
Chapter 3A Survey of ComputerVision-Based Human MotionCaptureSynopsisIn this 
hapter a 
omprehensive state-of-the-art survey within 
omputer vision-basedhuman MoCap is presented. The 
hapter 
onsists of a survey published in 2001[A℄. The survey 
overs more than 130 papers published up until the summer of2000. 70 new papers have been reviewed in order to bring the survey up-to-dateas of De
ember 2002. The additional information gathered from the new papers ispresented in appendix A.
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33A Survey of Computer Vision-BasedHuman Motion CaptureT.B. Moeslund and E. GranumAbstra
tA 
omprehensive survey of 
omputer vision-based human motion
apture literature from the past two de
ades is presented. Thefo
us is on a general overview based on a taxonomy of system fun
-tionalities, broken down into four pro
esses: initialisation, tra
king,pose estimation, and re
ognition. Ea
h pro
ess is dis
ussed and di-vided into subpro
esses and/or 
ategories of methods to providea referen
e to des
ribe and 
ompare the more than 130 publi
a-tions 
overed by the survey. Referen
es are in
luded throughoutthe paper to exemplify important issues and their relations to thevarious methods. A number of general assumptions used in thisresear
h �eld are identi�ed and the 
hara
ter of these assumptionsindi
ates that the resear
h �eld is still in an early stage of develop-ment. To evaluate the state of the art, the major appli
ation areasare identi�ed and performan
es are analysed in light of the meth-ods presented in the survey. Finally, suggestions for future resear
hdire
tions are o�ered.



34 Computer Vision-Based MoCap3.1 Introdu
tionThe analysis of human a
tions by a 
omputer is gaining more and more interest.A signi�
ant part of this task is to register the motion, a pro
ess known as humanmotion 
apture. Even though this term 
overs many aspe
ts, it is mainly used in
onne
tion with 
apturing large s
ale body movements, whi
h are the movementsof the head, arms, torso, and legs. Formally we here de�ne human motion 
aptureas the pro
ess of 
apturing the large s
ale body movements of a subje
t at someresolution.We in
luded at some resolution to emphasise that tra
king of a subje
t's limbs, aswell as overall tra
king of a subje
t, are 
onsidered to fall within the above de�nition.Hen
e, human motion 
apture is used both when the subje
t is viewed as a singleobje
t and when viewed as arti
ulated motion of a high degree of freedom skeletonstru
ture with a number of joints.What is not 
overed by the above de�nition is small s
ale body movements su
h asfa
ial expressions and hand gestures. A thorough review of hand gestures 
an befound in the survey by Pavlovi
 et al. [117℄.3.1.1 Appli
ation AreasThe potential appli
ations of human motion 
apture are the driving for
e of systemdevelopment, and we 
onsider the following three major appli
ation areas: surveil-lan
e, 
ontrol, and analysis.The surveillan
e area 
overs appli
ations where one or more subje
ts are beingtra
ked over time and possibly monitored for spe
ial a
tions. A 
lassi
 example isthe surveillan
e of a parking lot, where a system tra
ks subje
ts to evaluate whetherthey may be about to 
ommit a 
rime, e.g., steal a 
ar.The 
ontrol area relates to appli
ations where the 
aptured motion is used to pro-vide 
ontrolling fun
tionalities. It 
ould be used as an interfa
e to games, virtualenvironments, or animation, or to 
ontrol remotely lo
ated implements. For a 
om-prehensive dis
ussion of motion 
apture in the 
ontrol appli
ation area, see [99℄.The third appli
ation area is 
on
erned with the detailed analysis of the 
apturedmotion data. This may be used in 
lini
al studies of, e.g., diagnosti
s of orthopedi
patients or to help athletes understand and improve their performan
e.3.1.2 Alternative Te
hnologies for Motion CaptureThe systems used to 
apture human motion 
onsist of subsystems for sensing andpro
essing, respe
tively. The operational 
omplexity of these subsystems is typi
allyrelated, so that high 
omplexity of one of them allows for a 
orresponding simpli
ityof the other. This trade-o� between the 
omplexities also relates to the use of a
tive



