
Chapter 1Introdu
tionAs 
omputers are be
oming more widespread in the so
iety, so is the need formore advan
ed interfa
es. This has lead to a new resear
h �eld known as Human-Computer-Intera
tion (HCI). One problem with 
urrent interfa
es is that the 
om-muni
ation is mainly done via devi
es non-intuitive to humans, e.g., mouse andkeyboard. The 
ommuni
ation is on the terms of the 
omputer rather than naturalhuman terms su
h as spee
h and body-language.Sin
e it is hard for humans to learn the "language" of 
omputers the solution mustbe to develop 
omputers that are able to 
ommuni
ate on terms of humans. Amongother things, this means that 
omputers should be equipped with devi
es providingthe ability to intera
t in a human-like manner. These devi
es 
ould be: a 
amera toenable it to see, a mi
rophone to enable it to hear, and a loudspeaker to enable itto speak. Other devi
es might be introdu
ed in the future but the three modalitiesmentioned are the primary ones. The te
hnologies providing the speak- and hearabilities are 
urrently leaving the labs around the world and entering the market.The see-ability, however, is still la
king due to the high 
omplexity involved inthe image interpretation task. This has lead to a new resear
h �eld known as"Looking at People". It 
overs topi
s su
h as fa
e dete
tion and re
ognition, small-s
ale body language understanding, su
h as hand-gesture re
ognition and fa
ialexpression re
ognition, and large-s
ale body language understanding, su
h as a
tionre
ognition. The initial problem of this thesis is fo
used around the general problemof large-s
ale body language understanding and formulated ashow 
an 
omputer vision be applied to understand large-s
ale humanbody language?One way of stru
turing an investigation into this problem is to divide the problem ofunderstanding large-s
ale human body language into two separate parts: a low-levelpro
ess to 
apture the motion of the human and a high-level pro
ess to interpretingthe 
aptured motion. A large body of work exits within the �eld of general patternre
ognition, whi
h 
an be applied to support the interpretation problem. For themotion 
apture (MoCap) problem, however, basi
 resear
h is still required.



2 Introdu
tion1.1 Model-Based Approa
hesMany di�erent approa
hes have been suggested for 
omputer vision-based humanMoCap. The more su

essful approa
hes apply a priori knowledge, usually in theform of a geometri
al model, i.e., applying a model-based approa
h. Di�erent 
on-�gurations of the model is synthesised and 
ompared with the image data. The
on�guration most similar to the 
urrent image data de�nes the 
urrent state ofthe model, i.e., its pose. This prin
iple is known as Analysis-by-Synthesis (AbS).Temporal AbS provides a sequen
e of poses, whi
h de�ne the 
aptured motion.Ea
h degree of freedom in the geometri
al model is represented by one variable. Theset of variables in the model spans a 
oordinate system - the state-spa
e - whereinone point 
orresponds to a parti
ular 
on�guration of the model. The major prob-lem related to model-based approa
hes is the potentially high dimensionality ofthe state-spa
e whi
h 
ontains too many 
on�gurations to evaluate for ea
h image,hen
e exhaustive sear
h is not possible. To over
ome this problem, only a part of thestate-spa
e is investigated, i.e., a lo
al sear
h. The standard approa
h is to assumethat a high sampling rate is present, hen
e the 
on�guration does not 
hange mu
hbetween two 
onse
utive images. The 
urrent 
on�guration is therefore assumedto be in the proximity of the 
on�guration in the previous image. This is knownas temporally-based pruning of the state-spa
e and is 
arried out by predi
ting the
urrent 
on�guration and sear
hing (exhaustively or iteratively) in a lo
al regionaround the predi
ted 
on�guration until an extremum is found. Unfortunately, aninvestigation into the state-of-the-art 
