represented by 2D plgraichegJu, et al., 1996)
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Because 2D models are not able to capture the 3D motion cormaethy works add 3D
volumesaround the segments the kinematic tre¢o represeninore accurately the 3D pose
(Figure 2-7). Deutscheret al (2005)use a full body model that consists of 17 segments and
29 degrees of freedom. Each segment is fleshed out by cones with ellipticadentigs.The

author argues that such mosli¢lavemany advantagdaacludingcomputational simplicityand
compact represgation. Several works have adoptetmilar modes. Sabouneet al (2007)

use a model formed by 19 jointshat represent key elements of the human body (head,
elbows, knees, arms, etc.), each segmefieshed out byaddingcube volumesaroundit.
Azadet al (2004)use a model with 28 degrees of freedom, where each body part is modeled
as a section of a cone. Eaabtneis described by two ellipses (base ellipse and upper ellipse)
and the length between these ellipgderiegaet al (2007) combine 2D patches and 3D
volumes to represent an upper body moAeins and forearms are modeladcylinders and

the headasa sphere. The torso, hands and clavicles are represented by 2D planar patches.
Limb interactiors aredescribedn terms ofdistance betweerthe body pars.

Figure2-7 : A human body modekepresented by 3D voluméazad, et al., 2004)

To achievea better approximation dhe human shagp some 3D models amnstructedoy

polygon meshesSminchisesctlet al. (2001) use a mesh model that consists in a kinematic
structurecovered by super quadsiellipsoids (Figure 2-8). This model is described by 30

joint parameters, 8 internal proportion parameters encoding the position jofrtseand 9
deformable shape parameters for each body part. The shape parameters are based on standard
humanoid dimensions
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Figure2-8: A human model represented syperquadric ellipsoid¢Sminchisescu, et al.,
2001)

2.3.2.2 Poseestimation

Pose estimation refers to the processsearchingfor the set ofmodel parameters that
minimizesthe similaritybetweerfeatures extracted from the model and the input inusgeg
local optimization The model parametersan bethe joint anglesor the global positionsof
each body part.Due tothe highdimensionalityof the model parameters (20 morejoint
angles, the searchmethod usednust bevery efficient. In the state othe art, manyworks
take several minutes p&dame and only fewcan achieve quaseattime results(Hua, et al.,
2007) (Fontmarty, et al., 2008}Bernier, et al., 20090 generalthere argwo techniquesor
generativepose estimates top-down estimationand bottoraup estimation Related work
usingthese approaches will be described below

2.3.2.2.1Top-down estimation

Top-down approachesstimatethe state vector desbing the human posat each frame by a
local search that evaluates differeaindidateposes startingfrom the configuration found in
the previous framé@-igure 29). One drawback of this approachtiee posein the first frame
must be specifiedhanuallyby the userin (Bregler, et al., 2004Yhe usermust clickon the
2D joint locations in alcameraviews at the firstime step.The correspondencbetween the
3D poseand the image projectiois found byminimizing the sum of squared differences
between therojected model joint locations and the user supptiedel joint locations. The
optimization is done over thgoses, angles, and body dimensiofise global minimzation
over all parametergields a ti-linear equation systemvhosesolution is approximated with a
QuastNewtonmethod.
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Figure2-9: GenerativelTop Down estimation: 1) Input image, 2) Imdgature 3) Model
projected in a candidate posé Estimation of model parameters by matching model
projection and input image featur@@minchisescu, et al., 2002).

Finding the best match can be computationally expensive due to the high number of
paramegrs (dimensions)to be estimated. Different search stratediese been proposed;
Delamarre and Faugerg2001) created forcesrom the extracted human silhouettethe
projected model Theseforces are inferred from a comparisonbetween tangents to the
contours of the tracked objeahd the modelThe forces areapplied to the 3D modeh order

to push it towardshe silhouetten theimagesby solvingdynamical equationgeratively until
convergenceGrestet al (2007)used the normal displacement between the contour points of
the model projectiomand the silhouette estimate a Jacobian Matriwhichallows anaytical
derivation of the optimization function Although the use ofanalytic Jacobiarallows the
numberof iterations for posestimationto be reducedspurious local minima persibecause
observation likelihoodare typically multimodal(Sminchisescu, et al., 2002)

Instead of usingnon-linear optimizationtechniques, some authors try to simplify the problem
by fitting the modeldirectly to the observationdNiskanenet al. (2004) usean articulated
surface like a human moddlhey usea set of P silhouettegfrom multiple views)that are
combined togethewith multi-camera geometriconstraints The human surfacemodel is
fitted to the D observation by the minimization of an objective function that takes into
account the laationand orientations of these observatiofisyylor (2000) proposesa method
to estimate the 3D pogdirectly from 2D points. In his work, the correspondendeetween
joints in the mode&nd point features in thmage is providedby the user. The relative length
of the segments in the model is also knowamiari andthe depth orderingf the image points
mustbe specified manuallyThe 3D pose is then deduced frdaneshortening of the body
segment®f the modelundera scaled orthographic projectioifhus, theydirectly recoverthe
coordinates of the joints in the world coordinate system

2.3.2.2.2Bottom-up estimation

Bottomi up approacesdetect each body part individually frommage features and assemble
the detecteghartstogetherinto ahumanbody poseusingheuristics or constrainguch as the
proximity between linked body part3hese approaches have tdvantagehat they can
automaticallyperform initialization and recovdrom tracking failures Furthermore high-
dimensionakearchs avoidedby partitioningthe joint posespaceanto sepaatesub spaceor
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each body part. However, the main difficulty is that body parts are not easy to detect
producingmanyfalse positivessthere may be many limlike regions in an image.

Various authors haveroposed techniques toack body partsusing image features and to
infer the resulting full body configuration Ramanan andrForsyth (Ramanan, et al., 2003)
proposed body part detectors basew appearance and parallel ém They learnthe
appearance of body parts by modellisggments as cylinder§hen they convolve each
frame with a terplate that responds tparallel lines of contrastA feature vector(a
normalized histogram in Lab spaagptures its appearanceeasch candidate segmemhey
cluster the body part appearangend connect up the kinematically valid clustessth a
dynamic Bayeisin net Huaet al (2007)usedetected edges of the contoureaich limb. Each
individual limb is represented by its owmotion parametersAn undirected graphepresents
the spatial cherence amonglifferent body parts They reinforcethe spatial coherence
constraintdetweemeighboringpartsusinga Markov network.

Several works use multiple cues to enhance the robustnbsslypartdetection.Noriegaet

al. (2007) use color information, contours, background subtraction and motion to detect
upperbody parts The head and hands ardentified using cole information the torso is
detectedusing a reangular grid of points interaciy with a foreground silhouettthe arms,
forearms anghouldersare detected robustly by fusing contour based cueranttbn energy
Upperbody parts are represented by spheres, cylinders and 2D pakblkespper body is
modeled as dactor graph with limbs represented by nodes and linksrresponding to
articulationsand non collision constraints between limbBhe complete graph inales the
previous states to take temporal coherentmeaccount

Broekhuijsenet al (2006) use specialized detectors for the different joint and-effector
locations Eachdetector uses a set of image descriptBexckground subtraction is used to
identify the regions of the human silhouette. A template containing an outline of the head and
shoulder is fittedo the extracted silhouette in order to obtain the 2D locations of the shoulder,
neck and headskin colorfeatures are usedto find the regbns that belong to the head and
arms Edge responsdistributions (histograms) of limhke edges and backgrowedges are
compared to find the width dlfie lower and upper arm in the imagéke 2D locations of the
elbows are estimatedy intersectig the lines through the centeo$ the lower and upper
arms.Althoughbody part detectors basednmulti-visualcueshave proven to be more robust
unobservedbody partscaused by selbcclusionmaystill give rise to motion mistracking

2.3.2.2.3Combining Top-down and Bottom-up estimation

Some athorscombine Topdown and Bottorup approaches to address the limitations of
each In other words, they use the detection of body parts to improvelbiistness in the
estimation of thdluman pos@arametersd.g joint angles)

Leeet al (2002)fit a body model projectioto a human silhouette and identify the position of
hands, head and torso from the silhouette boundarites. ands are detected along the
outlines ofthe silhouetteby extracting gaksin the convex curvatureThe heads detected
using areferencetemplaterepresentation of a heahouldercontour The torso is found by
extracting the medial axis from the 2D silhouetteeytheninfer the human posanalytically

by estimating the joint angles using geometry and inverse kinem&tcgmartyet al (2008)
estimate th&D pose bymatchng the humanmodelprojectionwith the foreground silhouette.
In addition, theyuse skin color segmentation from two cameras to obtain bBabs that
belong tothe head and hand®gions 3D pose configurations are computesing 3D hand
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and head positionBy an analytical Invers&inematics (IK) algorithm Analytical 3D pose
configurations are used ftoitialize automaticdy, recover fromtracking failuresand guide
searchin the highdimensionalstate spaceSminchisesctet al. (2006) propose an algorithm
for learnng a bidirectional function model that combine§op-down and Bttomup
processing for monocular 3Buman motionestimation Both learningprocessare donen
alternativestepsof selftraining that optimize the probabilitpf the image evidence: the
Bottomup processs tuned using samples from th&@op-down processand theTop-down
processs optimized to prodee inferences oke to the onegredicted by the curremottom
up process. Botlprocessesonverge at equilibrium, generating a consistenditactional
function. The framework provides a uniform treatment of human detec8@ninitialization
and 3Drecovery frontrackingfailures.

2.3.3Discriminative approaches

Discriminative approacheslo not use an explicituman body modebasedrepresentation.
Instead, theynfer the human pose directly from the image observatmnfeatures using
training examplesto establish a directelatiorship (or mapping) betveen the image
observationandhumanposes; this assumethat theset of typi@al human poses is far smaille
than the set of kinematicallyossible onesTherefore,the training data needs to generalize
well to observedvariations overbody configuration, body dimensionsjewpoint and
appearance The mapping methodnust also account for the high nonlinearity of the
mapping betweethe featureandthe posespace

These approaches have the advantagavofdng the need for expliciinitialization and
accurate 3Dmodeling and rendang. They can also beused to initialize generative
approacheasin (Fossati, et al., 2007However,they requirea sufficientnumber of training
examples in orer to infer human pose properly, and they tend to be more sensitive to
background clutter thagenerative approaches because an explicit model is not available for
background masking.

Pose estimationechniqueausingdiscriminativeapproaches can be divideddriwo classes:
learningbased estimation and examjblased estimation. dkated work using thesmethods
will be described below

2.3.3.1 Learningbasedestimation

In Learningbasedestimation a functionthat maps from image space to pose space is learned
using training datdFigure 2-10). Learninga function that directly recovers pose estimates
from low-level image featurescan be highly complexas thesameimage features can
represent different body pose configtions and same body configations can generate
different imagefeatures due t@mbiguity. One of the first contributions was proposed by
Rosaleset al. (2000) who clustered (withExpectation Maximation algorithyrthe space of
2D body posesinto approximately homogeneowusnfigurations Then, for each clusterla
function was estimatedto build the maping from human silhouetteso 2D pose.This
mappingwas modeled using a neuraletwork For each new imagethe mappingof each
cluster is performed to yield a set of possible pasesolutions From this set, thesekectthe
most likely poséy finding the best matchsingthe maximum likelihoodriterion Grauman

et al (2003) used PCA to builda probability densityof multi-view silhouettecontours
augmented with 3D structure parameters (thd@®iations of key points oeachsilhouetts.

In this way, he mixture modetepresents density for themage contours togetherith their

39



associated 3D structure parametefhen for a givenmulti-view input contour, they
essentially treathe unknown 3Dstructure parameters as sirgyvariables, and find the MAP
estimate of the shape and structuaegmeters based dme input contour dataThey resolved
the ambiguitieof image silhouettes using theulti-view contours from cameras at known
locations

Elgammalet al. (2004) learned arexplicit low-dimensionalnonlinear representation of an
activity manifold from visual inputs (human silhouettes). They also learmegpping
functions ketween such representations &ath the visualnput space and the 3D body pose
space In order to recovethe humanbody posethey projectedhe visualinput (silhouette)to
the learned low-dimensional manifold and then found the point on thee manifold
corresponding to the visual inpusingan embedding space error metr& similar idea was
adoptedby Guoet al (2007) who applied Gaussia®rocess Dynamical Models (GPDM)
(Urtasun, et al., 2006p obtain two low dimensional nonlinearanifolds: one corresponding
to the local joint angles antthe other manifoldhe space of silhouettes for different views
Thenthe nonlinearmapping baveen these two low dimensionspacess learned using
SpaseRelevance Vector liching(RVM).

Agarwal and Triggs(2006) (2004) encoded theshape of thehuman silhouetteusing
histograns of shapeontexts which providesa significantamount of pose informatioff hey
appliedRelevance Vector Machine (RVM® model thenonlinearrelatiorship betweenthe
histogramsof shape contexts arte 3D poseslin order to reconstruct 3D human pose from
ambiguities irmonocular imagesheyuseda mixture of regressors scherti@t givemultiple
possible pose@-igure2-10). Sminchisescet al. (2005)also used shape context to encode the
appearance of human silhouettes. Theaining data consisted opairs of typical human
configurations together with their realisticallgndered 2D silhouetteSThey learnedthe
multi-valued nature ofhe mappingrom observatioato pose statewith a Bayesian Mixture

of expert model Each expertransforns ther inputsinto an output prediction and theaee
combinedn a probabilistic mixture model based on Gaussians centered onTthemesult is

a conditionalmixture distribution with componen@nd mixing probaliities that are input
dependent. In this way, the inference of 3D pose is straightfoagding most probable mode
can beselected The authors showed promising results comparing their Bayesianrenotu
experts(BME) conditional models wi other methods likeveighted nearest neighbor (NN)
or the relevance vector machifi@VM). BME presented smaller average pose estimations
errors.
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Figure 2-10: 3D human pose reconstructed directly from silhouettesng learned RVM
model(Agarwal, et al., 2004)

2.3.3.2 Examplebasedestimation

Examplebased estimatioavoidsan oftline learningprocessy storing a databas¥ training

examples whose 3D poses are knowose estimation is dondoy searching for training
imagessimilar to a given input image, and interpolating motheir 3D poses One drawback
of these approaches is the large amourgpafe needed to store the databhassexemplars
setscangrow exponentiallywith object complexity Examplebased estimatioapproaches
have proposed different methods to overcome this problem.

Sullivan and Carlssof2002) stored a set of key frames representing a specific aaign (
playing tennis)In each of theskeyframes the body locatiorsse detrmined manuallyThen

for every input frame of a video sequence, they aisshape matching algorithm based on
qualitative similarity that computes point to point correspgence between shapes. Thius i
any frame in the actual sequencatches to aeast one key framehe correspondingody
locationsare transferred from the matched key frames to the input frame aisiogedoop
tracking algorithm incorporating prior constraints (color and space constraints). The author
argues thathte use of ke frames allowserror recovery at any instantMori et al (2002)
adopted a similar idea; their approach consisfextoringa number of exemplar 2D views of
the human body in a varietf different configurations andiewpoints with respecto the
camera. On each of thestred views, the locatiord the body joints (left elbowrjght knee
etc) were manually marked and labele@he input imagevasthen matched to eachosed
view, usirg the techniquef shape context matching in conjunction with a kinematic ehain
based deformation moddlhe locations of the body jointgeretransferred from the exemplar
view to theinput shapeThese key pointgvereused to construct an estiteaof the3D body
configurationin the test imageasing the method proposed(ifaylor, 2000)

Examplebased estimation camlso be embedded in learned probabilistic modélsyama
etal. (2002)used trainingexemparsto represent probabilistimixture distributions of object
configurations Exempks are basean contoursfrom silhouettes The aithorsproposedthe
Metric Mixtures (M) approach that combines a metric space with a probabilistiefrark.
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They applied the approach to tragkalking peopleusing the chamfer distan@égorithmon
binary edge imagestengeret al (2003)propo®d a tree based representatioraBayesian
probabilistic framework The leavesf the treedefine a partition othe state space with
piecewise constant densitYhe advantagef this representation is that regions with low
probabilitymass can be rapidly discarded in a hierarchical setimgt,a significant speaap
can be achieved.

Shakhnaroviclet al (2003)indexed training examples by learning aaethashing functions
They proposed Paramet8ensitive Hashing (PSHwhich finds approximatenearest
neighbas in sulinear time. In their algorithmthe hashng functions are sensitive tothe
similarity in the parametespace They learned a featurspacebased onmulti-scale
histograms of edgdirections.The esults oftheir pose estimatiowerecompared withthe K-
Nearest Neighbor methodk-(NN). Fossatiet al. (2007)relied on deecting key postures in a
walking cycle. They linked sparse detections into a complete trajectory ubinerlai-style
algorithm These detectionisicluded not only anexamplelocationbut also theorientation of
the person. In this way, orientatiovasused with adynamic programming algorithnvhich
allows the selection of theosesthat providethe most likely trajectories according to the
probabilities

2.34 Posetracking

Pose tracking is the processfollowing andestimatingthe human pos&gom frame to frame
in a video squence.Tracking the human posesseveraladvantages: ahe difficult task of
searcing the high-dimensional pose space alleviatedas pose differencebetween frames
are usually small, b) temporal coherence is ensum@n dealing with image projection
ambiguities c) the complexity of the pose estimatiamreducedasan initial pose estimatis
provided at each frame.

Generally,there are twastrategiedor trackingthe pose: thosthat maintainor predictonly
one hypothesis (pose configuration) at each frame (single hypotiaesisig and, thosehat
propagateseveralhypothesegmultiple hypothesis trackingpr solutions per frame. Both
approaches are described below.