3.2 Surveys and Taxonomies 35versus passive sensing. A
tive sensing operates by pla
ing devi
es on the subje
tand in the surroundings whi
h transmit or re
eive generated signals, respe
tively[99℄.A
tive sensing allows for simpler pro
essing and is widely used when the appli
ationsare situated in well-
ontrolled environments. That is in parti
ular the 
ase for thethird appli
ation area, analysis, and in some of the 
ontrol appli
ations.Passive sensing is based on "natural" signal sour
es, e.g., visual light or other ele
-tromagneti
 wavelengths, and requires no wearable devi
es. An ex
eption is whenmarkers are atta
hed to the subje
t to ease the motion 
apture pro
ess. Markersare not as intrusive as the devi
es used in a
tive sensing. Passive sensing is mainlyused in surveillan
e and some 
ontrol appli
ations where mounting devi
es on thesubje
t is not an option.Computer vision with the passive sensing approa
h has 
hallenged a
tive sensingwithin all three appli
ation areas. Even though the use of markers may seem agood 
ompromise between passive and a
tive sensing, it is still in
onvenient for thesubje
t (sometimes impossible) and 
omputer vision allows in prin
iple for tou
hfreeand more dis
rete "pure" motion 
apture systems.3.1.3 Content of this PaperThis paper is only 
on
erned with 
omputer vision-based approa
hes, i.e., passivesensing. It provides a 
ompressive survey of publi
ations in 
omputer vision-basedhuman motion 
apture from 1980 to 2000. The fo
us is on a general overview inrelation to a fun
tionally stru
tured taxonomy rather than extended examples andsummaries of individual papers.Se
tion 3.2 reviews brie
y other surveys within the resear
h �eld and the taxonomyof this survey is presented. It builds on the four primary fun
tionalities of motion
apture pro
essing: initialisation, tra
king, pose estimation, and re
ognition. Ap-proa
hes and te
hniques are presented in relation to these fun
tionalities in Se
tions3.3 to 3.6. The des
riptions will fo
us on general prin
iples and similarities amongvarious systems and methods. Se
tion 3.7 revisits the three appli
ation areas anddis
usses them in light of the survey and in the 
ontext of various performan
eparameters and examples of state-of-the-art systems. Furthermore, suggestions forfuture resear
h dire
tions are o�ered. Finally, Se
tion 3.8 
on
ludes the survey.3.2 Surveys and TaxonomiesOver the last two de
ades, the number of papers within the �eld of registeringhuman body motion using 
omputer vision has grown signi�
antly. To stru
ture anoverview of the individual papers, their purpose, algorithms, et
. a taxonomy may