omputer vision-based MoCap systems showsthat the approa
h of temporally-based pruning has some inherent problems: 1) nopredi
tion 
an be provided in the �rst image, hen
e an initialisation of the 
on-�guration is required, 2) if tra
king is lost the predi
tion will be in
orre
t, hen
e
ontinuous tra
king is assumed, and 3) the wrong state might be estimated if thesolution spa
e is multi-modal, hen
e a uni-modal solution spa
e is assumed.1.2 The Fo
us of the ThesisThe inherent problems related to applying temporally-based pruning 
alls for alter-natives. This dire
tly leads to the �nal problem formulation for this thesis, namelyhow 
an the dependen
y on temporally-based pruning be 
ir
umventedin model-based 
omputer vision systems in general, and in model-based
omputer vision-based human MoCap in parti
ular?To answer this question this thesis suggests to apply spatially-based pruning asan alternative or 
omplement to temporally-based pruning. To this end, we willinvestigate two di�erent issues both of whi
h are rooted in how spatial information
an be applied to prune the state-spa
e. These are the spatial relation of imagefeatures and the intrinsi
 and extrinsi
 spatial 
hara
teristi
s of the obje
t to be
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aptured. Both are formulated as hypotheses.Hypothesis 1 The in
lusion of low-level image features allows for a more 
ompa
tstate-spa
e representation, hen
e a pruning of the original state-spa
e.Hypothesis 2 The in
lusion of intrinsi
 and extrinsi
 spatial obje
t 
hara
teristi
sallows for a de�nition of 
onstraints, whi
h 
an signi�
antly prune the state-spa
e.To investigate the two hypotheses a 
on
rete MoCap problem is addressed. As theprimary information 
onveyed in body language is done by the arms, the MoCapof a human arm seems to form a relevant 
ase study. Furthermore, a mono
ularsensing approa
h is of spe
ial interest in MoCap due to its generality. Altogether,the fo
us of this thesis 
an therefore be stated asMono
ular 
omputer vision-based MoCap of the human arm utilisingspatially-based pruning of the state-spa
e.1.3 The Outline of this ThesisThe thesis 
onsists of nine 
hapters. The �rst 
hapter is the 
urrent 
hapter whi
h
ontains the introdu
tion. The following seven 
hapters form the main body of thethesis, while 
hapter nine 
ontains the 
on
lusion. The following seven 
hapters aredivided into three parts:I. Human Motion CaptureII. Spatially-Based Pruning of the State-Spa
eIII. Applying the Spatially Pruned State-Spa
e Representation in a Model-Based FrameworkIn the �rst part a general introdu
tion to Human MoCap is given. In the se
ond partthe two hypotheses are investigated, and in the third part the pruned state-spa
eis tested in di�erent systems. The seven 
hapters are partly texts written dire
tlyfor this thesis and partly texts previously published. Ea
h 
hapter is initiated by asynopsis brie
y stating the purpose of the 
hapter and, if already published, explainsthe 
ontext of the publi
ation. Ea
h 
hapter is followed by its own bibliography. Inthe following ea
h 
hapter is summarised.



4 Introdu
tionPart I. Human Motion CaptureChapter 2. Intera
ting with a Virtual World through Motion CaptureTo give a broader introdu
tion to the topi
 of the thesis, this 
hapter des
ribes,de�nes, and dis
usses human MoCap in general, and relates it to HCI.First di�erent MoCap devi
es are des
ribed. The devi
es are divided into those basedon a
tive sensing and those based on passive sensing. Furthermore, the 
omplexity ofthe devi
es is related to the required post-pro
essing of the devi
es' output in orderto a
hieve usable MoCap data. Next the usage of MoCap data in HCI appli
ationsis des
ribed with respe
t to whether syn
hronous or asyn
hronous intera
ting is
arried out. During the entire 