2.34.1 Single hypothesisracking

A simple single hypothesis tracker simply updatespose configuration changes over time

In (Bregler, et al., 2004}he pose and the joint angles are updated for each time frameausing
local minimization criterionnitialized from theposein the previous frameNing et al (2004)
propose a tracking stratethyat includes two stageprediction and updatingn the prediction
stage, the posture of the moving humarthie current frame is roughly estimatérom the
motion inprevious frames. Joint angles are prestidby calculatingheir rotationalvelocities

in the previous frameand applytheseto the kinematical equatiam The subsequenstage,
minimizes the matcing error between the projection of the predicted posture and the edge
image.

Some authors use more complex technicglesh as recursive linear filtefs.g. Kalman filter
(Kalman, 1960) to predict thehumanpose in each imagén (Rohr, 1994) the walkng
motion of pedestriais trackedby assuming a lineaelation between the model parameters
and the measurement erroffie model parameters ithe subsequent imagee predictedy
applying a linear Kalman filte(Kalman, 1960)with constant velocities for thenodel
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parametersDelamarreet al (2001) predictthe motion of each frameith a linear Kalman
filter in orderto accelerateghe convergencef thdar pose estimation. They supposed that the
time derivativesof the parameters of the 3D moaek constantin their experimentsnore
than half of the iterations were savddowever,the prediction failed in cases hen the
motion was large and the direction of variation of some parametethie@imodel suddenly
changedandalsowhen occlusions ahe 3D model lastdfor too long

Unfortunately, ;igle hypothesis trackingannot deal with ambiguities, such as-sei€lusion

or image observations from monocular images. Therefore, thetgvays the possibility of
selecting the wrong posmwusing nstrackingthatmay subsequemhake recoveryf the pose
difficult. Deutscheet al. (1999)showed that using a Kalman filter poedict the motion of an
articulatedarmcan lead to false results at kinematic singtiés andat self-occlusions

2.34.2 Multiple hypothesis tracking

In order toovercome the problem @mbiguitiesin image observations, multipleypotheses
can bemaintainedand propagatedfrom frame to frameThis can bedone by adoping
Samplingbasedapproachesuch asParticle Filtering e.g. theCONDENSATION algorithm
(Gordon, et al., 1993)Isard, et al., 1998)Particle Filtes are sophistiated Monte Carlo
method that aim to estimate the sequence of hidden parameébe(s.g joint angles)ased
only on the observeddata® (e.g. image features)They approximate theposterior
distributionr) @ 90 by a weighted set o particlesor samplesEach particle represents a
candidate human poghat can becompared to the extracted image featuRssticle filter
algorithnms havethe advantage that, witharticles(and an accurate underlying modehey
can cover the full posterior distribution in model spaearticle filters can alsdeal with
nonlinear observation modglallowing the integration of multiple data sources irdgone
observation model (data fusiofNlenezes, et al., 20L1However, when number of particles
is not sufficiently largethe probability density function (pdf) of the human motion may not
be representesufficiently completell)c ausi ng fparticle depletiono
failures.

Furthermore, pose trackinge highdimensionality of the pose spas®uld requires the use
of an impracticallylarge numler of particledor complete coveragdll the particles must be
propagated andvaluated (weighted) accang to a matching cost functioiherefore large
numbes of particleshavea high computational casRecently, manyorks have proposed
differentschemego guide thesamples (particlesporeeffectively in thepose space and thus
reducethe number of particles requirdd one d the first such contribution®eutscheet al
(2000) proposed toreduce the number of particldsy using a multlayered search to
gradually migrate the particleset toward the global maximum, #te cost of multiple
iterationsof samplingper frame. Sminchisescet al (2001) proposed an efficiensearch
technique that inflates aeh sample posterior covarian@ong uncertainty directions
(covariance sampling) and refieach sample using continuous optimization.

The image cost functiors highly multrmodalin pose space, arguiding particles towarsl

the wrong local minima may lead to mistracking Some works use analytical inference to

compue hypothese from image observations or assumptions in ordeguide particles

directly towaris i g o o d 0 | o cSainchigaescueti ain @003) use simple kinematic
principles to d¢nepsetatit thaicontainhepssible 3D body
configuratons associated with a given set projected joint centresThe differeat 3D
configurations are linkeh y O f or wa r digpindba cnkowaersd s one for ea
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link. Lee et al (2002)useanalytical computatioiiinferred from the detection dfody parts)
to infer asubset of the state parametemsisreducing thelegree of dependence thre Monte
Carlo simulation. They demonstrate@ reduction irthe required number gfarticles and the
computational loadFontmary et al (2008) computed 3D human pose configuratidram
possible3D positions of THE head and handgsingan analytical Invers&inematics (IK)
algorithm. Sampleswere produced usindQuasi Monte Carlosampling(Guo, et al., 2006)
along thedirections of lowest observability

Some modified patrticle filtering approaches introddegerministic distribution samplinig
order to searcmore efficientlyin an optimal deterministic wagabouneet al (2005) (2007)
propose a modification named Interval Particle Filtering thatganizes the set df particles

into M sulbsets each formed of particles coveringin a deterministic way the
Anei ghbour hheaves paide (j=L.hM) of the previous frame.In this way, a
larger number of neighboutsprovide more accurate results but greater computational cost.
Roseet al (2008) introduce a particle filtering algorithm based on the DynaBagesian
Network (DBN) formalismhattakesadvantage of a factored representation of the state space
to weightandselectthe particlesThe factored representatibased orthe dynamics othe

joint angles. They usal the factorization ofthe processto hierarchically resamplehe
conmponents ofhe state vector.

Combining or fusingnultiple cuesor featuresanimplicitly reducethe sarch space. Azad et

al. (Azad, et al., 2007jused edge curom foreground segmentatiand 3-D distance cug

into one likelihood function. Theysed a standard particle filter approach to compare the
properties of different cuesontmarty et al(Fontmarty, et al., 2007ombined edge cse
calor histograms, 3D blob distance askin color into a global likelihood function assuming
the mutual independence efach cue.Both authors proved to reduce the search space
achieving quasi redalme results.However, multiple cueshat are not wellcombined can
drasticallyreducethe accuacy of theposeestimate

The number of particles can also be reduwggartitioningthe highdimensional pse space
into several subspaces that belongs to each body @Gartg Huaet al. (2007)representach
individual limb with its own motionand enforce their spatial oherence with a Markov
network.Motion posteriors of edcbody part are approximated Bwayesian inference and a
set of bw dimensional particle filteror each body part interact amdllaboratewith each
other.Noriegaet al (2007)proposedndependent particle filteringnd likelihood evaluation
for each limb, while taking intoaccount interactions betweenmlbs through belief
propagationThey reported quasi reime results (6 fps)Although these approachpsovide
reductions inthe computationatost, seocclusiors may be a problemas unobservedody
parts may give rise to motion mistrackings.

Multiple hypotheses can also Imeaintaned in time using a multrdimensional no#inear
optimization method.John et al. (2010) implemented ahierarchical particle swarm
optimization (PSO) method toiteratively explore the highidimensionalposes paceusing a
population of multiple candidate solutions, named particles. The basic idea of PSO odnsists
simulating the unpredictable choreography of a bird flock in their search for Taedmain
difference between PSO and particle filter approach#éise factthat PSO uses patrticles to
explore the search spaehile particle filtes useparticles to estimate the posterior density. In
particle swarm optimizatigreach particle has its own velocity acmmmunicatesvith other
particlesin order to perfon the searchThe authorscombined hierarchical sampling with
PSO in order to split the search spaue 12 sulspacesaccordingto the kinematidhuman
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tree.Theypresentedcomparative results wittomeparticle filter approaches commonly used
(Condensatioffisard, et al., 1998 Annealed patrticle filte(Deutscher, et al., 2000)showing
that the PSO paradigm outperfornparticle filteringwith small numbes of particles. They
alsonoted that one of the main advantagé hierarchical PSQs the abilityto initialize and
recoverefficiently from wrong pose estimatedue to the effective communication between
particles in the swarm seardHowever,the authorgeported that hierarchical PSO paradigm
only performs reasonably wellsing multiple cameras (4 to 8 cameras) while it fails in
monocularvideo sequences, having problems with frbatk ambiguities in which all body
segments lie in the same plane.

2.3.5 Dynamic models

Dynamic modek can be used toercode the expecteddynamics of a humamotion e.g.
periodic motions such asalking, running, swinging, etcThey are usedspredictivepriors
for tracking, providingmore stabldgracking at reducedcomputational costThey are often
learred from training data(e.g.body pose parameteragquiredwith a motion capture system
(section 2.2)

Using suchmodels, he robustness of trackingan be enhancedven with incomplete
information or occlusions because the prianotion model allows spurious and distracting
information to be discarded@heycan alsaecover from tracking failures by using thmtion
priors as new startingpoints. Nevertheless,dynamic models have the disadvantage of
dependingsignificantly on thescopeof the available traininglata;the set of exemplamsiust
be sufficiently larggo account forany variation that may occur the capturednovement.
Using a strong motion prior limits théracking essentially to theset of actions learnt
beforehand.

Dynamic models for motion capturecan bedivided irnto two classes high-dimensional
models that areearneddirectly from the original posespace antbw-dimensional modelghat
consist in a reducethtent space with lower dimensiom which trackingis performed.
Several works using different motion models are discussed below.

2.3.51 High dimensionalmodels

Learning highdimensionalmodek is challenging because of the nonlinearity of human
dynamics and the high dimensiongl of the pose spaceSeveral methods to learn
probabilistic prior modek from available training datahave been proposedhey aimto
correctlycapturethe variabilityof human motionthe correlations among joint angles, and the
correlationsof themotion over time.

Howe et al (2000)proposed onearly contribution Theymodelhuman motioras a mixture

of Gaussian probabilities in a higlimensional spac& o learn the motion, thegssemblehe
data into short motiorlements called snippets bt successivadmes Theyrepreserd each
snippetas a large column vector of the Positions of each tracked body point in each frame
of the snippetThey usedk-means clustering to dividie snippets int@everalgroups, each

of which modeledby a Gaussian probability cloud a weightedmixture-of-Gaussiarmodel.
The prior probability of any snippettained from this mixture modelhey reconstruct the
3D pose from 2D observations by usithgg EM algorithm to find the probabilitiesf each
Gaussian in the mixt@r and the corresponding snippet that maximizegptbbability given
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the 2D observationsA similar idea was used b@aillette et al (2005) they partitioned the
parameter spadato Gaussian clusteresachrepresenting an elementary motifsam ballet
dancing training data. Clustering was doasing a variant ofthe EM algorithm. The
transitions betweeGaussiarclusters us¢he predictions of a Variable Length Markov Model
(VLMM) which can explain higtevel behavias over a long historpf motions At each
frame, the state transition is chosen according to the above probabilities foreggtaboring
cluster This predictive modeis usedin Monte-Carlo samplingframework where noise is
introduced tanodel uncertainty in the prediction

Ning et al (2004)learnmotion models represented Gaussian distributiorier each joint
angle at any phagen a walking cycle obtained fromnaining examples. They assunhat the
Gaussian distributionat different phasesf the walking cycle modedre independen®hey
also exploranotion constraits by considering the dependencies betweetion parameters
and represeirtg them as conditionalistributions TheseGaussan distributions are integrated
into a dynamic predictive model to achieve effntof samplingwithin a CONDENSATION
framework(Isard, et al., 1998)

Sidenbladhet al (2002) adopted a different approgclinstead of learning transition
probabilitiesbetweernposes theylearn a probabilistic searéh a large training seh order to
predict the pose at eatime instantof the tracking proces3he database is structured ir@o
binary tree usingoefficientslearned from PCAwith the top node in the tree corresponding to
the coefficientthat captures the dimension of largest variance in the datdbages way,
they retrieve motiosamples similar to the motion being trackea Particle Filter approach.

2.3.52 Low dimensionalmodels

Several works leartow-dimensional latent space moslal order to cope with the complexity
of high-dimensional datgFigure 2-12). This permits a morefficient exploration of the
human posespace, for a&computational efforsimilar to that ofa high-dimensionalmethod.
Tracking in a lowdimensional manifold requirebasicallythree processegirst, a mapg
must be learneftom original pose saceto thelow-dimensional manifoldSecond, aimverse
mapping must be defined fronthe low-dimensional latent space to poggase Third, a
method oftracking within the lowdimensional spaceaust be defined

Urtasunet al (2004) (2005) built a motion modelby performingPrincipal Component
Analysis on aset of angular motion vectorgpresenting apecific motion activity (e.qg.
walking. running, swinging) They showed that each motion activipyoducel separate
clustersin the PCA subspacéFigure 2-11). In order toreduce the dimensionalitthey
represented the motioms a weighted sum of the mean motion and the first few principal
directions of the training sefhey incorporatedh learnedmotion modelto track the 3D
configuration of the full bodyfrom monocularsequences using ainglehypothesis hil
climbing approach. This resultad much lower computationglomplexity than current mutti
hypotheses techniqueRius et al (2009) also perforned PCA over all theposesfrom an
action in order to find a more compact representaifibey learnedan actionspecific lower
dimensional modeby projecting all trainingposesto the PCA foud. Then, they computed
the mean of altraining postures andelectedenough leadingigenvectorsto capturemore
that 90% of the variance represented in the training @latearntlow-dimensionaimodelis
used as a priori knowledge within the Particle Filter algorith#ence, particles are
propagated taking into account their motion higt@nd previously learnt motion directions
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from real training dataThe state space ialso constrained by filtering outhe body
configurationghatareunlikely according tahe mdion model
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Figure2-11. Separate clusters of motion activities projedtedPCA subspacéUrtasun,
2006)

PCA-basedmotion modelshaveproven to be effective in reducing the dimensionality of the
posespace, howevePCA is not optimal ashuman motions are generalgultimodal and
have nalinear correlations Therefore no#inear mappings between pose space and latent
space argredefined Urtasunet al (2005)useal a Scaled @Gussian Process Lateviariable
Model (SGPLVM) to learn priornortlinear modeldor 3D persontracking from monocular
video sequenceSGPLVMs have the advantage thiiey can be learned from much smaller
amounts of training data tharhertechniquesin SGPLVM, likelihoods of the training data
points are maleled as Gaussian processesvithich the correspondintatent positions are
initially unknown. As a consequence, one saunow both the unknown latenpositionsand
the mappindgrom the latent spact® the origind pose spaceA kernel funtion is introduced

to allow for nonlinear mapping$caling of individual data dimensioissusedto account for
the different variances othe different dimensions of the dataD trackingis accomplished
with simple MAP estimatorswith SGPLVM usedto encourage poses to be close to the
training data

Later, Urtasuret al (2006) proposeda more sophisticatekhtent variablenodel namedhe
Gaussian Process Dynamiddllodel (GPDM. Specifically, a GPDM is a latent varlde
dynamical model, comprising low-dimensional latenspace, a probabilistic mappirigom
the latent space tive pose space, and a dynamitaldel in the latent spa¢Eigure 212). It
provides continuous density funct®rover pses and motions that agenerally non
Gaussian andanultimodal. Given trainig sequences, one simultaneouldgrns the latent
embeddig, the latent dynamics, and thmose reconstruction mappingGPDM has the
advantage over GPLVM thdt usually produce much smoother latent trajectori€gSPDMs
were shown to be effective faracking a range of human walking styles, despite weak a
noisy image measurements apdrtial occlusions.Raskinet al (2007) combinedGPDMs
with the Annealed Rrticle Filter body trackeproposed byeutscheet al. (2000) They used
GPDM to reducedhe effective dimensionality of thgposevector (joint angles).The particles
were drawnin the latent space and thamappingto the posespacefor evaluation This
reduction improvedhe performance of the patrticle filter, increasiitgy stability andts ability
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to recove from losttarges. Thereason for this is that partidegenerateih the latent space
representgenuinelyvalid poses from the training datkurthermore the lowdimensional
latentspace can be coveradith relativelyasmall number opatrticles.

)
.

Figure2-12: A golf swingmotion representeish a 3D latentmanifold (Urtasun, 2006)

Recently, several nonlinear probabilistic motion models have been proposed to better encode
the sophisticated dynaos and spatial information of human pas@anget al (2007)
introduced the Gaussian Process Spa@mporal Variable Mdel (GPSTVM) this model
comprises low dimensioal latent space with associatguatiotemporal procesg.hey argue
that GPSTVM providesa more genuinembeddingof the human posdsom both spatial and
temporal perspectivesthan GPDM. They showed that GPSTVM producesoather
configuration of latent positionsThey track the 3D configuration from monocular video
sequences byarticle filter propagationover time in the latent space, avoiditige high
dimensionality of the posspace Lu et al (2008) proposedhe LaplacianEigenmapLatent
Variable Model (LELVM) to build priors for motion trackingLELVM combines the
advantages of latent variable modgtuiltimodal probability densitynonlinear mappings for
reconstruction and dimensionality reduc)iowith those of spectral manifold learning
methods(no local optimaunfolding highlynonlinear manifold@ndscaling tolatent spaces
of high dimensioh LELVM uses a different type of dimensionality reductiaih defines just

a correspondendsetweenpoints in latent space ambsespaceand not a nonlinear mapping
as GPDM or SGPLVMLu et al (2008) compared the performance of LELVM with PCA
and GPLVM ina Particle Filter frameworkshowng that LELVM is superior in tams of
accuracy, robustness aodmputation time.

Low-dimensional motion models are becomingpre and more accurate and robust in
representing complex human motion; however they argently restricted to specific
activities like walking, runing, dancing, etc. Wther research is needed teal with
transitiors betweenifferentspecificmotions andextending motion models to broader classes
of human movemen@ndgeneral unconstrained motions.
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2.40ur baselineapproach for 3D motion capture

In this section, we describe our baseline approach previqusiyosedin the works of
(Marques Soares, et al., 200Bgsically, arr approach for 3D motion captuirem reaktime
monocular vision consistf registering a 3D articulated model of the upper human body
2D video sequencedo learning is involved in this algorithrbecausenve aimto capture
general human gesturé3ur baselineapproach works with the following assumptions:

1. The useremainsseaéd while makinggestures in front of his computer

2. The shirt of the user has short sleeves and a uniform color.

3. The background is static.

4. In the first image of a video sequence, the userbalassumeth a fronteparallel

pose with no body part occlusions.