36 Computer Vision-Based MoCapbe de�ned to arrange them into various groups having similar 
hara
teristi
s.Various 
ategories may be used for a taxonomy, e.g. (in random order): kineti
vs kinemati
, model-based vs non-model-based, 2D approa
hes vs 3D approa
hes,sensor modality (visual light, infrared (IR) light, range data, et
.), number of sensors,mobile vs stationary sensors, tra
king vs re
ognition, pose estimation vs tra
king,pose estimation vs re
ognition, various appli
ations, one person vs multiple persons,number of tra
ked limbs, distributed vs 
entralised pro
essing, various motion-typeassumptions (rigid, nonrigid, elasti
), et
.Whi
h 
ategories to use depends on the purpose of the survey, and the variouspublished surveys have used di�erent taxonomies.3.2.1 Previous SurveysAggarwal et al. [2℄ give an overview of various methods used prior to 1995, in arti
-ulated and elasti
 nonrigid motion. After a good overview of various motion typesthe approa
hes within arti
ulated motion with or without a priori shape models aredes
ribed. Then the elasti
 motion approa
hes are des
ribed in two 
ategories withand without a shape model.Cedras and Shah [23℄ give an overview of methods within motion extra
tion prior to1995, whi
h are all 
lassi�ed as belonging to opti
al 
ow or motion 
orresponden
e.The human motion 
apture problem is des
ribed as a
tion re
ognition, re
ognitionof the individual body parts, and body 
on�guration estimation.An overview of the area of human motion estimation and re
ognition with spe
ialfo
us on opti
al 
ow te
hniques, prior to 1996, is given by Ju [72℄. The overalltaxonomy is motion estimation and motion re
ognition, both of whi
h are dividedinto sub
lasses.In the survey by Aggarwal and Cai [1℄, whi
h des
ribes work prior to 1998, thesame taxonomy as in Cedras and Shah [23℄ is applied even though they use di�erentlabels for the three 
lasses. The 
lasses are divided into sub
lasses yielding a rather
omprehensive taxonomy.A survey by Gavrila [44℄ des
ribes work prior to 1998 and gives a good generalintrodu
tion to the topi
 with a spe
ial fo
us on appli
ations. The taxonomy 
overs2D approa
hes with and without expli
it shape models and 3D approa
hes. A
rossthese three 
lasses the approa
hes dealing with re
ognition are des
ribed.3.2.2 A Taxonomy based on Fun
tionalitiesThe above taxonomies have di�erent emphasis depending on their purpose. We willfo
us on more general aspe
ts su
h as the overall stru
ture of a motion 
apture sys-tem and the various types of information being pro
essed. The fun
tional stru
ture



3.2 Surveys and Taxonomies 37of a 
omprehensive motion 
apture system is shown in Fig. 3.1.
Initialisation

Tracking

Pose Estimation

RecognitionFigure 3.1: A general stru
ture for systems analysing human body motion.Before a system is ready to pro
ess data it needs to be initialised; e.g., an appropriatemodel of the subje
t must be established. Next the motion of the subje
t is tra
ked.This implies a way of segmenting the subje
t from the ba
kground and �nding
orresponden
es between segments in 
onse
utive frames. The pose of the subje
t'sbody often needs to be estimated as this may be the output of the system, e.g., to
ontrol an avatar (the graphi
al representation of a human) in a virtual environment,or may be pro
essed further by the re
ognition pro
ess. Some higher level knowledge,e.g., a human model, is typi
ally used in pose estimation. The �nal pro
ess analysesthe pose or other parameters in order to re
ognise the a
tions performed by thesubje
t.A system need not in
lude all four pro
esses, espe
ially sin
e many of the systemsdes
ribed in this survey are resear
h, where only a method within one of the pro
essesis investigated. Still, all systems 
an be des
ribed within the stru
ture.More than 130 human motion 
apture papers published sin
e 1980 are reviewedfor this survey. They are all listed in table 3.1. Within this table the papers areordered �rst by the year of publi
ation and se
ond by the surname of the �rst author.Four 
olumns allow the 
lari�
ation of the 
ontributions of the papers within thefour pro
esses of our taxonomy. The lo
ation of the referen
e number (in bra
kets)indi
ates the main topi
 of the work and an asterisk (*) indi
ates that the paper alsodes
ribes work at an interesting level regarding this pro
ess. The tables show, amongother things, that the majority of the work in human motion 
apture is 
arried outwithin tra
king and pose estimation. This is re
e
ted in the rest of the paper wherethese two pro
esses re
eive more attention than the other two pro
esses.In earlier surveys detailed summaries of individual papers are used extensively to