hapter a number of examples are given in order toemphasise di�erent aspe
ts.Chapter 3. A Survey of Computer Vision-Based Human Motion CaptureIn this 
hapter, in-depth knowledge about 
omputer vision-based MoCap approa
hesis presented through a 
omprehensive survey. The survey outlines the di�erentproblems in the �eld and hereby motivates the approa
h taken in this thesis.More than 200 di�erent papers are in
luded in the survey. To stru
ture all this infor-mation, a detailed taxonomy is developed. Its primary 
ategories are: initialisation,tra
king, pose estimation, and re
ognition. Ea
h of the 
ategories is divided intosub-
ategories in order to identify the general aspe
ts of the individual MoCap pa-pers, and hen
e, allowing for a 
omparison between di�erent papers. Three generalappli
ation areas are identi�ed and related to the taxonomy and the state-of-the-artwithin the three appli
ation areas is presented and dis
ussed. Finally the generalproblems in this �eld are identi�ed and summarised.Part II. Spatially-Based Pruning of the State-Spa
eChapter 4. Deriving a Compa
t State-Spa
e Representation by ApplyingLow-Level Image FeaturesIn this 
hapter the �rst hypothesis is investigated. Con
retely it is des
ribed howto obtain a more 
ompa
t state-spa
e representation by in
luding low-level imagefeatures.The 
hapter �rst identi�es the primary degrees of freedom (DoF) in the arm andshoulder. Four DoF for the arm and two DoF for the shoulder. Then a numberof di�erent state-spa
e representations of the arm is presented and evaluated withrespe
t to their size. Con
retely, it is des
ribed how a 
amera 
alibration and the



1.3 The Outline of this Thesis 5position of the hand in the image 
an be 
ombined with the s
rew axis represen-tation to obtain a very 
ompa
t state-spa
e representation, denoted the lo
al s
rewaxis model. It 
an model all possible 
on�gurations of the arm utilising just twoparameters, (�;Hz). In the light of the lo
al s
rew axis model, the two DoF in theshoulder are revisited. Through a study of the anatomy and the kinemati
s of theshoulder, a modelling s
heme is proposed that 
ouples the two DoF in the shoulderdire
tly to (�;Hz). That is, the two parameters (�;Hz) in the lo
al s
rew axis modelare suÆ
ient to model all six DoF in the arm and shoulder.Chapter 5. Pruning the State-Spa
e Representation using Extrinsi
 andIntrinsi
 Obje
t Chara
teristi
sIn this 
hapter the se
ond hypothesis is investigated. Con
retely, it is des
ribedhow to apply kinemati
- and physi
al 
onstraints to further prune the 
ompa
tstate-spa
e representation derived in the previous 
hapter, i.e., (�;Hz).Six 
onstrains are introdu
ed: four to prune Hz and two to prune �. For ea
h of the
onstraints a minimum, a maximum, and an average pruning e�e
t is 
al
ulated.Hereafter the e�e
ts of the six 
onstraints are 
ombined and the overall minimum,maximum, and average pruning e�e
ts of the state-spa
e (�;Hz) are 
al
ulated to87:9%, 100%, and 97:3%, respe
tively.Part III. Applying the Spatially Pruned State-Spa
e Repre-sentation in a Model-Based FrameworkChapter 6. Estimating the 3D Shoulder Position using Mono
ular Visionand a Detailed Shoulder ModelThe aspe
ts of the model developed in 
hapter 4 that deals with the shoulder istested in this 
hapter. The test is in the 
ontext of estimating the 3D position ofthe human shoulder given a sequen
e of 2D hand positions. A user is asked to movehis/her outstret
hed arm in a 
ir
le-ar
h. If the position of the shoulder was �xed,this movement would result in a 
ir
le in 3D and an ellipse in the image whi
h
ould be used to 
al
ulate the 3D shoulder position. However, due to the 
omplexnature of the shoulder this is not the 
ase and the 
ir
le is rather an ellipse in 3D.The model developed in 
hapter 4 is therefore applied to 
orre
t the image data,resulting in an ellipse in the image plane and, hen
e, a 3D 
ir
le in spa
e.