As seen inFigure 2-13, we extract primitives from the input image afirdm our human
model. The similarity betweerthe image and model primitives ithen evaluated using a
matching cost function. Ouegistration process consists seardbeshe pose of the 3D body
model that optimally matches the primitives extracted from the 2D image. Biomechanical
constraints allow poses that physically cannot be reblbfieghehuman bodyo be invalidated
(Margues Soares, et al., 2004t each new framef thevideo sequence, 3D/2D registration

is done starting from the configuratioesulting from the previous frame. he following
sectiors explain our approach in detalil
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Biomechanical - Optimizing
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Figure2-13: The general strate@f our approach for 3D motion capture

2.4.1 Our 3D upper-body human model

Our human articulated model ia kinematic tree that consists apperbody segments
connected by articulated jointsaccording to the hierarchy described ithe
H-ANIM VRML standard(H-ANIM 1.1). Each segment of the kinematic structure is covered
by a polygon meshThe lbdy segments included in our 3D model are: chest, head,-upper
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arms, forarms and hands. The joints included are: huntanoot, neck, shoulders, elbows
andwrists.

Flgurez 14 shows thekinematic treeof our model, which contains th20 articulation angles
U —8 — belongng to the upperbody. In terms of Euler angles, these joint angles
correspond to:

3 rotationgor thehumanoid root (torsion, roll, tilt)

3 rotations for the left wrigflexion, pivot, twisting)

3 rotations for the right wrigflexion, pivot, twisting)

1 ratation for the left elbowflexion).

1 rotation for the right elbo\{flexion).

3 rotations for the left shouldéitexion, abduct, twisting)

3 rotations for the right shouldétexion, abduct, twisting)

3 rotations for the nedfoll, torsion, tilt).

= =4 =4 -8 _8_9_98_-2

In addition, ar model includes 3 global translatiparameter® o d v for theposition

the model in the 3D world. Thus, the human pose is represented as a vector of 23 parameters.
In Figure 2-14, we show the kinematic chain dependencies that exist betweebody
segments of our model. Eadrticulation is associatedvith a node andthe kinematic
dependencieBetween jointarerepresentetdy the arcs betwedhenodes.

R_SHOULDER L_SHOULDER

L_ELBOW
—x

R_ELBOW,
—>X

R_WRIST L_WRIST

L@ L @t

HUMANOID ROOT

Figure 2-14: The skeleton design of our 3D uppeody modelbased a the H-Anim 1.1
standard.

We definethe biomechanical constraintd our model by specifying the rangdlowable of
motion for each joint rotatio(Marques Soares, et al., 2004hus, the search space of 3D
poses is constraindd eliminateimpossible 3D configurations as well as body parts collisions
(e.g. arm inside the chestjhe biomechanical constraint3dble2-1) establish the maximum
and minimum rotation angles permissible for each joint starting from the initial paged

2-15).
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Figure2-15: Our 3Dbodymodel formed by polygon meshes showihginitial 3D pose

Para ele O a
Olatlo Olatlo
1 Humanoid root torsion  -180° 180°
2 Humanoid root roll -45° 45°
3 Humanoid root tilt -45° 45°
4 Neck toll -10° 10°
5 Neck torsion -10° 10°
6 Neck tilt -10° 10°
7 Left Shoulder flexion -110° 25°
8 Left Shoulder twisting -60° 30°
9 Left Shoulder abduct -20° 100°
10 Right Shoulder flexion| -110° 25°
11 Right Shoulder twisting  -30° 60°
12 Right Shoulder abduc] -100° 20°
13 Left Elbow flexion -150° 0°
14 Right Elbow flexion -150° 0°
15 Left Wrist flexion -20° 20°
16 Left Wrist twisting -100° 100°
17 Left Wrist pivot -37° 27°
18 Right Wrist flexion -20° 20°
19 Right Wrist twisting -100° 100°
20 Right Wrist pivot -37° 27°

Table2-1: The homechanical constraintgpplied toeach joint angle of our 3D model

2.4.2Generating 3D human pose

Body pose described by vectsiof joint anglesareapplied toour 3D articulatecbody model
using the OpenGL ARMWright, et al., 2007)For each body segment, a list of polygons mesh
is stored in a buffer. Then every polygon belonging to the same body segnenpper
arm) is rotated and translated with respect to the center of thegargi{oulder).
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For example he rotation of a 3D vertex of a polygdn 0 i) i)  belongingto a forearm
segment can be computed using the following equations in homogeneous coordinates:

~

0 0 (2.1)
0 "YOY JYDY (2.2)

Here,0 are theinternal3D coordinates of the 3D vertéx the forearm segment atige 3D
coordinatesd of the rotated vertexare calculated by multiplyingthe transformation
matrix0 , which is computed from the shoulder translatio¥, the shoulder rotation
matrix'Y , the elbow translation matri¥ and the elbow rotation matrixX . In this way, we
rotate and translate aif the vertices of our 3D model according to the vector of joint angles.
In Figure2-16, we see a projeicin (using OpenGL) of our 3D uppeody model showing

3D poseFurtherimplementation details can be foundWright, et al., 2007)

Figure2-16: Our 3D uppetbody modeprojected showing a 3D pose.

2.4.3 Animating 3D avatars using MPEG4 BAP parameters

BAP (Body Animation Parametersye a set of parameters that define the manipulation of
independent degrees of freedom body skeletonmodels. BAPs have the advangge of
producingsimilar highlevel animationresults on different body models without the need to
calibrateeachmodel(Capin, et al., 1999)

For each captured image, our motion capture system outputs the vector of joint angles
U —8 — that describes the estimated 3D body pddds is thenencoded inthe
MPEG4 BAP format specifiedn the Intermtional Standard ISO/IEC 14926(2001) The

full set of BAPs consists df86body joint anglesincluding sacroiliachip, knee,ankle,
vertebraclavicle, shoulderelbow, wrist andhe fingers joints, that can be used to animate a
3D avatar in a virtual environmen

The BAP encoding is particularlguited for lowbitrate transmission in dedicatedteractve
communications and broadcastvironments(Capin, et al., 1999)The encoding consists
basicallyof a masking scheme providing selective transmissioth@BAPs according to
which body parts are activiea each time step. In this way, we can animate 3D avatars by
activating only the BAPs that correspond to our vector of 20 joint angles. The followieg ta
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describes the relatiship between the joint angles of our vector of parameters and the BAP
parameters that are sent to an avatar:

Parameter | Joint angle name BAP name

1 Humanoid root torsion 121 | vI5_torsion

2 Humanoid root roll 120 | vI5 roll

3 Humanoid root tilt 122 | vI5 _tilt

4 Neck toll 48 | skullbase tt

5 Neck torsion 49 | skullbasetorsion

6 Neck tilt 50 [ skullbase tilt

7 Left Shoulder flexion 32 || _shoulder_flexion
8 Left Shoulder twisting 36 || _shoulder twisting
9 Left Shoulder abduct 34 || _shoulder abduct
10 Right Shoulder flexion 33 | r_shoulder flexion
11 Right Shoulder twisting| 37 | r_shoulder_twisting
12 Right Shoulder abduct 35 | r_shoulder abduct
13 Left EIbow flexion 38 [ _elbow flexion

14 Right Elbow flexion 39 |[r_elbow flexion

15 Left Wrist flexion 42 || wrist_flexion

16 Left Wrist twisting 46 || wrist_twisting

17 Left Wrist pivot 44 || wrist_pivot

18 Right Wrist flexion 43 | r_wrist_flexion

19 Right Wrist twisting 47 | r_wrist_twisting
20 Right Wrist pivot 45 | r_wrist_pivot

Table2-2: The BAP parameters sent by our motion capture system to animate a 3D avatar.

In our implementation, BAP parameters are sent thragCP/IP socket connection to a

local or remote computer where the 3Dllaborative virtual environment application is
installed. In this way, two or more users can express themselves in their own 3D avatars using
the same collaborative virtual environmefigure 1-2).

2.4.4Regionbased registration

Our registration procesgeratively optimizesthe match betweerthe primitives fran the

model andthosefrom imagewith respect tothe model parameteréFigure 2-13). In our
regionbased registration, the primitives extracted are the color regions from the amége

the 3D model. Three classes of regions are considered: skin, head and clothes. The human
model in a candidate 3D pose is projected onto the segmented image and a cost function is
used to measure the match betweemwrespondingegions. The matching cofunction is
minimized using an optimization algorithm that requires ofigiction evaluatioss (not
gradients) In the following subsections,endescribe in detail the methodplemented in our
regionbased registration proce@darques Soares, et al., 2004)
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2.4.41 Extracting regions from images

Color sampes areextractedfrom the firstimage captured Basically, samples are extracted
automatically, in contrast with the approach previously proposéianques Soares, et al.,
2004) where samples had to be extracted manually. In titerdusystem, akin color sample
is taken n the face regiorfiound with Adaboost face detectd@Wiola, et al., 2001)and a
clothessample is taken in rectangistimatedinder the face.

Skin
sample

Clothes
sample

Figure2-17: Obtaining color samples usitigeface detector in the firétnagecaptured.

Each extracted color sample is transformed from RGB to HSV color dpacceobustness to
illumination changes & drop the lightness V and keepnly the chrominance HS
(Vezhnevets, et al., 2003)he skin and clothes col@ampls in HS are modeled through
single Gaussian mode(SGM). Thus, the Gaussian joint probabilityy a chrominance
vectorvin HS space is expressed as:

fod 00— Q- (2.3)
c“

Hoha's ——Q- (2.4)

wheret and are respectively the meahrominanceand covariance matrix estimated from
the skin color samplé¢. and  are the Gaussian parameters obtained from the clothes color
sampler) 03 Q"Gandr VI &"ENI are the probabilitiefor chrominancer to beobserved at

skin pixels and clotis pixels respectively.

Theinput images segmented into three classelsthes arms andead For each pixein the

image if N 09 Q@F N LI &"ENG respectively are above somedshold then the pixés
classified as skin or clothes respectively. The skin pixels in the rectangle output by the face
detector are approximated with an ellipse of inertia (computed @bnC\j. Those skin

pixels inside the ellipse are classified as head, while other skafspare labeled as arms.
Finally, noise in the segmented image is cleaned up by morphological opening and closing.
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Figure2-18. Segmenting regionsom input image The images are spectively: the captured
image andhe imagesegmented in thraegions &rms clothes andhead.

2.4.4.2 Extracting regions from 3D model

The body segments of the model are assocwatdddifferent clasesof colors, the vertices
and polygons belonging to the arms (upaen, forearm, and handghest and head are
respetively skin color, clothes color and head color classes.

The model pose is generated according topbge described in the vector jpint angle
parameters (section 2.4.2FEach polygon mesh of the 3D model is projected (using
perspective projection) ¢m the 2D image plane by computing matrix multiplications in
homogeneous coordinat@d/right, et al., 2007)and flatrendered with its given color label
(Figure2-19).

Figure2-19: Renderinghe 3D model: The left image is the generated 3D model pose and the
right image is the model projection withe body segments flatrendered according to their
three color labels (arms, headd clothes)

2.4.4.3 Evaluating the match between model and image regions

The projected model (section 2.4.2) is overlapped onto the segmentedag® (section
2.4.41) andthar matd is measuredising the norroverlappingarearatio (Ouhaddi, et al.,
1999)

P 6w — (2.5)
L 0N P, 0N

"OF ’
1 L 0N

whereq is the vector of parameters describiing candidate 3D poseam is the number of
color classesA. is the set of pixels with thecolor class in the segmented imaBgq) is the
set of pixels with the color in the projection of the 3D model apd | represent the number
of pixels inX.
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Overlapping

Input image Segmented image

3D model Model projection

Figure 2-20: Evaluatingthe match betweerhe regions.The ron-overlapping ratio F(qg)s
obtained from the overlapetween the segmented image and the model projection in a
candidate 3D pose

2.4.4.4 Optimizing the match between regions

The nonroverlapping ratiois then minimized with respectto the vector of joint angle
parametersusing adownhill simplex optimization algorithniNelder, et al., 1965under
biomechanical constraint¢Table 2-1). The downhill simplex method is a nonlinear
optimization technique that requires onfynction evaluation without calculation of
derivatives The method uses the conceptao$implex which is basically a polyhedron of

0 pvertices within a Ndimensional space (in our case, 20 dimensions corresponding to the
joint angles). From an initial 3D pose, we build an initial simplex by generatingbnew

p test points (candidate 3D poses) that correspond to each vertex of the simplex. Each test
point is evaluated by the objective functié@ (non-overlapping ratio) and ordered to
determine the highesb , second highestd and the lowest pointd  in the simplex.
After, the centroid 0  of all the points excepD) , is generated. From the initial simplex
built, the method iterativelghanges the shape of the simplex adapting to the nonlinearities of
the objective function by four operationsflection, expansion, orgimensional contraction

and multiple contraction@-igure 221). Algorithm details of these operations are provided in
the following:

Downhill Simplex algorithm

1) Order the points according to the values at the verfiogs:  "Q0 E Q0
2) Compute the centroid of all points excepd .
3) Reflection: a reflected pointd , is found by reflecting through 0 with the
following equation:
5 0 | 0 0 (2.6)

If Q0 Q0 "Q0  :thenreplaced with0 and go to step 1.
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4) Expansion:if "Q0 "Q0 then continue to step Flse if "Q0 "Q0 then
expand the simplex along the centroid direction with the hope that the new expansion
point,0 , will be better thab . The expansion idone by the following equation:

O v [ UL U (2.7)

fQb Q0 )
then replaceb with 0 and go to step 1.
else replaced with 0 and go to step 1.

5) One dimensional contractionow, it is certain thaQ0 "Q0 then the simplex
contracts along the centroid direction with the hope that the contractedpowwit|
be better that the worst point. The contraction is determined with the equation:

0 0O "0 O (2.8)
If "Q0 Q0 ) N

then replaced with 0 and go to step 1.

else go to step 6.

6) Multiple contraction:contract the whole simplex around the lowest pdintusing the
following equation:

0O 0 ,0 0 ,0f70MBM (2.9)

where U, 2, | and 0 are the factors for r
contraction respecti v éNelger, tblz106% o0=2, J} =0.5 an

These operations are applied iteratively in different cases in order to converge toward an
optimal solution(Press, et al., 1992)n our implementation, the convergence criterion is
based on the fractional range between tigadst value poindb and the lowest value point

of the simplex generated at each step.

(a) (b) (c) (d) (e) p
Initial

simplex one & ! multiple
dimensional contraction

contraction
high

Reflection Expansion

low
Figure 2-21: Downhill simplex steps. (a) the simplex at the beginning of the step, (b)

reflection, (c)expansion, (d) one dimensional contraction, (e) multiple contraction toward the
lowest point.

For each frame, theegistration is initializedusing the registerecosefrom the previous
frame. In this way, the registration process benefits from the tempoh@&rence of the
motion. The biomechanical constrainfaple 21) define a convex domain in the pospace
to which the simplex is constrained. This allosvseduction othe search spa¢®uhaddi, et
al., 1999)
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It is important to note that the size of the initial simplex is criticathe registration process.
An over small initial simplex can lead tthe methodgetting trapped in a local minimum,
while a very large initial simplemay causdossof temporal coherence apissibly a failure
to trackthe 3D posecorrectly(Figure2-23). Indeed, the redime constraint can only be met
with suboptimal rather than global optimization algorithmss,temporal coherere is a key
featurefor tracking in the highdimensionapose spacélhe next figureshowsthe variation of
the registration error with resped the size of initial simplextrom these experiments, we
found that a size ratio from 1.5 to Zllows goodracking.

—=—Size simplex factor 0.5 Y
26 — —-Size simplex factor 1.5 B 4 —
—e— Size simplex factor 3.0 . p

N
-
T

~
T

a
T

Residual error (Non overlapping ratio)
T

08 L
v sul

Frames

Figure 2-22: The dfect of increasing or reducing the initial size of the simpin our

registration processintil convergence.The abscissa is the frame number tie video

sequenceThe Hack line is the residual error dhe norroverlapping ratiausing a relatively
large size of simplex (factor = 3.0)he gay line gives the correspondingsidual error using
a relatively small simplex (factor = 0.5). Finallihe dash grayline use a maium-sized

simplex (factor=1.5)which provides smaller residual errors in our registration process.
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Figure 2-23. Regionbased registration until convergenassing different size of initial
simplex. First row: the input images of a video sequence. Second row: segmented regions
from input images. Third row: motion tracking results (projected model) using a small initial
simplex (factor = 0.5). Fourth row: motion tracking with a large initial simplagt¢i = 3.0).

Fifth row: motion tracking using a medium size simplex (factor = 1A5medium size
simplex providedettertrackingresultsbecausehe local search space respects nobosely

the temporal coherence of the motion.

2.5 Conclusions and Future Work

In this chapter, we have presented a brief summary of current technologies commonly used
for human motion capture. We exposed the importance of using computer vision based
techniques for motion capture. Then, we presented lagawuskve analysis of existing methods

for 3D motion capture by computer vision. Réale and norreattime, as well as single and
multi-cameras works are considered. Firstly, images features used for motion capture are
presented, and then we categorizestesal methods used for human pose estimation and
tracking from image features. Finally, several motion models used as priors are described.
The strengths and limitations thfesemethod are discussed

We have presented our baseline approach that tomsisegistering a 3D articulated model

of the upper human body on 2D video sequer{téerques Soares, et al., 200&)rst, we
described our uppdyody model formed by polygon meshes and the vector of parameters
used to reprent the 3D model poses. We described the biomechanical constraints used to
avoid impossible 3D pose configurations and the MRPBE&AP parameters used to animate a

3D avatar. After, we introduced our regibased registration that consists in matchingrcolo
regions from the image and the 3D model projection. The downhill simplex algorithm used
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for the optimization process is described briefly. Finally, we show some experiments to show
the importance of the size of the simplex in the pose tracking results.