38 Computer Vision-Based MoCap
Year First author Initialisation Tra
king Pose estimation Re
ognition1980 O'Rourke [115℄1983 Hogg * [58℄1984 Akita * [3℄1984 Hogg * [59℄1985 Lee [83℄1985 Tsukiyama [136℄1987 Bernat [11℄1987 Leung * [88℄1987 Leung [89℄1989 Attwood [6℄1991 Long * [92℄1991 Shio [130℄ *1991 Wang * [141℄1991 Yamamoto [153℄1992 Kepple [81℄1992 Lee [84℄1992 Luo * [94℄1992 Wang * [142℄1993 Kameda * [79℄1994 Baumberg * [9℄1994 Bharatkumar [12℄ * *1994 Darrell [32℄ * *1994 Gu [48℄1994 Guo * [50℄1994 Niyogi [108℄ * *1994 Perales * [118℄1994 Polana * [121℄1994 Rossi * [126℄1994 S
hneider [127℄1995 Cai [20℄1995 Campbell * [21℄1995 Campbell * [22℄1995 Freeman [41℄ *1995 Gon
alves * [47℄1995 Kakadiaris [76℄ *1995 Kameda * [80℄1995 Leung * [90℄1995 Tesei [135℄ *



3.2 Surveys and Taxonomies 39
Year First author Initialisation Tra
king Pose estimation Re
ognition1996 Azarbayejani * [7℄ *1996 Be
ker * [10℄1996 Bobi
k [14℄ *1996 Cai [19℄ *1996 Gavrila * [45℄1996 Ju * [73℄ *1996 Kahn [74℄ *1996 Kakadiaris * [77℄1996 Kameda * [78℄1996 Lu
 [93℄1996 Moezzi [103℄1996 Turk [137℄ * *1997 Bregler * [17℄1997 Christensen * [26℄1997 Christensen * [27℄1997 Davis * [33℄1997 Hunter * [62℄1997 Iwasawa [66℄ *1997 Lerasle * [86℄1997 Meyer * * [97℄1997 Oren * [114℄1997 Rohr * * [124℄ *1997 Wa
hter * [139℄1997 Wren * [143℄ *1998 Bottino * [15℄1998 Bregler * * [18℄1998 Chomat * [25℄1998 Chung * [28℄1998 Corlin [29℄ *1998 Cretual [30℄1998 Davis [34℄1998 Davis [35℄ *1998 Davis [36℄ * *1998 Fua * [42℄1998 Fujiyoshi [43℄ * *1998 Gon
alves * [46℄1998 Gu [49℄ *1998 Haritaoglu [52℄ * *1998 Haritaoglu [53℄ * *



40 Computer Vision-Based MoCapYear First author Initialisation Tra
king Pose estimation Re
ognition1998 Heisele [54℄ *1998 Isard [64℄1998 Joji
 * [71℄1998 Kakadiaris * * [75℄1998 Li * [91℄1998 Munkelt * [104℄1998 Nakazawa [106℄1998 Narayanan [107℄1998 Nordlund [110℄1998 Pinhanez [119℄1998 Silaghi [132℄1998 Sul * [133℄1998 Utsumi [138℄ *1998 Wren * [146℄1998 Wren [148℄ *1998 Ya
oob * * [150℄1998 Yamada [151℄1998 Yamamoto * [152℄1998 Yaniz * [155℄1998 Zheng * [156℄1999 Amat [4℄ * *1999 Andersen [5℄ *1999 Brand * [16℄1999 Cham [24℄ *1999 Cutler [31℄ *1999 Delamarre * [37℄1999 Douros [40℄1999 Haritaoglu * [51℄1999 Hilton [55℄ * *1999 Hilton [56℄ *1999 Io�e * [63℄ *1999 Iwai * [65℄1999 Iwasawa * [67℄ *1999 Lerasle * [87℄1999 Nj�astad * * [109℄1999 Ohya [111℄ *1999 Ong * [113℄1999 Pavlovi�
 * [116℄ *1999 Pl�ankers * [120℄1999 Ritts
her * [123℄1999 Segawa [129℄ *1999 Wa
hter * [140℄1999 Wren * [147℄