6 Introdu
tionChapter 7. 3D Human Pose Estimation using 2D-Data and an AlternativePhase Spa
e RepresentationIn order to test the 
on
ept of spatially-based pruning of the state-spa
e developedin 
hapter �ve, a system is build. This 
hapter des
ribes the design, implementation,and test of this system. The system uses the 
ompa
t state-spa
e and spatially-basedpruning to redu
e the number of possible 
on�gurations for a given image. All non-pruned 
on�gurations are synthesised and 
ompared with the image data, i.e., anexhaustive sear
h. In this system silhouettes are applied for 
omparison. That is,the silhouette of the human arm is extra
ted in ea
h image and 
ompared with thesilhouette of ea
h synthesised 
on�guration. The similarity measure used when 
om-paring the synthesised and extra
ted silhouettes is implemented as a 
ombinationof an AND-operation and a bounding box-mat
hing.Chapter 8. Improving Sequential Monte Carlo Tra
king by Bootstrap-pingIn this 
hapter the spatially-based pruning derived earlier is used to bootstrap thetemporally-based pruning. The spatially and temporally-based pruning are notalternatives, but rather 
ooperating approa
hes. Besides this, the 
hapter also showshow to use an approximated exhaustive sear
h in the pruned state-spa
e, as opposedto an exhaustive or an iterative. The approximation is a
hieved by applying aSequential Monte Carlo (SMC) approa
h. The theory behind this approa
h and a
on
rete implementation is des
ribed in this 
hapter. Applying SMC in the prunedstate-spa
e is presented as bootstrapping the SMC approa
h. The bootstrappingrefers to the fa
t that the 
ompa
t state-spa
e allows for fo
using the sear
h due tothe spatially-based pruning. In this implementation the similarity measure betweenimage and model is based on 
omparing orientations of the arm, found by applyingthe dynami
 Hough transform to temporal edge pixels.Chapter 9. Con
lusionThis 
hapter 
on
ludes the work presented in this thesis. It in
ludes a dis
ussion ofwhether the two hypotheses have been proven and an identi�
ation of the primary
ontributions of this Ph.D.-work. Finally, di�erent dire
tions for further resear
hare suggested.



1.4 The Publi
ations of this Ph.D.-work 71.4 The Publi
ations of this Ph.D.-workBelow are listed the relevant publi
ations produ
ed during this Ph.D.-study. Afterea
h publi
ation the amount of work 
ondu
ted by me is stated in per
entage. Inall essen
e the 
ontributions reported in the publi
ations are in
luded in this thesisand only the thesis has thus been submitted as do
umentation for the Ph.D.-study.However, the highlighted entries number 2, 4, 6, 10, and 13 appear dire
tly as
hapters 8, 3, 2, 6, and 7 in this thesis.Journal papers1. T.B. Moeslund, C.B. Madsen, and E. Granum. Modelling the 3D Pose of aHuman Arm and the Shoulder Complex utilising only Two Parameters. Sub-mitted to International Journal on Integrated Computer-Aided Engineering(95%)2. T.B. Moeslund and E. Granum. Improving Sequential Monte CarloTra
king by Bootstrapping. Submitted to Journal on Applied SignalPro
essing. Spe
ial Issue on Parti
le Filtering in Signal Pro
essing(95%)3. T.B. Moeslund and E. Granum. Modelling and estimating the pose of a humanarm. Ma
hine Vision and Appli
ations, 14(4), 2003 (95%)4. T.B. Moeslund and E. Granum. A Survey of Computer Vision-BasedHuman Motion Capture. Computer Vision and Image Understand-ing, 81(3), 2001 (90%)Book 
hapters and papers in Le
ture Notes5. T.B. Moeslund, M. St�orring, and E. Granum. A Natural Interfa
e to a VirtualEnvironment through Computer Vision-estimated Pointing Gestures. In IpkeWa
hsmuth and Timo Sowa, editors, Gesture and Sign Language in Human-Computer Intera
tion, number 2298 in LNAI. Springer, 2001 (50%)6. T.B. Moeslund. Intera
ting with a Virtual World through MotionCapture. In Lars Qvortrup, editor, Intera
tion in Virtual Inhabited3D Worlds, 
hapter 11. Springer-Verlag, 2000 (100%)Peer reviewed 
onferen