In the next chapters, weresentthe methods proposed to attack thienitations and
disadvantagetund inour baseline approacBasically,a first disadvantagé the prototype
system previously developdarques Soares, et al004)is the absence & background
subtraction methothat allows working only with the region of interesaqtol) in the image.

A second disadvantage is the fact tfia@ 3D model cannot adapt automatically to the
morphology of the actoilhesedisadvantages limthe applicability of the system feeveral
users anddifferent environmentsIn a following step, wewill propose new method®
achieve a more accurate and robust tracking under limitedimeacomputationln this case,
exhaustiveexperiments must be done on several video sequences in order to hielate
accuracy and robustness achielsgaur proposea@lgorithms
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Chapter 3

Regionbasedvs.edgebased registration for
3D motion capture by
monocular vision

3.1 Introduction

In this chapterwe develop new algorithms e#nhancehe trackingperformanceof our base

line approachsection 2.4)First, we implementnew modules t@xtract the silhouette of the
user and automaticallgalibrate our3D model In order b improvethe accuracy of the pose
estimation, a new registratiastep that works by matching colahen edgesis proposed
Combiningthese featureallow usto achieve robustness and accuracy in 3D motion capture
limited by realtime computation. Combining color and edgeay be difficult as each
descriptor provides d#rent image information; moreover, edges eméch more localized
image featuresgiving improved accuracy but potentiallausing mismatches and errors in
the pose estimation process. The proposed algorithms typically require less computation than
the existing approachesmakingthem suitable for reatime usein consumer computers. An
careful experimental analysis validatethe proposed approaciwith respect tothese
challenges.

First, we briefly describe the modules implemented for our systeifhen, a robust
background subtraction algorithfor the extracton of the human silhouette is proposed.
After this, weintroduce our 2 steppproach based on matching color regions and edbes
experimental performance of each steptisdiedand wediscuss hw a balancéetween the
two stepghat makes the best use of timited computation resourse

3.2 mplementation of our approach

Our motion capture system is dividedtantwo main stages initialization and tracking.
Initialization refers to the process aitomaticallylearningthe appearancef the background
and the user, and the sizehi$ body andlimbs. During tracking we extract image features
from the input video sequence and estimate the 3D pose that best matohes ried time
(Marques Soares, et al., 200Fhepose data is used to animate a 3D avat a collaborative
virtual environment.

The initialization modules depicted Figure3-1 are brieflysummarized as follows
1 Background learning: images without the actor are collected to obtastaaistical
model of the empty scen&his will be usedduringtracking as a reference to extract
the human silhouette (section 3.4.1).
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1 Skin and clothes colorlearning: skin and clothes colosamples from the humaare
captured fronthe imageto generate atatistical Gaussiamodel for each coloclass
(section 2.4.41

1 3D human body model calibration: the sizes of theanodellimbs are adjustetb fit
the human in the imagsecton 3.3.

Learn
background

Learn the skin
and clothes color

Calibrate the 3D
human body model

Figure3-1: Initialization modulesof our 3D motion capture system

The trackingstage(Figure 3-2) consistsof two main processes running in parallel threads:
image processing (on the CPU) and 3D model processing (on the GPU).

The image processirtreadextractshe image features needed for tracking:

1 Silhouette By comparingthe imageswith the background model obtaineldiring
initialization, we estimate thsilhouette ofthe human in every input image (section
3.4.2).

1 Silhouette segmentation The human silhouette is segmented into three classes: face,
arms and clothesThe colorclass probability for each pixel is obtained using the
statistical model leaed in the initialization modulEsection 2.4.4.1)

1 Edge processirg: We compute a map of the distanftem each pixel to the nearest
boundary of thdauman in the image (section 3Lh

The second process (3D model processimgnipulates and rendefD model. In this
process, the 3D pose is estimated by 3D/2D regjstrbdased on matchingrage regionsind
edgesThe nodel processing modules as follows
9 3D model rendering: the 3D human body model is drawn in the 3D pose described
by the vector of joit angle parametetssing the model size parameters obtained in the
model calibration routinésection 2.4.2
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1 Regionbased registration. The 3D model is projected onto the image plane by
rendering the 3 classes lobdy segments in different coloffece, arms and clothes).
The correspondencéetweenthe projected modebhnd the segmented image is
evaluated using a matching cost functidr3D pose that minimizes thost function
Is estimated usinghe downhill simplex algorithm (Nelder, et al., 1965under
biomechanical constraints (section 2}4.4

1 Edgebased registration.This module uses edge information to improve the accuracy
of the pose estimated blyeregionbased registration step. The occluding edges of the
3D model are projectednto the distance map computed in the image processing
thread.The totaldistance between the occluding edges from the 3D model and the
edge from the image ihenminimized usingthe simplexalgorithm ((Nelder, et al.,
1965) (Marquardt, 1963)(section 3.5

1 Send BAP parameters.The resulting3D pose parameters are encoded as MBEG
BAPs Body Animation Parameteraind sent through a socket connection to animate
a 3D avatar in a virtual environment.

Extract
silhouette

Generate 3D
model

Segment color
regions

Region-based
registration

Edge-based
registration

Figure3-2: Realtime moduls of our 3D motion capture system

3.3 Automatic model calibration and pose initialization

The body models calibrated in ordeto make it similar to the actor captured in the video.
This can bedoneby adjusting theshape parameteftength, height andwidth) of each body
part of the 3D modelThe vector of joint angles —8 8— is also adjusted to make the
pose of the model similar to the pose of the actor ifitbeinput image. Tie mesh model is
projected and overlapped the actorin the first captured imagef the video sequencelhe
shapeof each bodysegmenis thenupdatedio maximize the overlapetween eacBegment

of the projected maal and the human in thmage(Figure3-3).
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Figure 3-3: Calibratingand initializing our 3D modelwith respectto the actor in thdirst
input image

We use the regichased matching algorithm to automatically calibrate the 3D model and
initialize the pos€Chen, et al., 2005)We assume that the first frame of the video sequence
contains the actan a posewith no selfocclusions of body part$igure3-3). The automatic
model calibration consistef three steps: model translation, pose alignment and shape
adjustment. We describe the proposed mebeow.

Model translation: let 0 o0 b b be aninitial guessof the translatiorof our 3D model
in world coordinateand letQ QHQ be the centroid of tWee acto
comput e t he 3D wor | d coordinates 0
Q "QRQRQ using homogeneous coordinat®sen the3D modelis superposedn the
actor by computing he di spl acement between the centroi
coordinatesd ®Mofd and t he cent r oiGhworlfcoordinatesact or 6s |

~ ~

W Q Oh @ Q Oh @ Q& (3.1)

The model global translatioty ~ "YHYRY is updated from the initial translatian with
respect to the displacemeni

'Y 6 wh Y o0 wh Y 0 (3.2)
Finally, we iteratively adjust the global translatiofthat corresponds to the distance between
the image plane and the 3D mod&s. the truedepthof the actoiis unknown, we use the non
overlapping ratio 4.6) to find the global translatioflY that best matches the segmented
image.

~

YOl Qa ey Y h O [ORNNe) (3.3)
where™Or] is the noroverlapping ratio measuffer the projectionof the 3D model in an
initial posery ,’'0 andO  are minimum and maximum distance between the image plane
and the 3D model in worldoordinates.

Pose alignment:we minimize the nowverlapping ratig(section 2.4.4.3py optimizing the
vector of joint angle® —8 8— until convergence.
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Shape adjustment:Let the vectori \ i A i be the scale parameters that
correspond to the shape of a body segniEm. scale parameters (length),i (height) and

{ (width) are applied to each vertex of a polygdbn 0 ) by the following
transformation:

o 2 | 1§
Dededxe 0 0 0 @Y T (3.4)
n 1 Y

Ose 0 d@ 4@ e are the scaled coordinates of a vertex that belongs to the same body
segment in our 3D modeNow consider the vectoi { f H A A A A A that
containsthe scale parameters ali eight body segments our 3D model. In total, we have a
vector of 24 shape parameters. Again, we minimize theonerapping ratio by optimizing

this

24-dimensional shape vector until convergence.

After finishing the three steps described above, we have a 3D model aligned and fitted to the
segmented human silhouette. These steps are done only one time at the first frame of a video
sequence, sthey donot represent a limitation for reaimne computton. In theFigure 3-4,

we show the results of the three steps described for automatic calibration of our 3D model.
We observe that although the initial translation of the 3D model is imprecise, the model is
fitted carectly to the segmented silhouette and ready for motion tracking.

Figure 3-4: Automatic model calibration: (a) segmented silhouette, (b) initial model
translation c) model aligned with the head, d) model aligned in depth direction, e) pose
alignment and f) shape adjustment.
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3.4 Background subtraction for extracting human
silhouette

Extracting the human silhouette allovesbe processed the motion captargy those regions
of the image that contatime subject of interest or actor. This heipsgnorestatic objects in
the background that aret of interest (walls, tables, windows, etc.).

Silhouettes can be extracted usalgackground subtractioalgorithm (Herrero, et b, 2009)
provided thathe appearance of the environment or background is differenttfranofthe

object of interest or foregroundihe kackground usually consists of still objects while, when
considering human pose estimation, the foreground is the person in the image. Background
subtractionmodelsthe appearance of the empty scene (background) usingwiselimage
features and compar#ss background model witthe featuresobservedat the same pixel of
theinput image where the object of interesig( human)may appea(Li, et al., 2004)(Guha,

et al., 2006) Featuredhat apear to have changed significantly #neesholdegdwith classical
postprocessing to output the human silhouegigion.

The naive approach to backgrousdbtraction assumethe temporal constancyf each
backgroundoixel intensity (or RGB colo}, with very little variationcaused by image noise.
However, in most practicalsituations temporal changes do occur due \ariations in
illumination (shadows, changinsunlight, etc.) Several works have experimented with
different color spaces to handleimination changes. Apart from using RGB intensity values
(Stauffer, et al., 1999yesearchers have experimented with normalized RRaBagios, et al.,
2001) HSV (McKenna, et al., 1999)YCrCb (El Baf, et al., 2008)etc. Some works obtain
performance improvements using image gradigrdased, et al., 2002 optical flow(Mittal,

et al., 2004)features. Some contributions also implement complex statistical modeling of
feature distributions (mixture of Gaussigfgauffer, et al., 1999PCA (Rymel, et al., 2004)
Hidden Markov Model¢Stenger, et al., 2001J o date, no algorithm or feature has proven to
be robust to all changing environment conditions or complex backgrounds. Mortdwyver,
computational cost ofomebackground subtréion algorithmsis quite high, makinghem
inappropriate for reaime work.

In this section, we proposeralatively simplereattime algorithm for background subtraction
in order to extract human silhouettender commoniighting variations.Two robust features
are combined: colochrominanceand gradientBoth features provide some robustness to
variations in lighting conditionsVe use the chrominance componenfsthe YCrCb color
space. The Yluminancg component is ignored for better robustness to lighting variations.
However chrominanceremainssomavhat sensitiveto illumination changegLiévin, et al.,
2004) In order togain robustness, we alsoclude gradientbased featres these features
exploit differential relatiorship within the neighborhood of each pixel and therefore they are
less sensitive to lightg changeg(Bernier, 2006) Both features arenodeled by Gaussian
densitieswhich describe the background scestatisticallytaking into account the variations
of the image features due to illumination changés finalforeground region is extractéy
applyingprobability thresholds and using morphological operators.

66



3.4.1 Learning the background model

The background model describes the variationthéappearance dbackgroundpixels that

are due to changes in the lighting conditions. We model the pixel variations uSaugsaian

law per feature at each pixel. Ror background images from a sequence of images indexed
by timet, we extract gradient orientations acftfominancedor each pixes = ¢fw . LetG =

"QAQ andC =& 1 & be the gradient vector amthrominancevector at pixels in the
referencebackground imag® i . The gradient vecto& at each pixel iobtainedusinga
Deriche filter (Deriche, 1990)pn the gray level background imagestofm G we derive the
gradientorientation—.

s~ oA sA

— AOA@AD (3.5)

C is the vector of chrominance components from the color space YCrCb. RGB conversion to
YCrCb is achieved with the OpenCV librafPpenCV, 201Q) From a sequence af
background images, we extract the gradient orientaticandchrominancevectorC for each

pixel s. Then we compute for each pixels, the mean and variance of thie gradient
orientatiors— andthe mean vector and covariance matrix oflthehrominance vectors

L (3.6)
V]
.3 ato— iy (3.7)
i P (3.8)
)
P s s 3.9
55 O t 6 (3.9)

From equations (3.4) to (3.7) we obtain the normal law describing the orientations of
gradients— and chrominancevectorsC at each pixek of the background model. Thus the
probabilities that gixel with gradient orientatior— andchrominancevectorC belongs to the
background moddd aredefined by the following Gaussian probability density functions:

n—w —=0 (3.10)

now —=0Q° (3.11)
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3.4.2Extracting the foreground silhouette

Using the learned background model, we extract the foreground object (the human silhouette)
from the scene by combining the gradient ahsbminanceeatures. The proposed algorithm
consists of five steps: 1)d&ureextraction, 2) featureombiration, 3) pixel classification and

4) foreground segmentation.

Extract Features

| Oriented
| Gradients

|

|

|

|| Combine Pixel Foreground
groun

—|-’ Features Classification_'Segmentation

Silhouette

Input image

Color
Chrominance

Background
Model

Figure3-5: Diagram of thgroposed background subtraction algorithm

The steps of our algorithnirigure3-5) areas follows

{1 Extract features. For eachinput RGB image’O , we extract the oriented gradient
features— i (equation 3.3) and thehrominancevector feature® i (from color
space YCrCb

T Combine features We compute a background probability pixel migp i from the
oriented gradients— i and a backgrouh probability pixel map) ¢ i from the
chrominancevectorsd i . Then, we combine the background probabilities from both
features into a mixed probability maps i by keepinghe maximumprobabilityas
a simple way to combine these different featurd&e consider the maximum
probability as the most stable feature.

Nne i 0D0dng i Mgl (3.12)

1 Pixel classification A binary mask’Oi of the pixels classified as foreground is
generated by thresholding ¢ i 8

1 Foreground segmentation. At this step,the foreground pixels masifOi may
contain noise and small regions other than the human silhouette. Therefore a post
processing is gpied to 'Oi in order toclean up the mask. First, we apply a
morphological opening to remove small regions or noise in the foregroaskl then
a morphological closing to fill small holes in the foreground.

3.4.3Background aubtraction results

We have tested thibackground subtraction algorithm on indoor video saeqes (office,
home, laboratoryetc.) exhibiting representative illumination sources with typical variations
(incandescent and fluorescent light bulbs, switching lights, natural sunlight variations,
shalows, etc.).
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We experimentally compared the performance of our algorithm twith other common
background subtraction methods. The first is a naive approachcahgtutesabsolute
differences of RGB pixel values betweethe input image (with foreground) and afeeence
background image. e difference arethresholded and poegrocessed with morphological
operators. The second method compared is an adaptive Gaussian mixture model (GMM) in
RGB channels proposed ifZivkovic, 2004) and (Zivkovic, et al., 2006) This method
automatically updatethe parameters of the GMM model in order to improve robustness to
shadows and illumination changes. In order to compare the #igerithmsthe same post
processing metho@norphological opening andosing)is used for all of them

Figure 3-6: An exampleof background subtractioim the case ofa sunlightvariation From
left to right: thereference background imageginput image respectively beforepjer row
and afterthe illumination changgthe foregroundextractedrespectivelybeforeand afterthe
illumination changaisingnaivedirect RGB comparisqrihen tle GMM-based approacand
finally our algorithm

Algorithm cpuU!

Naive RGB difference 0.11 ms
Gaussian Mixture Model 0.46 ms
Proposed algorithm 2.10 ms

Table3-1: The @mputation time of each background subtraction algorithrage size:
160x120

Figure 3-6 compareghe results of théhreebackground subtraction algoritlsnwhen facing

an abruptchange in lighting conditions due to sunlight variatifmeen a window. he first
row shovs the extracted silbuettes before the illuminatiochange while the second row,
show themafter the illumination change has occurred. Our background subtractmnithaiy
outperforms the other algorithms in terms of robustness to illumination chasgbe
foreground region is welpreservedvithout introducing spurious regions in the background
We also note that the silhouette extracted with the proposed algasitmore accurata the
sense thatt presentsfewer holes inside the foreground region. However in terms of
computation cost, our proposed algoritlermore expensive than the other t{Wable 3-1).

! Experiments were run on a CPU Intel Core 2 Extreme Q9300 @ 2.53 G2} (CPU
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This limitation can be overcome hysing the GPWo process and classify each pixel in
parallel.

3.5Edge-based registration

Our regionbased registration methedquires only a pagl overlapbetween coloredegions
in order to convergewards a 3D posthat isapproximately correctHowever, it is notery
accuratédecauseheboundaries of the segmented regions are often inaccurate

An example of thidimited accuracy is showed in tfigure 3-7, wherethe handsof the actor
overlapwhile the hands of the 3D model projecti@main separated after the completion of
the regiorbased registratioriThe £gmented regions do not provide enough information to
improve the accuracy of the 3D passthe limb borders are not visibie them

Figure 3-7: The imited accuracyof regionbased registration. The images are respectively:

the captured image, the segmented image and the projection of the registered 3D human body
modelafter optimization The pose of the 3D modelfiérs from the pose of the actor because

the regiorbased registration is natcurate

To improve theprecision ofregistration we propose a further ed¢pased registration step
This works by matching edges in the captured imtagieoccluding edgesf the 3D model
(Lu, et al., 2002)(Sminchisescu, et al., 2003jere, he initial 3D posed the pose output by
theregionbased registratiorzor each image, we compute a nggiying the distance between
each pixel of the image and the nearest edige. distance betweedhe edgesof the input
image and théoundary of the projecte8D model is minimized using the downhill simplex
method(Nelder, et al., 1965) The details arpresentedhn the following subsections.

3.5.1 Extracting edges from images

Edges are discontinuities in the captured image. In our case, they convey information about
the boundaries of the human boatydlimbs. We extract image edges usin®arichefilter

that can bemplementedwith a fast and recursive algorith(@eriche, 199Q) Edges are
extracted only inside the foreground silhouette. Fromettteactededges we compute a
chamfer distance transfor(Borgefors, 1998)which supplies each pixel of the image with a
value representing the distance to the nearest edge pixel of the capturedignaga-8).

70



Figure 3-8: Computinga distance map from captured imag&he images are respectively:
the captured image, the foreground silhouette, the edges extracted inside the silhouette and the
edgedistancemap

3.5.2 Extracting occluding edgedrom 3D model

The occluding edges dd 3D surfaceare the lines of the surface whetee observation
direction is tangent to the surfa¢eranco, et al., 2003Along these lines, the surface folds
behind itself, resulting in a discontinuity of the visible surface.

On a3D mesh,occluding edges can be found as the set ofiible edges that connect back
facing polygons to fronfacing polygonsRaskar, 2001)They can be extracted easily and
efficiently with the OpenGL ARIby rendering with culling based on the normal orientation
In a first step backvardstriangles and their edges are rendered with soamstantcolor
(different from the canvas background color). In a second $tepjnsde of frontwards
triangles igendered witlthe background color while baakardstrianglesare ignoredso only
the occluding edges remain highlighted in pinejectedmage(Figure3-9) (Baroud, 2007)

Figure3-9: Extractingoccluding edged.eft: the 3D modeis rendered witrsomeforeground
color (first step) Right: the inside offrontwardstrianglesis rendered withthe background
color andwith baclkwardsculling (second step).

3.5.3 Evaluating match between edges

For edgebased registration we calculate the mean distance between the projected occluding
edges of the model and thélges in the input video image. The mean edge distance is
computed by masking thabovedistance map with the projected binary image of the 3D
model occluding edge$idure 3-10), and summing:

(3.13)

o =
0

0§

whereO is the mean edge distand®, is the distance transform imagg,are the pixels in
the projected occluding edges of the 3D model. This function is minimized with the downhill
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simplex algorithm(Nelder, et al., 1965under biomechanical constrairds previously done
for the regionbased registration.

P

Input image Distance map

Mean Edge
Distance (D¢)

3D model Occluding edges

Figure 3-10: Evaluatingthe match between edgeshe nean distance between eddBg) is
obtainedby masking the distance map from the image with the occluding edges of the 3D
model in a candidate 3D pose.

3.5.4 Optimizing the match between edges

Our registration process basically consadtsinimizing, first non-overlapping ratipthenthe
mean edge distanceEdgebased registration improves the accuracy of the 3D pose by
matching the 3D model limbs with the image eddigsie 3-11).

It is important to note that eddgmsed registration requires an initializaticlose tothe
optimum because edge clutteads to many local minimée.g edges from clothing, textures,
noise) that make it difficult to recover the correct 3D poHeerefore, the regichased
registration should output a 3D pasewhich thebodyandlimbs areprojected close enough
to theedges of the subject in the image

Figure 3-11. Improving the registration accuracipy edgebased registration. The images in
eachcolumn are respectively: the input image, the 3D pose estimated by the -teged
registration stepandthe 3D pose estimation improved by the etlgeed registration stepn
the second and third columnbe occluding edges of the 3D model are superpasethe
input image. In the last column we obsethatthe distanceto thelimb edges are reduced,
providing more accurate pose estimation.
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Becausehe edgebased distance has multiple local minima, we reseéfully to constraint
the search space to miatonly the bodyandlimbs. Therefore, the initial simplex fée edge
based registrations usually the small simplex at final iteration of the regionbased
registration sothatthe edgebased registration stargearcing in a reduced spaaroundthe
3D poseestimatedby regionbasedmatching However, if the regionbased registration
reachesconvergence, the size of this simplex will tend to zemothls case we use a small
simplex sizeexperimentallyoptimized for edgebased registrationFigure 3-12 shows the
results. By examining the last columwof this figure we can see how the edbased
registration achiexemore accurate 3D pose estimation matchingthe correct edges of the
body limbs

Figure3-12. Edgebased registration after reducitige search space to tlsmplexoutputby

the regionbased registration. In each row, the images are respectively: the captured image
the edges extracted from the imagiee edgebased registratiomesult when using a large
fixed initial simplex and the edgbéased registratioresult when using thénal simplexof
theregionbasedstep

3.6 Performance experimentdor registration process

Iterative optimization irhigh dimensional spas@sually requires a largendvariable number
of iterationsto converge. Because we are interested inthes motion tracking we have to
limit the computation time and thus, the numben@ftions per image. Unfortunatelthis
will alsoincrease the residual error the registration proces$n eachimage of the video
sequence, the initial 3D pose is the final outfgagistration)of the previousmage Figure
3-13 andFigure 3-14 show limiting thenumber of iterationgeads to degraded pose estimates
in a video sequere.
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Region-based registration

T
i —— 500 iterations
e e 1—Convergence

Residual error (Non overlapping ratio)

500
Frames

Figure3-13: The effect of limiting thmumber of iterations on the residual erfordinates)f
our regio-based registrationThe abscissa is the frame numberainideo sequencelhe
black line is the noroverlapping ratio minimizedo convergence bythe regionbased
registration whilethe grayline is limited to 50 iterations whichis the maximumumber of
iterations permissible for retime computationWe see that limiting th@umber of iterations
usuallydegrades the posstimates

Edge-based registration
1

—— 500 iterations
— Convergence

Regidﬁél érror (ﬁean Ede ﬁistanne}
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Figure3-14: The effect of limiting thenumber of iterations on the residual erfordinates)f
our edgebased registratiostep The &@scissa is the frame number in thdeo sequencdhe
black line is themeanedge distanceninimizedto convergence bthe edgebased registration
while thegrayline is limited to 50 iterations.The examplemages showthat theoccluding
edges of the 3D model are matchédtken the optimizer is near tmnvergence.

The computatiortime of our prototype for 3D motion captusaries with the number of
iterations,the captured image sizthe processor speed (CPU) and the graphic card (GPU).
Table3-2 shows the coputation time on three hardwapkatformg with varying numbes of
iterations shared in our twateps registration proces&able 3-3 presents a comparison of the
computation tim&of our prototype for higher resolution images.

Forreal time trackig, the available computation time for eaapturedramemust be shared
between the two steps of the registration prodessthis reason, we experimentally analyzed
the performance (robustness and accuradyjur registratiorprocess by varying the nurer

of iterationsof eachregistration stp (regiorbased and edgegased), searchirfgr an optimal
balance between theverall performanceand computationtime of the combined method
(regionbased and edgeased).In the following subsections we present experimental
analysis ofthe registration performance (robustness and accurey)he computation time

% Platform 1: CPU Intel Core 2 Extreme Q9300 2.53 GHz with a GPU NVIDIA Quadro FX 3700M.
Platform 2: CPU Intel Pentium 4 3.6 GHz with a GPU NVIDIA Quadro FX 1400.
Platform 3: CPU Intel Pentium 4 3.0 GHz with a GPU NVIDIA GeForce 9600 GT.

¥ CPU Intel Core 2 Extreme Q9300 2.53 GHz with a GPU NVIDIA Quadro FX 3700M.
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and we discss how a balance can be found betwdka two stepsin the face oflimited
computatiomal resouces.

Number of Platform 1 Platform 2 Platform 3

iterations
40 20+ 3 ms 22+7ms 24+ 6 ms
100 31+5ms 367 ms 37+£6ms
200 46 £ 6 ms 58 + 7 ms 59+ 7 ms
300 62 + 8 ms 79+7ms 79+7ms
400 759 ms 877 ms 95+9 ms
500 93+10ms 101 +10 ms 114 + 10 ms

Table3-2: Computation time in milliseconds (average and standard deviation) with respect to
the number of iterations shared in our t8tep registration process tinree platforms. In
these experiments, 50% of the total number of iteratioakoisatecto each step.

Image Image Non- Mean edge Ratio
resolution processing overlapping distance(MED) (MED:NOR)
ratio (NOR)
160 x 120 66 ms 0.35 ms 0.37 ms 1.06ms
256 x256 137 ms 0.68 ms 0.56 ms 0.82ms
320 x 240 149 ms 0.78 ms 0.69 ms 0.88ms
480 x 480 482 ms 1.95 ms 1.52 ms 0.80ms
512 x 512 560 ms 2.24 ms 1.75ms 0.78ms
640 x 480 600 ms 2.58 ms 1.99 ms 0.77ms

Table 3-3: Mean computation timéor higher resolution images. Image processimgudes
the background subtraction atgbm, color segmentation, edgketection and the chamfer
distance transform. Theomputationtime is similar for each registration step (hon
overlapping ratio and mean edge distandée ratio indicates the relationship betwdba
computation times dhemean edge distance atienonoverlapping ratio.

3.6.1 Robustnessevaluation for real-time motion tracking

Our goal is totrack generalhuman gesturesfrom monocular imagesUnfortunately, the
inherent difficultiesof the problem(lack of depth informationbody partocclusions, fast
motions and noisyobservationsmay affect the performance of ouvegistration procesand
lead totracking failures (mistrackings)

Robustness is an important performamgetric for our motion capture systentere, we
define robustness as the ability thie systemto provide accurater approximateestimats
given some degree of noise presgehh the input data In addition, a robustystem has the
ability to recover quickly from mistrackings andholds up well under exceptional
circumstances or various attack strengile are interestedh measuringthe robustness of
ourtwo-step registration processderreattime computatioal constraints

In order toquantify the robustnesef our approachtrackedreal video sequences humans

performing a large varietyof gesturesFor each videosequencewe computedhe mean
residualerror of each evaluation function and also the numifemistracked framesvith
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varying numbers ofiterations in the registratioprocess.We used 6 video sequentes
showing various gestes with occlusions (e.g. armsossed), fastotions includingmotion
in the depthdirection Figure3-15) and a personot exactly facing the camera.

[ i A
Figure3-15: The video sequences used in our experiments. The video seg|lidtae left), 2

(top center), 3 (top right), 4 (bottom left), 5 (bottom center) @ngghottom right) contain
respectively 290, 1497,412 887, 1032 and 551 frames. The first three sequences include
various types of gestuseSequence 4 includes principalgestures when arms are crossing
each other. In sequence 5, the person isdiretctly facing the camera. The sequence 6
includes movements in which the person is turfitom side to side

3.6.1.1Experimental resultoon robustnessevaluation

We analyzedhe performaoe from 1 to 500 iteratiorsssuminghe computation time below
100 milliseconls (seeTable 3-2), thus allowingtracking at 10 Hz or more. In each
experiment, & sampled the residual value thfe nonroverlapping ratio andnean edge
distance.We compute the mean residual valwésghe noroverlapping ratiqf and the

mean residual of the mean edge distgncefor the wholevideo sequence ob frames:

(3.14)
P
L

i P 05 (3.15)
V)

A way of measuring the robustnes$ each registratiorstep isby couning the number of
failures for each experiment. We considerfakires orpoor registrationsll residualvalues
that areabove apred e f i ned t hr e s htlelevdluaton furttprdfahe oepidudl o r
value is largethan this we casider that the solution outphy the optimization algorithrto

*Thesevideo sequencesere captured using a Logitech QuickCarn BO00 webcam at
160 x 120 pixel resolution.
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be an fierroneous  r \AtpM. k the figures belowRigure 3-16, Figure 3-17, Figure 3-18
and Figure 3-19), we experimentalresultsfrom video sequenc® as it contairs the most
variedmovementandgesturesvith depth ambiguities and partial body occlusions

NON-OVERLAPPING RATIO (VIDEO SEQUENCE 2)

.5
r 4

1.3

28044 : o2
Edge-based 00 o Region-based
iterations iterations

Figure3-16: The nean residuagrror of the noroverlapping ratio (zaxis) with respect to the
numbes of iterations of the regicbased registration {axis) and of the edgeased
registration (yaxis) on video sequence 2. Experiments on video sequences 1, 3, 4, 5 and 6
showed similar restd.

MEAN EDGE DISTANCE (VIDEO SEQUENCE 2)

Edge-based -
iterations Region-based
iterations

Figure3-17: The nean residuaérror of the mean edge distancedgxis) with respect to the
number of iterations of the regidrased registration {axis) and the @¢gebased registration
(y-axis), on video sequence 2. Experiments on video sequences 1, 3, 4, 5 and 6 showed
similar results.
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NON-OVERLAPPING RATIO MISTRACKINGS (VIDEO SEQUENCE 2)

250

—jz00
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Figure3-18: The rumber ofmistrackinggor the nonoverlapping ratio (axis) withrespecto

the numbes of iterations of the regichased registration {axis) andthe edgebased
registration y-axis),on the video sequence 2. Experiments on video sequences 1, 3, 4,5 and 6
showed similar results.

MEAN EDGE DISTANCE MISTRACKINGS (VIDEO SEQUENCE 2)
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Figure3-19: The rumber ofmistrackingsfor mean edge distance-éxis) withrespecto the
numbes of iterations of the regichased registration {axis) and the @ggebased registration
(y-axis), on the video sequence 2. Experiments on video sequences 1, 8nd 65showed
similar results.
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3.6.1.2Experimental analysi©on robustnessn real-time

These experimental results (the 3D surfacebowedin the figuresaboveg, allow us to
understand th@erformanceand robustnes®f the regionbasedand edgebased registration

steps. Fronfigures 316 ard 317, we seethat the regionbased registration step reaches
convergncemore quicklythat the edgdasedone The figures3-18 and 319 show tle

relative instability (significantn u mb e r of Apeakso in -basedi dual
registration step comparedttee regionbasedne So we need to combine the robustness and
stability of the regiorbased registtaon with the accuracyof the edgebasedone

To achieverealtime results we needto limit the number of iterationas a function othe
computatioal power of the platformWe measuredhe maximumallowable number of
iterations experimentally for each platforifaple3-2). In order b achieverobustnes# reat
time, wemustgive priority to the stability of theegistration when the number itérations is
below 200 (found experimentally froffigure 3-18). Thus, in this caseall the iterationsare
executed by theegion based step. However, witee total number of iteratiorexceed<200,
the nunber of mistrackings itheregiontbased step registration becescomparativelysmall
(Figure 3-18), and we canincrease the accuracy of the registration ddpcating some
iterationsto the edgéasedstep Note that, Hhough theperformance variatiorfiures 3-16,
3-17, 318 and 319) was sinilar for all the videogested, the video sequenceFagire 3-15)
presented théargestnumber of failures (mistrackinggjue to the ambiguitiesaused by the
selfrotation motion othe subject

3.6.2 Accuracy evaluation for real-time motion tracking

In the previousectionwe analyzed thperformancef our twostep registration process with
respect to theesidual2D matchingerror andits numbes of mistrackingsin this section, we
analyzethe performance with respect tbe acuracy of the 3D pose estimatashieved in
reaktime.

Quantitative evaluation a8D accuracy requires video sequences with gretmith motion

data. Capturing real human motiaould requirecomplex and expensive equipnt. Instead,

we used a set of synthetic communicative gestacgiencefli, et al., 2009)generated using

the GRETA embodied conversatioradent(Hartmann, et al., 2005Each communicative
gesture consists of a sequence eARim (H-ANIM 1.1) skeletonjoint angles standardized

with MPEG-4 BAP (Taubin, 1998Rnimation parameters. In order to evaluate the accuracy of
our approach, synthie video sequences were generated by animating a 3D avatar using the
motion data fronthe GRETA databaseThe following figures FFigure 3-20 to Figure 3-23)

show the video sequeesusedin our experimental analysiEach video sequence contains
165 framesin each figure, the first row contains sample 2D images from the video sequence
that is tracked by our proposed algorithms while the second row showsdavioiew to
illustratethe degee of motion in depth presentthegesture.
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Figure3-20: Raising arms gestur@his gesturemostly involves fonto-parallel motions with

no-self body octusions There is littlerelative motion in depthSample images from the
video sequence are shown in the first row. The second row shdofs down view of the
same3D.

Figure 3-21: Joy gesture. This sequencentainsrelative motion in depth with some partial
self-occlusions (second image). Relatwéag motion is preserttetweernthethird and farth
images.

Figure 3-22: Exclaiming gesture. More relative motion ohepth is involved with uppearm
self occlusions (second image). Partial rotations of both arms are presented k&wveen
second and farth images.
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Figure3-23: Asking gesture. érward/backward motion in depthsgynificantin this gesture.
Fast movemernis presenbetweerthesecond and farth images.

3.6.2.1 Experimental results for accuracy evaluation

We tracled the motion in the synthetitddeo sequences using omethodandcompare, for
each frame, the pose estimated by approach with the true synthepose.

Note that thealifferentjoint angles do naall have the same importanfa the resulting pose,
so wedo not consider an error measure based on angieteal, we computethe pose
estimation error from the 3D distances between j¢Bétan, et al., 2005)s follows:

B m wa (3.16)
0

O G

where O afto is the average distance (in millimeters) betweleair articulatiors of the
estimatecpose and those éifie ground truth posey is the 3D coordinate of the articulation
& in the estimategposeandw is thecorrespondingoordinatdn the true pose.

As we aremainly interested in armrmotion, weincludedonly the I distances for the wrist
and elbow joints, which allows a better analysis of the pose estimation errorshéhan
distancs for all the joints of the 3D model.