e papers7. T.B. Moeslund and E. Granum. Sequential Monte Carlo Tra
king of Body Pa-rameters in a Sub-Spa
e. In International Workshop on Analysis and Modelingof Fa
es and Gestures, Ni
e, Fran
e, O
tober 2003 (95%)
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tion8. T.B. Moeslund and E. Granum. Bootstrapping Sequential Monte Carlo Tra
k-ing. In S
andinavian Conferen
e on Image Analysis, G�oteborg, Sweden, June2003 (95%)9. T.B. Moeslund, C.B. Madsen, and E. Granum. Modelling the 3D Pose ofa Human Arm and the Shoulder Complex utilising only Two Parameters. InConferen
e on Model-based Imaging, Rendering, image Analysis and Graphi
alspe
ial E�e
ts, INRIA Ro
quen
ourt, Fran
e, 10-11 Mar
h 2003 (95%)10. T.B. Moeslund, M. Vittrup, K.S. Pedersen, M.K. Laursen, M.K.D.S�rensen, H. Uhrenfeldt, and E. Granum. Estimating the 3D Shoul-der Position using Mono
ular Vision and a Detailed Shoulder Model.In International Conferen
e on Imaging S
ien
e, Systems, andTe
hnology, Las Vegas, USA, June 24-27 2002 (50%)11. T.B. Moeslund and E. Granum. Pose Estimation of a Human Arm using Kine-mati
 Constraints. In The 12th S
andinavian Conferen
e on Image Analysis,Bergen, Norway, 2001 (95%)12. M. St�orring, E. Granum, and T.B. Moeslund. A Natural Interfa
e to a Vir-tual Environment through Computer Vision-estimated Pointing Gestures. In4th International Workshop on Gesture and Sign Language based Human-Computer Intera
tion, City University, London, UK., April 2001 (50%)13. T.B. Moeslund and E. Granum. 3D Human Pose Estimation us-ing 2D-Data and an Alternative Phase Spa
e Representation. InWorkshop on Human Modeling, Analysis and Synthesis at CVPR,Hilton Head Island, South Carolina, June 16 2000 (95%)14. T.B. Moeslund and E. Granum. Multiple Cues used in Model-Based HumanMotion Capture. In The fourth International Conferen
e on Automati
 Fa
eand Gesture Re
ognition, Grenoble, Fran
e, Mar
h 2000 (75%)Non-reviewed 
onferen
e papers15. T.B. Moeslund and E. Granum. Bootstrapping the Condensation Algorithm.In The 11th Danish Conferen
e on Pattern Re
ognition and Image Analysis,Copenhagen, Denmark, August 2002 (95%)16. T.B. Moeslund, M. St�orring, and E. Granum. Vision-Based User Interfa
e forIntera
ting with a Virtual Environment. In The 9th Danish Conferen
e onPattern Re
ognition and Image Analysis, Aalborg, Denmark, 2000 (50%)17. T.B. Moeslund and E. Granum. Visual Motion Capture as a means of Controlin Telepresen
e. In The 9th Danish Conferen
e on Pattern Re
ognition andImage Analysis, Aalborg, Denmark, 2000 (95%)



1.4 The Publi
ations of this Ph.D.-work 918. T.B. Moeslund. The Analysis-by-Synthesis Approa
h in Human Motion Cap-ture: A Review. In The 8th Danish Conferen
e on Pattern Re
ognition andImage Analysis, Copenhagen, Denmark, 1999 (100%)Te
hni
al reports19. T.B. Moeslund. Improving Sequential Monte Carlo Tra
king by Bootstrap-ping. Te
hni
al Report CVMT 02-02, Laboratory of Computer Vision andMedia Te
hnology, Aalborg University, Denmark, 2002 (100%)20. T.B. Moeslund. Modelling the Human Arm. Te
hni
al Report CVMT 02-01,Laboratory of Computer Vision and Media Te
hnology, Aalborg University,Denmark, 2002 (100%)21. T.B. Moeslund. Pruning the Possible Con�gurations of a Human Arm us-ing Kinemati
 Constraints. Te
hni
al Report CVMT 01-01, Laboratory ofComputer Vision and Media Te
hnology, Aalborg University, Denmark, 2001(100%)22. T.B. Moeslund. Estimating the Con�guration of a Human Arm using Com-puter Vision. Te
hni
al Report CVMT 00-02, Laboratory of Computer Visionand Media Te
hnology, Aalborg University, Denmark, 2000 (100%)23. T.B. Moeslund. Computer Vision-Based Human Motion Capture - A Survey.Te
hni
al Report LIA 99-02, Laboratory of Image Analysis, Aalborg Univer-sity, Denmark, 1999 (100%)24. T.B. Moeslund. Summaries of 107 Computer Vision-Based Human MotionCapture Papers. Te
hni
al Report LIA 99-01, Laboratory of Image Analysis,Aalborg University, Denmark, 1999 (100%)
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