Using theaboveerror measurewe performedan experimental analysi accuracyon the
GRETA sequencesAgain, we varied the number of iteratsorirom 1 to 500for each
registration ste@nd we computethe mean pose estimation error for all framesof the
video sequence

(3.17)

P i~ i

First, we evaluatd the 3D accuracy provided bmaintaining each registration stefo
convergencelrigure3-24, illustratesthat edge based registrationnseedmore accurate than
regionbased registration when iterating to convergehtmyever we also note that edge
based registration does raltvaysachieve better accuragyg in the case othe monocular
ambiguitiesn frames 70 to 905uch anbiguities will be addressed in the next chapter.
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3D pose estimation error (convergence)
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Region-based registration
Edge-based registration
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Frame number

Figure 3-24: The residual3D error achieved by each registration stepjoy gesturevideo
sequence. The Back line is theresidualerror (in mm)obtainedby running regionbased
registrationto convergencerlhe gayline is theresidualerrorobtainedoy runningedgebased
registrationto convergencelhe abscissa is the framember in the video sequencaverall,
edgebased registratiors more accurate thamgionbased registratiorilhe visual example
shows how the 3D accuracy is limited thye depth ambiguitpf monocular images. Ithis
example, an incorrect 3D pose (lemwow right side) gives @D projection (top row right
side) that correspondpproximatelyto the 3D pose of the synthesidevideo sequence (top
row left side)without corresponahg to thereal 3D configuration (lover row left side)

Obviously, the registration accurawyil be reduced by limiting the number of iterations for
reattime computation. Howevecomparativelyaccurateresultscan still be achieved with a
limited number of iterations by allocatitige iteraions appropriatelyto the regiorbased and
edgebased registration stepgigure 3-25). In this way, we benefit from theapid
convergence and robustness of regiased registration, aralso from the better precision
achieved byhefinal edgebased iterations.

31D pose estimation error (500 iterations)

T
—— Region-based

Edge-based

== Region-based + Edge-based

Error (mm)

20 40 60 80 100 120 140 160
Frame number

Figure3-25. Comparative8D accuracyfor methodiimited to 500 iteration# total Theblack

line shows theesidualerror (mm) after 500 iterationsf theregionbased registratiowhile

the gray line shows the erroafter 500 iterations of the eddpased registration. Thdashed
line is the error obtained whehe first 250 iterations arallocatedto the regiorbased step
and the reraining 250 iteration$o edgebased registration. Sharing the number of iterations
betweerthe tworegistration stepprovides more accurate pose estirmate

Given the results shownve need taletermine how the available computation time should
best be dilded between the regidmsed and the eddpmsed methods, in order to achieve the
best overall accuracy.
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To find the optimal number of iterations, vegain generate graphs showing the residual
accuracy of our registration process with respect to thebaurof iterations of each
registration stepHigure 3-26). These surfaces clearshow that 3D pose accuracy is not
systematicallymproved byaddingmore iterations. The reason is that the registration process
may find solutions that match the 2Dage observationwithout necessarily correspoimd

to the real 3D posdt cannotfully remove the ambiguities caused by the lack of depth
information in monocular images.

From Figure 3-26, we also note thahe 3D residual errobehaves differently for different

vi deo sequences. For e x agegtidréeyieldsthé lewesresiquale n c e 1
error val ues whigésere yiedethehighgat ermorcvaluesi The season is

t hat t hemsirage gigue@e@acontans more fronteparallel motion tharin-
depthmotion; hence there arewer ambiguous local minima in the pag®ce. Based on this
analysisdepthambiguityappears to be the main source of residual 3D error.
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Figure 3-26. The mean residual 3[@rrorin millimeters (z-axis) on the video sequencwith
respect to the numbeof iterations of the regicbased registration {axis) and edgéased
registration (yaxis). The surfaces correspond to the vide
(a), fAjoy gestureo (b), Aexclaiming gestureo

Instead of 30oints positions,the 2D positions of their projeans in the image plane allow
accuracyto be evaluatethdependently of the ambiguiti@s the depthdirection. Theresidual
2D errorof thearticulatiors can be obtained as follows:

B 0 A (3.18)

0 who _
U

where’O whw is the average distance (millimeter§ betweenthe 2D projectiors of the
articulatiors (wrists and elbowspf the estimatedposeand thae of the groundtruth pose
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Herew isthe D projectedcoordinate of articulation of the estimateghoseandw s that
of the true pose.

In order to find the optimal number of iterations for the region and-bdged registratian
we plot the residual 2D error with respect to the number of iteratibosated to each
registration step. These graphs are generated by comgegugtion 3.18on each sequence
(Figure3-27).
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Figure 3-27: Graphs of the mean residual Zror in millimeters (zaxis) for each video
sequencewith respect to the numbeeof iterations of the regicbased registration {axis)

and the edgbased registration {gxis). Theplotsc or r espond t o trdisshng vi deo
afimsgestureo (a), Ajoy gestureo (b)), fiTeex c | ai m
residual2D errordecreases witthe number of iterations for each sequence.

We note thatheerrors fort he fAr i si ng ar raster peeatde lessandtiordire c r e a
depth is involved; however the errors fik i as ki ng g e s slawly.eAso tlke cr e a s
number of error peaks is relataxthetype of motion. Officult motions .g selfocclusions,

fast motions, rotations) make the tracking more unstable because both registration steps may
become stuck in incorrect local minima
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3.6.2.2 Experimemal analysis for accuracy in reatime

In order to modelthe general behavior ahe residual 2D error, waveragedthe mean
residual 2D erraroverour set o# synthesizedideos(each sequence containing 165 frames)
(Figure3-20, Figure3-21, Figure3-22 andFigure 3-23) and fitted a quadratic polynomidly
regressiorusing least squares meth@hillips, 2010)

d 0 6w 0w Ow "@W Oww (3.19)

whereA, B, C, D, F, andG are the regression coefficients of the polynomial functieandw

are the numbers of iterationsspectivelyin regionbased and edggased registratia andd

is the mean residual 2D errdn this way, we get a polynomial model that describes the
averagebehavior of the 3D surfaceBigure3-28).
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Figure3-28: A quadratic polynonal fit to the mean residual 2D error-éxis) with respect to
the number ofegionbased (xaxis) and edgbased(y-axis) iterationsThe keft image shows
the polynomial surfaceThe right image is the samsurface from a towiew. The hghest
residual 2D errors are in the red regiahg lowestonesin the blue regions.

From Figure 3-28, we see once agathat low errors can & achieved byuccessive region
based and edgeased registration for large numbers of iterations. We need to respect the real
time constraintwhich can be expressed as an inequality on the numbers of iterations per
frame:

|l o w 7 (3.20)
where| and] are respectivelythe time required for a single iteration on regions and on
edges, and is the time available per frame. Obviously, usingoéthe available computation
time will providebetter results, so the minimal error will be achieved tiemationsnumbers
that satisfy

| o w 7 (3.22)

We search for the minimal erraraiy alongthis line.
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Figure 3-29: Finding the optimal numbeof iterationsfor a constant computation time. The
optimal number of iterations is the pointf hwy of the residual ermocurve(blue curve) that
is tangent to the straight line of constant computationfimveé t h angl e d.

This problem is now reformulated tlows:

Given some availableomputation timg , whatis thecoupleof numbes of iterations
ahw that belongs tohis group of pointsand that has thiewest residual err@r

Figure 3-29 illustrates thisproblem, the angle—is computedfrom the ratio between the
computation time of the mean edge distance and theowertapping ratio functions (ratios
for seveal image resolutions are shownTable3-3).

Thus given the polynomial model of residu@D errors Figure 3-28), we searctfor the
number of iterationsas iy with lowestresidual errors thatascomputation timeg.

From equatn (3.2), we define a new coordinate systedtl( by rotatingthe original
coordinate systenufw) through the angle-about the origin.
O | 61T h ® 1o |0 (3.22)

where| ®¢ 4+ andf OE 1. The realtime constraintbecome® . Substituting
this coordinate system ia (3.19 and we derive the rate of changedofvith respect tod
ato .

T—Uh) Frojlogqg? Og O ¢ O0cO fu (3.23)

¢gfr oo 0”7
Setting— "h) T yields the following equatioforvas a functi on of
oo | 61 6 ¢ O¢g1 00 O 7 (3.24)

g O ¢ O¢g 1 ™©

86



This givesthe optimal pointon the residual errdora gi ven ¢ o mp Rétaring o n
to the original coordinate systera() by rotatingthe coordinate systendifd) throughthe
angle —about the origin giveghe optimal curve describing the number of iterations
allocated to each registration step in order to obtain the best accuracytimeedhis curve

is shownin thefollowing.

MEAN RESIDUAL 2D ERROR (OPTIMAL CURVE)
' ] 41
[

' 40

I
I 37
| 36

Edge based iterations

100 150 200 250 300 350 400 450 500
Region based iterations

Figure 3-30: The gotimal curvefor the numbes of iterations allocated to each registration
stepfor the best accuracy in reiine. The abscissa is the number of iterations for region
basel registration and the ordinate the numberfor edgebased registrationThe optimal
curve (black line) is superposeaih the mean residual 2D error surface computed from
multiple video sequences.

The optimal curve shown in thggure3-30, showsthat, when large numbers of iterations are
permitted,the optimal pose estimation is achieved by combining repased and edgeased
registrations. Howevethe accuracy given by eddgeased registratiors advantageousnly
after a certain number of itdi@ns of regioAbased registration160. In fact, the results
obtainedare similar to the conclusions obtained in firevious experimental analysisf
robustress(section 3.6.} in order to obtain thenostaccurate and robust results in réaie,

we must give priority to the stability of tracking for the first iterations)y thenwe improve
theestimationaccuracy usingdgebased iterations.

By measuring thé andf computation time for a single iteration and using thesulting
optimal curve,we can adapt our motion captupeototypeto any host hardware platform,
finding the allocation of regionbased and edgdmased iterations that will achieve the best
results.

3.7 Conclusionsand Future Work

We have presentedraattime 3D human motiorcagure algorithmfor monoculay based on
registering a 3D adulated modeto color regionsand thento imageedges. The pose obur
3D humanupperbody model is controlledoy 3 global position parameters and 20 joint
angles. Oureagistrationmethoditeratively optimizing thenatch between primitives extracted
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from the model and the imagds/ varying the model position and joint anglesider
biomechanical constraints

Our methodis divided in two mainstages initialization and reatime tracking In the
initialization step, a statistical model of the backgrqubdsed onimage gradients and
chrominance valuess computedand colorsampleson the subjecareobtainedand modeled
probabilistically.The 3D model is alsoalibratel automaticallyandthe pose is initializedn

the realtime stage image primitives (regions and edgefspm the foreground (human
silhouette)are extracted for each captured imagetaed3D model iprojectednto the image
by renderingcolor and edges primitiveaccordirg to the pose described in the vector of
parametersOur registration processearchegor the best matching correspondence between
the model and imagerimitives using a regiofbased registration followed by an edggsed
registration step.The 3D pose timatedfor each frame isisedto animatea 3D avatarby
converting the vector of joint angledo MPEG-4 BAP parameters

We discussed and comparede tadvantages and limitationsf each registration step
combining themto achieverobust3D motiontrackingwith alimited number of iterationdn
particular regionbased registratioprovideshigh robushessbut lessaccurate resultsvhile
edgebased registrations capableto improve accuracy ofthe regiorbased resultWe
experimentallystudiedthe contribution of each registration steporder to find the best
compromise between robustness and accuracy with respect to the number of itéragons.
experiments were made ordeo sequenceascluding body occlusions, motion in depth, fast
motions and rotationsl he experimental results demonstréte efficiency ofthe combined
registration processfor robust and accurateeattime tracking Finally, we proposed an
experimental analysiso derive an optimaltradeoff betweenthe numbersof iterations
allocated to each registration stiEp the best accuracy in re@me. The resultingcurve is
applicable to a large variety of motion gestuasest is based othe mean residual errover
multiple video sequences

Although our approach can provide robust 3D motion tracking for a large variety of gestures
in reaktime, it is limited bythe ambiguites that are inherent tmonocular imagesThe méan
problem is the fact that @llows only me solution (3D posedo be propagated between
frames. h monocular imageshe problem is ambiguous becausaltiple solutiong3D pose
projectiong can match the same image primisv@ropagating raincorrectsolution usually
leads to motion mistrackingTemporal coherence and biomechanical constraints are not
enough to disambiguate such poses, so a more sophisticatéthg approach must be
adpted to address the ambiguities caused by the lack of depth informatide still
maintaining at the same time, ré@he motion tracking. Chapter 4 describes a-tipae
particle filter approach thatoes thisconsiderablyimproving the accuracy ofeattime 3D

pose estimation.
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Chapter 4

Real-Time Particle Filtering with Heuristics
for 3D Motion Capture by Monocular Vision

4.1 Introduction

As seen in the previous chapter, 3D motion capture by monocular visiobecaohieved
iteratively bylocal optimization ¢.g Downhill Simplexmethod(Nelder, et al., 196%Junder
biomechanical constraintslowever, the lack of depth information from monocular images
makes 3Dtrackingdifficult asforwards or backward@ motion in the direction of the camerm
difficult to recover

Unfortunately,estimatingonly one solution (3D pose) at each frawiféen fails correctlyto

track the human pose from monocular video sequences. For instance siwlwasedifferent
3D poses match the same image primgiffégure4-1), choosing the wrong posdétentraps

theregistration process someincorrect locaminimum (Figure4-2).

Figure4-1. Monocularobservation ambiguities: a) the input image, b) the segmented image,
c) a model projection that matches the segmented image, (d) and (e) are different 3D poses
thatbothmatchthe segmented imagesthey give the same model projection in (c).

3D ambiguites in monoscopic images can be handtedre effectivelyby propagating
multiple hypotheses or candidate poses from frame to frantBeirvideo sequence.h&
difficulty arises in finding, inthe high-dimensional and mukinodal pose space, the correct
setof hypotheses to be propagated given that the image obsesvat®musually noisy or
incomplete. Asin many reaiworld signal processing problems, estimating human motion
from image observations can be regarded poblem of estimating the state of antinear
dynamical gstem over time. &uential Monte Carlo methods (SMC), also known as patrticle
filtering approaches, provide a flexible and potentially powerful framework to estimate the
behavior of such nonlinear systems. Nowadagstiqgle filtering iswell known as a robust
approach for humamotion tracking by vision, at the cost of heavy computatiotihénhigh
dimensional pose space

In this chapter, we proposa anhancement adfie classical particle filter algorithm to achieve
reattime 3D motion capture by monocular vision. The proposed algorithm alldes
observation ambiguitieef monocular imageso be dealt with undereattime computation
constrains. A number of heuristics for the particle filter approask proposed tamprove
both therobustness andhe accuracyof 3D motion capture using Bmited number of
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hypotheses or particles. The algorithm is accelerated by harnessing the computation power of
recent graphic cards (GPU).

Figure 4-2. A video sequence showing motion in depth tracked with local optimization
method The images in each row are respectivélg input image, the segmented image, the
projection of the 3D model after regiomatching with local optimization (regidmased

regstration), anda top-down viewof the 3D model showing the incorrect 3D pose. Local
optimization failed tacorrectlytrack motiors in the depth direction
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The chapter is structured as follows. In the next section (4.2), we review some fundamental
conceps of the particle filter approach. Then, in section 4& discuss some improvements
over the stat®f-the-art for 3D motion captureSection 4.4describs in detail our proposed
particle filteringapproach with heuristics f&D motion captureand our G implementation

to accelerate the evaluation of particles.section 4.4we report comparative experimental
results showing the contribution of each heuristic proposed tovll particle filter. The
gain of robustness and accuracy achieved by mpgsed reatime heuristicparticle filter is
evaluated experimentally on sevesabjuences diuman gestures containing motion in depth,
occlusions, fast motions and rotatioris. section 4.5, e performance of the proposed
algorithm is evaluated qualitively and quantitatively on various reaideo sequences
Finally, our conclusions are discussed in section 4.6.

4.2 Particle filtering approach

Many realworld problems involve estimating unknown states or quantities of a dynamical
system from data observations. When prior kndg#e is available, the estimatean be
inferred by computing a posterior probabilipver the unkown states.The posterior
distributionis foundusing Bayes theorem to combine fr@r probabilitywith the likelihood

of the particular statew given data observatiain. Unfortunately, real data can be very
complex, involving nodinear, nonGausian and higkdimensional elements, in which the
estimatescannot be computed accuratetyclosed form



Particle filtering methods also known as Sequential Monte Carlo (SMC) provide a
convenient anattractive approach to estimationcomplex dynamia systemsusing Monte
Carlo samples( garticle® .) They aimto estmate the sequence of hidden parameters

@4MQ pMB M based only on the observed daaquenced (MQ pMB My . They

representhe posterior densitiess clouds of samples and hence can déal nonGaussian

noise They arealso flexible, parallelizable and easy to adaptdifferent domains (signal
processing, telecommunications, economics, biology, chemistry, etc.). In the following
subsections, weeascribe the fundamental concepts of particle filters and the steps necessary
to implement the generic particle filtering approach.

4.2.1 Problem statement (Bayesian filtering)

Consider the problem of determining a sequence of states ovebtimh@ dynamical system
given some noisy observatiogds Assuming that the dynamicaystem can be defined in a
state space model by a Markov process, therefore the dynamics of theostatas be
described with the following equations:

® Qo (4.1)
a Qofe (4.2)

where"QO represent a function that describes the transition between sequential states with a
noise termo . At each timed, the hidden statev produces a new observatian QJ is a
possibly nodinear transition function with neGaussian noise .

This problem, also known as tBayesian filtering problemcan be solved by computing the
probability density functiom] wSx 4 of the current statér given the sequence of all the
measurements 4. In order to computg w4 , we can use a recursive Bayesian solution
that consists in two stepsredictionandupdate

Assuming that the previous postenp i is known, the prediction step can be
computed as follows:

o s L : '~ 4.3
nwdg nwwWw now g Qow (43)

The update step is computed by the following equation:
NaW N ORg (4.4)

n oy — —
©onaw APy Qb

Unfortunately, equations (4.3) and (4.4) cannot be computed in practice for nonlinear and

nonGaussian cases since they require the evaluation of complexiimghsional integrals,

which are impossible to solve analytically. Therefore, a method to appattecithe recursive

Bayesian solution is required.
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4.2.2 Principles of particle filtering

From the late 1980s, the great increase in computational power made possible major advances
to address the problem of Bayesian filterifigtagawa, 1987)(Geweke, 1989)(Mueller,

1991) One solution that has drawn recently attention is the use of Sequential Monte Carlo
(SMC) methods or Particle filters. Basically, these methods work on the assouriatt the
posterior density) w4 of a dynamical system can be approximated using a large set of

0 random samples, also named partictes , with associated likelihood

weights 0

(4.5)
oy 01 o

In the equation above, each particle represents a state of the dynamical system, and each
weight0  is an associated normalized factor, which likelihood is computed from some
measurement observatian The tern w describes the deHairac mass located i .

Particle filtering involvesmportance samplingGeweke, 1989vhere( random samples are
generated from a proposal distributiproSd hx . Each samples is associated with a

weight 0 proportional to the value of the current observation densily @ . The true

posterior density] w4 is approximated with the weighted set of particles 31)
at each time steg-{gure4-3) in asequential importanceampling (SIS§cheme.

Posteriordensity P(x, | z,,)

A Posterior density
Weighted particle O

4 » Particle space

oocs 000 o0 5@ W

27t =l
Figure4-3: A weighted set of particles representing the true posterior density. The abscissa
axis corresponds to the particle spacg The particless 4 are represented as circles which
size is the likelihooaf 04 (Isard, et al., 1998).

The degeneracyoccurs when only one particle has non zero importance weight.
Unfortunately, after few time steps, the particles wédgeneratdbecause the unconditional
variance of the importance weights increases over (Rigtic, et al.,2004) Consequently,
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particlesfail to represent correctly the posterior densitiis can be avoided by propagating
the set of particles usingrasamplingstep.The key idea of this step is to eliminate particles
with low importance weights)  and multiply particles having high importance weights.
The most popularesamplingstep was introduced in thmotstrap filteralgorithm(Gordon, et

al., 1993) it consists basically in resampling (with replaceménparticles w from a
particle set @ according to the importance weights . The likelihood weights

of the new set are updated to a uniform vaélue —1Q pfB ). The new set & IS

propagated to thaeext time stepd p) representing an improved approximation of the true
posterior density w4 .

In the next subsection, we describe the basic particle filtering algorithm based on the
principles discussed here. More detailed theoretical conaegtsariants of particle filtering
can be found iiDoucet, et al., 2001)

4.2.3CONDENSATION algorithm

Sequential Monte Carlo methods (SMC) have been applied to a wide range of complex
applications sincehey do not require any assumptions about the probability distributions of
the data The CONDENSATION algorithm (Conditional Density Propagatiofi3ard, et al.,

1998) also known asequential importance resampling a commonly used particle filtering
algorithm. The sampling iterative strategy is based onbtiastrap filter(Gordon, et al.,
1993) The CONDENSATIONalgorithm was originally applied to track the contour of
objects moving in a cluttered environment. It is very flexible and can be easily imptbved.
consists of the towing three steps:

1 Resampling resample (with replacement) a new particle sat from the
weighted set o M . The probability of selecting each particle is
proportional to its weighd

1 Prediction: generate from the particle set w according to a
stochastic diffusion modeb W - where d is a vector
random variables. In this way, the new seat accounts for thencertainty in the

behavior of the tracked object.

1 Measurement: evaluate the new particles w based on observations
O ©1f aw . Then, normalize the weighted particle sefo so that
B 0 p and computethe cumulative probabilities. The resulted weighted

particles represent the new posterior density of the system current state.
Each time thatl samples have been obtained, the current state can be estimated by

computing the mean state ofv or by selecting the particle with the highest weight

(maximum a posteriori)In the next figure, a diagram representation of the three steps is
showed.
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Figure 4-4. One timestep of theCONDENSATION algorithm (Isard, et al., 1998) Each
circle represents a particle which size correspond tweéight. Paiitles are propagated in
time by three steps: resampling, prediction and measurement.

The three steps of thEONDENSATION algorithm are applied to each tirsgep. The
algorithm is designed to conserve the same number of particles, thus erswangtant
computationtime. Note that each sampdet of the current posterior density is derived from
the sample set representatiof the previous posterior wx , which is approximated

by & . In this way, particles can explore multimodal posterior distributions
dealing with nonlinear dynamic behaviors.
One of the properties dEONDENSATION algorithm is its simplicity and generality. The

three steps can be easily adapted and modified. Increasing the number of padildes to
a more accurate representatioritef posterior density w4 .
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4.3 Particle filtering for 3D motion capture

Particle filtering has been widely used in the computer vision community. These approaches
usually proviee very efficient results for reéiime tracking in lowdimensional space®.g

object tracking’Yang, et al., 2005)ontour trackingLi, et al., 2003). Unfortunately, particle

filter algorithms becomeinefficient in highdimensionalspaces because the number of
particles increasesxponentially with the number of dimensions.

The problem for 3D motion capture the highdimensionality of the configuratiospaceof
the 3D human poses (usually -80 degrees of freedomas well asthe increasing
computational cosinvolved to evaluate all these particles (candidate pod&s3Cormick
and Isard(2000) proposed an interesting measure of the effective number of particles with
respect to the number of dimensions that is given by the following expression:

5o (4.6)

In the equation abovej represents the number of particles requiif@ds the number of
dimensionsO is a constant that represents the minimum acceptable survival diagnostic for
successful tracking in a configuration spacds another constant representing the survival
rate of a given particle set. More detaileglanation about these constants can be found in
(MacCormick, et al., 2000From this equation, it is clear that wh@is large, the number of
particlesi and consequently the computational cost becomes intractable.

In a 3D pose configuration space, the likelihood function is usually smdtlal, ill
conditioned and highly nonlinea©bservation likelihoods based on visual primitives (e.g.
color, edges, textures, etc.) do not provide enough information to find the glakiahum of

the likelihoodfunction due to ambiguities of monocular imagesthese cases, the vicinity of

the global maximum is expected to give good pose estimations. In order to avoid
mistrackings, the particles must be diffused by the dynamical naisdi¢pon step), thus
producing samples that cover correctly, at each-staep, the principal modes or peaks of the
likelihood function. However, particles tend to cluster themselves on a very small area
(sample impoverishmen(King, et al., 200Q)mistrackings may occur as different modes can
belong to 3D configurations that may be far away from the solutions given by the previous
posterior. Moreover, new secondary modes can emerge at each time step, making it difficult
to find them if the sampling was not dense enough. Other difficulties include the self
occlusions of body parts, and noisy observations which introduce uncertainty in the 3D pose
estimation.

Despite the complexity of the problem of 3D motion capture, difteserategies have been
proposed to the patrticle filtering approach in order to face thediighnsionality and the
multi-modality of the pose space. The goal of these strategies is to sample the pose space
more effectively by incorporating different elents and assumptions such as motion
constraints, local optimization, hierarchy of body parts, analytical inference etc. In the
following subsections, some of these strategies will be discussed.
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4.3.1 Search space decomposition

This strategy consists in dividing the high dimensional space into severadirnmmsional
subspaces inrder to reduce the number of particles required. Each subspace corresponds to a
specific body part or limb that has an appropriate weighting function and isolated dynamics.

Partitioned samplingMacCormick, et al., 2000)s one of the first strategies proposed for
tracking articulated body models, it is based on the assumption that the configuration space is
partitioned aso ®w 8 ®, the dynamics ad) Q28 z"Q and having weighting
functionsb h) B 0 . In this way, each dynami€ is a Gaussian diffusion acting on the

appropriate partitiono and each) is peaked in the same region as the posterior restricted
tow. Each partitioned configuratiah has an observation densify® g0 . In this way, a
CONDENSATION algorithm Figure4-4) is associated to each partitian of the space with

independent weighting functiods . As a result, the required number of particles is reduced
because ofhie state space decompositions

Several workg¢Bernier, et al., 2006)Sigal, et al., 2004have adopted a partitioned sampling
strategy but taking into account the true hierarchy of the human body in order to increase
efficiency of the estimation of different body parts. One of the first contributions was
proposed iMitchelson, et al., 2003)hey proposed a hierarchical sampling scheme in which
they divided the parameters into two layers: the layer A contained the location and orientation
of the torso and the layer B comprises the orientation of left arm, rightleft leg and right

leg. In this way, layer A is first sampled independently and weighted to estimate the location
and orientation of the body torso. Then, layer B is sampled using the estimation of layer A in
order to refine the estimation of arms aegd.

In addition, the search space can be constrained more accurately by taking into account the

proximity between limbs anthetemporal coherence. In the works(8igal, et al., 2004and

(Noriega, et al., 2007) the articulated body model is represented as a factor graph with

limbs represented by nodes and links corresponding to articulations. The marginal

probabilities of the limbs states are obtained using belief propagation. Given @ Vintl a

configuration statév and image observations, the joint probability of the posterior density

can be decomposed as a product of pathbabilities o, the time interaction

factors’Y @ f , and the interaction factooff the set of linkib et ween | i mbs O
® o . The joint probability for all thé limbs becomes:

A o o ] & Fo Y 6 Foo 4.7)

h

The efficiency of partitioning strategies can be affected byaliusions of body parts that
make independent limb location very difficuland consequently, weighting function
inaccuratgBernier, et al., 2006)
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4.3.2Annealed sampling

A modified particle filter algorithm, termed annealed particle filtering, was proposed by
Deutscher et alDeutscher, et al., 2000It uses a principle based on a variant of simulated
annealing(Kirkpatrick, et al., 1982)to gradually migrate the particles toward the global
maxima of the posterior density. In this approach, a seri€s lafyers is employed, in each
layer a modified weighting functio @t is used to sharpen gradually th&elihood
approximation. The weighting functiop dhe is modified by the following equation:

NG 1 of (4.8)

for | f E 1 , the first layer is initialized with the minimum valje and
progressively increases urtil  p in the last layer. In this way, the function &hw is
designed to cover the overall modes of the search spaceiyhilieo is highly sharpened,
emphasizing likelihood observations. The Setf N weighted particles after each layerof
an annaling run is represented by:

Y (bﬁ 2 F 8 (bﬁ ) B (4.9)

wherewy andv j is a configuration state and its associated weight at a timet siegh
layer m. For each particley , the weight 0  is assigned with the observation
likelihoodV  © n  &ahby . After the weights are computed in a layar particles are

resampled fromYj with replacement with a probability equal to their weight . Then, a

new setY;, is generated with random Gaussian noise with zero mean and a covariance
decreasing at each time stefThe sety;; is used to initialize layak p. The process is
repeated until arriving to the s& where we can find the optimal configtiom @ by
computing the posterior mean. Finally, a new %€t ; is generated (using random Gaussian
noise) from the final layer séf;, . The new setY j is used to initialize laye¥ of the next

time step p. In the next figure, a dgram shows a set of particles migrating gradually
toward the global maximum of the posterior in a milalfiered search.

m=3 m=1
Le] (=] (=] @ @ (=] (=R I B =R = ]
|
o o o =] [+] o ea D00 e
m=2 m=0
@ 9 90 00 O Soo0 00
e o @ 00 o oe0D ao

Figure 4-5. Annealed particle filtering using 3 layeiBarticles (circles) migrate gradually
toward the global maximum by sharpening the posterior (curves) at each |&peutacher,
et al., 2000)
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Annealed particle filtering (APFchieves a reduction of the number of particles by over a
factor of 10 compared t€ONDENSATION algorithm. The main advantage of APF is its
generality since it avoids strong assumptions on the search space or motion constraints.
Annealed sampling has bethre basis of various robust human body trackers ititdrature
(Fontmarty, et al., 2007jRaskin, et al., 2008)

A drawback of annealed sampling is the difficulty of tuning correctly theofaedanealing
according to the number of layers. If the rate of annealing is too high the influence of local
maxima will distort the estimation of the pose configuration. If the rate is too low, the
estimation will not be determined with enough resolut A method for tuning  with
respect to the survival rate after each annealing run is propo@eedutscher, et al., 2000)

4.3.3 Stochastic sampling with local optimization

Another strategy consists in guiding the particles toward the multiple modes of the posterior
densityby refining each particle using some local optimization method. The basic idea is to
obtain the principal modes of the likelihood and thus, a more accurate representation of the
posterior with less number of samples. One of the first contributions wassgbpy(Cham,

et al., 1999) They represented the probability density as a séi aiodes modeling the
neighborhood surrounding each mode with a Gaussian and a covariance. Given B set of
modes where th&€&@Gmode has atated , an estimated covarianéand a probability) . A
configurationwin the statespace of human poses is determined by the Gaussian component
providing the largest contribution:

16 WoHOy N0OALe & Y 0§ (4.10)

where™Qis a normalization constant. &ach time step, new hypotheses are sampled (with
random Gaussian noise) from the posterior densitiNahodes) wsw . Then, each
hypothesis is refined through differential local search in order torotita new modes of the
current likelihoody w<w . In this way, the Gaussian covariances are obtained from the fitted
optima and the search region is controlled by adding a large dynamical noise.

Sminchisescu & Trigg$2001)adopted a similar idea with a more sophisticated approach to
deal with the uncertainties of unobservable 3D motion; the posterior distribution is
represented as sets of separate madesith probabilitycw, meant and covariance . They
separated each mode by running local continuous optimization to convergeaceodes are
propagated at each timeand new samplem are generated from each made Then, new
samples are refined with local optimization to obtasfif h  for each new mode.
Redundant samples converging to the same minimum are pioredach new mode found,
the covariance is eigendecomposed and inflated along highly uncertain directions that
correspond to the unobservable motion in depth. In thig e search space is more adapted
to the cost function imperfections and 3D nonlinearities caused by monocular ambiguities.

The main advantage of these strategies is the fact that they allow to address the problem of
multimodality directly, while the se of modes eliminates the need for a large number of
particles required to sample densely the high dimensional space. In addition, inflating the
covariances of the modes allows defining a weltrolled sampling. However, the
computational cost requireth the sample refinement process to find the modes can be
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prohibitive for realtime computation since local optimization is necessary for each sample
(particle).

4.3.4 Analytical inference

Particle filter can be combined with analytical inference to reduce the degraedoimness

of Monte-Carlo simulations. The main idea is to estimatalytically €.g using inverse
kinematics) new vector parameters or new particles using some partial image observations
and kinematic model assumptions. The analytical inference allows improving the state
estimation using a smaller number of particleshigh-dimensional search.

Several authors have adopted analytic strategies to compute new particles from image
observationsLee et al(Lee, et al., 2002)roposech framework that consists in decomposing

the pose configuration statd in two partso G hw . The statew depends on the
observatiortt , while @ depends partially on the observatipnand the statey . Assuming

that @ can be computed analytically by a function Q& hofo Fo  , then the
estimation of the posterior density becomes:

Nohog Mo MR *hawmb fow b (4.11)

From the equation above, we can note that the simulatigneo ho  is not required
since ® can be computed analytically fro@d fo o o . In this way, the Monte
Carlo sampling is only applied to the sub vecbtorreducing the number of particles required
to estimate the full configuration stabe

Sminchisescu & Triggg2003)used kinematic principles to compute new 3D configurations
that give the same projection in the image plane. The idea is to generate new particles to deal
with unobservable forwarbbackward ambiguities in monocular images. In their probabilistic
approab, a set of sample¥is generated from the posterior dengjtgp 0, then they
select a kinematic sub chaie.§ left arm)0 based on local uncertainties of the posterior. For
each samplée, an interpretation tree is created, which aorg the alternative ambiguous
configurations corresponding to the sub chainThe list of angles of each alternative
configuration is computed analytically and a new set of samples for each subdchsin
added to the samples previously generatechfthe posterior. In this way, the new set of
samples computed analytically allows to investigate efficiently alternative local minima in the
posterior density.

Analytic inference is a very efficient technique to improve the search indmgénsional
spaces since it is possible to locate good local minima deterministically. In addition, the
computational cost to compute new 3D poses with kinematic inverse is relatively low
compared to sampling densely the posterior using MGardo simulation. Howevegnalytic
inference requires reliable image features and accurate body part detectors, which is not
always possible in real video sequences.

99



4.3.5 Deterministic sampling

This strategy consists in exploring deterministically the posterior density by reconfiguging t
particles search space in a determinigta&yy. The aim is taontrol the search by explicitly
defining the parameter space to sample, thus reducing the randomness ofClsitmte
simulation.

Saboune & Charpille€2005) proposed a prediction step in a particle filter framework that
consists in combining stochastic with deterministic search. Sampling consistsoimposing

the particle statav in 2 vectors. The first vectdr contains thex most interesting (difficulto
track) dimensions while the secoRdcover the other dimensions. From vedigra grid of
sample posekis generated by samplirdgeterministicallythe states space at regular intervals
in the neighborhood df. Inthis way, the vectoL is replaced by multidimensionagrid of
samplel vectors explicitly covering all the possible values of thdimensions ofL. As a
result, each particle will be updated and replaced | bgeighbor particles generated
deterministically Figure4-6). The vector R is then updated by adding some dynamical noise.
The number of particles increasesthgnumberof sample posels All particles generated are
evaluatedaccording to observationp < and the heaviest particles are propagated. This
simple technigue allows creating a more reliable search space than using only stochastic
sampling of the original CONDENSATION algorithm (Isard, et al., 1998) However
increafng in the number of particles resultsatomputational coghat istoo heavy forreal

time.

Particles

oooo| [cooo]| [cooo 0000 Risiibor
0000| |0000| [0000 0000 particles

Figure4-6: Deterministic sampling. Particleseupdated and replaced by neighbor particles
that samplgossiblestates in a neighborhood around the current particles
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4.4 Our real-time particle filtering approach for 3D motion
capture by monocular vision

In this section, we describe our particle filter approach for 3D motion capture by monocular
vision in reaitime. The main idea is heuristically guiding the paric{8D poses) toward

local minimums of the posterior to achieve a more robust tracking with relatively small
number particles. Basically, we implemented some modifications to the original
CONDENSATION approactiflsard, et al., 1998n order to search more efficiently in the
high-dimensional pose space by combining several search strategies for 3D motion capture
(section 4.3).

In our particle filter implementation, a robust likelihood function is built using our region
based ad edgebased registrations to evaluate particles efficiently combining different visual
cues. A new state space based in-effiector position is proposed to deal with uncertain
motion in depth.

The heuristics proposed allows dealing with the problemrdfiguities in monocular images
while facing reatime computation. First, weleterministically resample thprobability
distribution for amore efficient selection ofgsticles. Second, we use a determinipacticle
prediction basedrolocal optimization Third, wesearch the higldlimensionalspace of 3D
poses by generatimgew hypotheses (or partic)esith equivalent 2D projection by kinematic
flipping (Sminchisescu, et al., 2003inally, reaitime computation with a high maber of
particles is achieved with parallel implementation on GPU of the particle evaluation.

This section is structured as follows. First, we describe the basic details of our particle filter
implementation for 3D motion capture. Then, we introduce gheposed heuristics or
modifications to the standard particle filter approach (CONDENSATION). Next, we address
particle filter acceleration on GPU and finally, the steps of ourti@al particle filter with
heuristics will be described.

4.4.1 Basidetails of our particle filter

We describe the basic details of our particle filter approach for 3D motion capture, reusing
some concepts alreadiescribed in previous chapter. In other words, we turn our proposed
registration process (chapter 3) into a pardiitering framework, so multiple hypotheses are
kept from frame to frame. This section describes the basic details of implementingle parti
filler (CONDENSATION) Figure 4-4) for 3D motion capture. First, a particle state is
defined, then we introduce the likelihood function used tduet@ the particles, finally we
describe how particles are randomly diffused in the high dimensional space.

4.4.1.1 Definition of a particle state

A partide or samplay at timet is a vector of 20 joint angle parameters —8 — that
corresponds to the 20 degrees of freedom of our 3D tjmambr model. In this way, each
particle describes a candidate 3D pose of our model (Figdye 4
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Figure 4-7. A particle state(')nli representsa candidate 3D pose in our particle filter
framework.

4.4.1.2 Evaluation of particles

Particles are evaluatextcording toa matchingneasurebetween the features extracted from
the captured image anfdom the 3D modelin the previous chapter, our experimental analysis
showed that regicbased registration provides robust tracking while dulged registration

provides more accurate pose estimation. Thasveight0 © 1 a @ of each particle is

defined by ombining regiorbased and edgeased measurements using the following
likelihood function.

o o
g ° QN —— Qal — (4.12)

where™On is the noroverlapping ratio meaure as described in equation5)2.0 is the

mean edge diahce described in equation (3)13he ranges, and, are the standard
deviations that express the average variability of theawemlapping ratio and the mean edge
distance respectively on a full video sequence. The stamtasidtions ( and, ) were
obtained experimentally from several video sequences with various gestures. The observation
measurement®O©r; andO are assumed to be mutually independent since the observation of
the one does not affect the othehu$ particles best matched for both primitives (region and
edges) will have the highest probability to survive.

Segmented image Distance map

Input image

Particle state Model projection Occluding edges

Figure4-8: Particle evaluation according to regions and edigegeobservationsk(q) is the
nonoverlapping ratiand D¢ is the mean edge distanc&tching measurdParticles that are
matched to both primitivesill have highesprobabilityweights.
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4.4.1.3 Random diffusion of particles
Particles are scatterethndomly over the 2@dimensional space by applying, to each
particlew , a scaled random Gaussian noise using the following equation:

W ® YR O W 0 (4.13)

where @ is the original particle state an@ is the new particle state after random
diffusion.—is a 26dimensional vector of Gaussian random variables with variance according
to the maximum variation from frame to frame of each joint arglgQ pIB It 'Yis a

scale factor that controls@éhamount of diffusion applied to each partiele . Thus a large

scale factor allows sampling broadly in the state space while a small scale factor provides a
narrow sampling. 6 and 0 are biomechanical constrain(3able 2-1) usedto
invalidate particles or 3D poses that are not kinematically feasible (biomechanidahiotés
described in section 2.4.1

§ =05 S =30

000000 o000 0

I PIANNNS
/\/\/\/\ /\/\/\/\

Figure 4-9: Random diffusion of particlefircles)controlled by a scale factof relatively

small scale factor (left side) allows the particles to cover small regions of the posterior density
(curve), while a relatively large scale factor (right side) allows a broader sampling in the
posteriordensity.
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4.4.2 Heuristics proposed and experimental analysis

In this section we describe the heuristics proposed for the particle filtering
(CONDENSATION) (section 4.2.3). These heuristics aim at achieving robust and accurate
tracking in monocular images while limiting computation for 4tgak. The main idea is to
improve the efficiency of the search in the high dimensional space by propagating the most
useful particles between frames while avoiding wasting particles. Our heuristics are based on
prior assumptions and deterministic methods thhkiwalguiding particles toward highly
probable solutions (local minimums) of the posterior density.

In addition, the contribution of each heuristic proposed is analyzed experimentally using the
synthesized video sequences from GRETA datalasggireé 3-20 to Figure 3-23) that was
introduced in the previous chapter. We recall that this set of gestures exhibit various types of
motion in the depth direction. We track eactleam sequence by separately integrating each
heuristic proposed into the particle filter algorithm (CONDENSATION) in order to analyze
the specific contribution of each heuristic to the motion capture performance in terms of
robustness and accuracy.
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Our gal is to improve the accuracy of the 3D pose estimation as well as the robustness of
tracking (ess number ofailureg using a small number of particles. For that, we andlyjze
tracking performance for the set of video sequence while varying the nuhiparticles

(from 100 to 1000).For all the videos, we compute the mean residual 3D error and the number
of failures (mistrackings).

Accuracy is estimated by computitige averageesidual 3D errofin millimeters) between
somearticulation joints(wrist and elbows)of the pose estimated and the joints from the
ground truth poséequation 3.16rom section3.6.2.1). Robustness is evaluated as the number

of failures with respect to both the romerlapping ratio and mean edge distances. Just like in
theprevious chapter, we consider as failures or mistrackings the registered poses with residual
values above a defined threshold (or a fnpea
represent an erroneous 2D matching which visually appears as a triztkirgy (Figure3-13
andFigure3-14).

In the following subsections, we describe and analyze experimentally the heuristics proposed
to the particle filter algorithm in order tocliieve a more efficient search in the high
dimensional pose space with relative small number of particles.

4.4.2.1 Resampling (WeighHiased heuristic)
In the standard algorithm (CONDENSATIQMard, et al., 1998}he probability of selecting

aparticlew is proportional to its weighi . This step would allow lowveight particles

to be selected, although at a low probability. In oftdeiocus computationon high weight
particle rather than low prability particles, we heuristically enfor@ach parent particles to
give birth tosomenumber of children(resampled) particles proportional to their weights,

based ona weightbased resampling heuristiblamely, each parerd  gives rise to a
number ot  children particles according to the following equation:

o (4.14)

where0 is the preset total number of particlés, is the weight of each particle. This way
of resampling ensures that low weight particles have little or no children, while particles with
heavy weight give birth to a family of particles. The weights of the new set of

particles w are updatedo a uniform valué -NQ pMB h) as in the standard
algorithm.

In addition, one child of the highest weight parent particle is kept unchangeit,is not

randomly diffused at the prediction step; this aims at avoiding that children particles lose
tracking because of loose sampling in the high dimensional space (sample depletion).
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Parent
particles

Children

.....................

Figure4-10: Weightbased deterministic resamplifgarent particles (gray circles) give birth

to a number of children particles (white circles) proportional to their weights (size of particle).
A child of the highest weight parent particle will not be diffusaddomly inthe prediction

step inorder to avoid losing the currently best estimation in chsampledepletion.

Figure4-11 shows how this heuristic enhances accuracy of 3D pose estimation in the particle
filter approach. From the experimental results we note that our wieagleld deterministic
resampling dasled grayline) reduces the 3D error for some video sequences (figutés,

4-11b and 411d ), but it exhibits a less stable residual 3D error tharQB&IDENSATION
algorithm plack line). This means that removing random variability in the resampling step
may reduces the efficiency of the particle filtering becauseweight particles that are
discarded could otherwise turn into good solutions at sotneeftime step.
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Figure 4-11: Experimental results showing thaccuracy contribution of weightbased
deterministic (WD) resamplingd@shedgray line) w.r. to classicalpatrticle filtering (black
line). The abscissas are the number of partieteployed Ordinates show the mean residual
3D error (in millimeterspn thevideo sequence.
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However, in Figure 4-12, we observe that reducing randomness with wédgised
deterministicresamplingcan improve robustnessigshedgray line) even for motion in the
depth direction (figures-42d). Thus, this heuristic keeps particles closer to local minimums,
atthe price d narrowing the search, which may result in lower accuracy of the 3D pose.
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Figure 4-12. Experimental results showing the robustness contribution of wbaged
deterministic (WD) resamplingd@shedgray line) to the particle filtering algorithmblack

line). The abscissas are the number of particles employed in each experiment. Ordinates show
thenumber of mistrackingsbtained for all frames of the video sequence.

Therefore, while the weigtiaseddeterministicresamplingmay improve or degrade the 3D
accuracy depending on the type of gesture, it generally enhances robustness.

4.4.2.2 Prediction

The heuristics described in this section are based on search strategies used in particle filtering
for 3D moton capture (section 4.3)We proposethree deterministicmethods togenerate

highly probablehypotheses. In the first metth, new particles are diffused according to a
hierarchical partitionedmotion-based sampling. In the second method, particles are
heuistically guided towards optimums with limited local optimizatidm.the third metod,

we use kinematic jump&Sminchisescu, et al., 2008) analytically generate 3poses with

the same projected joint centes® they are iralterrative local minimums. These methods

have low computational cost that is compatible with-tieaé.
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4.4.2.2.1 Hierarchical Partitioned Motionbased (HPM) Sampling

This strategy aimat diffusing more efficiently the particles based on motion observation. It
consists in applying random Gaussian noise only to those body limbs that have moved
between the previous and current frames.

We partition the vector of pose parameterso in  four sets of
parametersi o o ho f . The last 3 sets of parameters controls the pose of a limb
of the 3D modelw , @ and w are the parameters for head, left arm and right arm
respectively.® holds theremaining parameters that have an effect on the chest and all the
limbs (seeFigure2-14). A motion observation measuremen  is associated to each set of
parametersig ws hog MOy Fdg . The motion measurementsd,  are
variations in overlapping of color regions with respect to the previous limb projection:

O, 50 . 6w 50 . 6w (4.15)

where Qrepresents one of the body limbs considered (chest, head, left arm and right arm).
0 'O andd 'O arethe set of pixels with thk color class in theegmented images of the
previous frameéO and the current fram@®©respectivelyLeft armand right arm are assigned

to the saméQcolor class in the segmented ima@ie® is the set of pixels with thiecolor
in the projection of th&D pose described in the particle sub state estimated in the previous
framew .|X| represent the number of pixelsXn

Using the equation (4.15), we can identify which body limb has moved between the previous

and current frames. Hence, we can apply random diffusion only to specific subostates
using the following equations:

®  "QoiY-h QQ, _ (4.16)
® Qo AY-h Q@ _ (4.17)
® Qo RY-h Q@ _ (4.18)
® Qo AY-h Q@ _ (4.19)

50 .86 | (4.20)

where"Q is the scaled random Gaussian diffusion described in (4.13)js a measure
describing the degree of motion of each body li@Fhe factor represents the maximum
degree of motion between two frames (obtained experimentally)w , @ are the sets of
parameters output by resampling step and w , @ are the sets of parameters after
random diffusion. In thequation (4.16), random diffusion is applied to the dolhfiguration
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state spacev in order to take into account the kinematic hierarchy between body limbs
(Figure 25). In the case where no motion has been deteai%d _ , the set of
parametersy will contain the same exact valuedas

In Figure 4-13, we observe that hierarchical partitioned mot@sed (HPM) sampling
(dashedgrayline) achieves a significant accuracy improvement for the video sequences that
containmost fronteparallel motiongfigures 413a and 413b).However in case ahotion in

depth (figures 413c and 413d), state space decomposition fails to guide thecpestiand

thus to accurately register the body poses.
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Figure 4-13. Experimental results showing thaccuracy contribution of Hierarchical
Partitioned Motiorbased(HPM) sampling (lashedgray line) to the particle filter algorithm
(blackline). The abscissas are the number of particles and ordinates are the mean residual 3D
error (in millimeters) obtained for all frames of the video sequence.

In the next figure, we observe that HPM samplidgshedyrayline) reduced significantly the
number of mistrackings for almost all video sequences. As seen in the presented results, HPM
sampling performs best on video sequences thaatomostfronto-parallel motiongfigure

4-14a). We also can observe that motion in depth doesleoteasehe robustness of the
proposed heuristic (figure-#4d).

108



MISTRACKINGS "RISING ARMS GESTURE" MISTRACKINGS "JOY GESTURE"

—=Condensation -=-Condensation
-~ Condensation with HPM sampling - Condensation with HPM sampling|

NUMBER OF MISTRACKINGS
s

NUMBER OF MISTRACKINGS
@
o

N
v

7777 - - -

.
foo 260 300 4bo 560 600 760 80 300 400 500 600 700 800 960 1000
NUMBER OF PARTICLES NUMBER OF PARTICLES

(a) (0)

MISTRACKINGS "EXCLAIMING GESTURE"

(=]
©
gt
.
S¢
o
>
o
N
[=]
o

MISTRACKINGS "ASKING GESTURE"

-=-Condensation
~¥ Condensation with HPM sampling|

120/ 120

—=Condensation |
~¥ Condensation with HPM sampling

NUMBER OF MISTRACKINGS
3
NUMBER OF MISTRACKINGS

200 300 8 ’PDU 200 300 400 500 600 700
NUMBER OF PARTICLES
(c)

Figure 4-14. Experimental results showing th®bustnesscontribution of Hierarchical
Partitioned Motiorbased samplingd@shedgray line) to the particle filter algorithmb{ack
line). The abscissas are the number of particles and ordisat®es number of mistrackings
obtained for all frames of the video sequence.

4.4.2.2.2 Prediction vith local optimization

In the prediction step of the CONDENSATICMgorithm (section 4.2.3), stochastic random
diffusion does not guide the particles toward the peaks of the postersrusé/ loal
optimization in the particldilter prediction step to gde groups of particles toward local
minimums (peaks of the positer) of the matching coghonroverlapping ratio from equation
3.19 in the state spacdén the 0 -dimensional pose space (20 parameters in our case), we
consider groups of p or more children particlesssued from a same parent at the
resampling stgp. We selectd p of them and construct a simplex that is iteratively
optimized following thedownhill simplexalgorithm(Nelder, et al., 1965)

Figure4-15showshow the large groups &f 0 p children particles are used to create a
Np-dimensional simplex around a peak (local minimum) of the posterior density. This
simplex can be regarded as a deterministic sampling strategy since we are explicitly defining
Np+1 reighbor particles (simplex vertices) in the state space. After the initial simplex is
created, theremaining € 0 p children particlesare evaluated sequentially and
optimized iteratively by the downhill simplex algorithm toward some minimiiherefore

the number of iteration§ is limitedto € 0 p. In this case we take advantage of the
optimal curve found in section 3&2, in order to achieve an optimal balance between region
based and edgeased registration of the limited numlodiiterations) .
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In our method, small groups of children particles ( 0  p) are not sufficiently numerous
to initialize a simplex, however they still have a chance to explore thedimginsional space
using random sampling as in CONDENSATION altjon (section 4.2.3).

(i) €))

Figure4-15: A diagram showing our predictiomith local optimization heuristic and random
diffusion. Large group of particles (circleade sent to the peaks of postemi@nsity (curve)
through downhill simplex optimization. Small group of particles are randomly diffused in the
high-dimensionakpace.

The next figures Kigure 4-16 and Figure 417) show the performance contribution thfe

local optimization heuristic proposed. As seerFigure 417, this heuristic provides very
stable and robust tracking (lower number of failures) for all the video sequences considered.
This means that local optimization keeps particles near the ommsnmof the 2D residual
error, so 2D mistrackings are kept low. However, as se€igure4-16, accuracy of the 3D

pose is degraded (higher residual 3D errors) mainly for the gestures with relative motion in
depth (figures 416b, 416¢c and 416d). The reason ithat local optimizationmay refrain
particles in incorrect minimums of the 2D errors from escaping to other ambiguous
minimums sincethe same2D observation carhave more than one 3D pose solution
monocularimages.In this case, it is important to develop algorithms that allow particles
jumping rapidly to ambiguousninimums In the next subsectiorthis problemwill be
addressed.
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Figure 4-16:. Experimentalresults showing the accuracy contribution of the proposed local
optimization lashedgray line) with respectto the particle filter algorithmb{ack line). The
abscissas are the number of particles and ordinates are the mean residual 3D error (in
millimeters) obtained for all frames of the video sequence.

Figure4-17. Experimental results showing the robustness contribution of the proposed local
optimization lashedgray line) with respect to the particle filter algorithrolgck line). The
abscissas are the number of particles and ordinates is the number of mistrackings obtained for
all frames of the video sequence.
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