3.2 Surveys and Taxonomies 41Year First author Initialisation Tra
king Pose estimation Re
ognition2000 Hilton [57℄ *2000 Hu * [60℄2000 Iwasawa * [68℄2000 Joji
 [70℄ * *2000 M
Kenna [96℄ *2000 Moeslund * * [100℄2000 Moeslund * [101℄2000 Okada * * [112℄2000 Rigoll * [122℄2000 Rosales * [125℄2000 Segawa * [128℄2000 Sidenbladh * * [131℄2000 Wren * * [144℄2000 Wren * [145℄2000 Wu * [149℄2000 Yamamoto * [154℄P Total=136 8 48 64 16Table 3.1: The di�erent publi
ations' relation to the taxonomy. Note that this tableis pla
ed in an appendix in the original publi
ation.exemplify the individual 
lasses in the taxonomies. Generally we will not do this.First be
ause we fo
us more on overall methods and general 
hara
teristi
s andse
ond to avoid drowning the essen
e in implementation details. Therefore, onlythe ideas of individual papers are des
ribed, when relevant. Furthermore, whenpresenting an idea, 
on
ept, or method we will generally refer only to one paperwhere a good des
ription is given. Readers interested in the 
ontents of the papers
an, beside earlier surveys, refer to [98℄ where detailed summaries of many of thepapers used for this survey are presented. A
tually, [98℄ 
ould be 
onsidered anappendix to this paper.3.2.3 AssumptionsAs for 
omputer vision papers in other �elds, various assumptions on the 
onditionsfor motion 
apture are asso
iated with the individual 
ontributions. The a
tualassumptions made 
hara
terise the various systems and provide a useful referen
efor evaluation.The typi
al assumptions may be divided into two 
lasses: movement assumptionsand appearan
e assumptions. The former 
on
erns restri
tions on the movements ofthe subje
t and/or the 
amera(s) involved. The latter 
on
erns aspe
ts of the envi-ronment and the subje
t. In Table 3.2 the relevant assumptions and their asso
iation



42 Computer Vision-Based MoCapwith the two 
lasses are listed.Assumptions related to movements Assumptions related to appearan
e1. The subje
t remains inside the workspa
e Environment2. None or 
onstant 
amera motion 1. Constant lighting3. Only one person in the workspa
e at the time 2. Stati
 ba
kground4. The subje
t fa
es the 
amera at all time 3. Uniform ba
kground5. Movements parallel to the 
amera-plane 4. Known 
amera parameters6. No o

lusion 5. Spe
ial hardware7. Slow and 
ontinuous movements8. Only move one or a few limbs Subje
t9. The motion pattern of the subje
t is known 1. Known start pose10. Subje
t moves on a 
at ground plane 2. Known subje
t3. Markers pla
ed on the subje
t4. Spe
ial 
oloured 
lothes5. Tight-�tting 
lothesTable 3.2: The typi
al assumptions made by motion 
apture systems listed in rankedorder a

ording to frequen
y.The �rst three assumptions related to movements are very general and used in everysystem with a few ex
eptions; see e.g., [36, 19, 106℄. The fourth assumption is mainlyused in human 
omputer intera
tion (HCI) appli
ations and simpli�es the 
al
ula-tion of the overall body pose. The next assumption redu
es the dimensionality of theproblem from 3D to 2D and is often used in appli
ations su
h as gait analysis. Thesixth assumption 
on
erns o

lusion and simpli�es the task of tra
king the subje
tand limbs sin
e the entire posture of the subje
t is visible in every frame. The nextassumption goes both for the movement of the 
amera (if it is allowed to move) andthe subje
t. No sudden movements are allowed and the movements follow a simpleand 
ontinuous traje
tory. This assumption simpli�es the 
al
ulation of the velo
ityof the subje
t and of the 
amera. The eighth assumption allows tra
king to fo
us ononly one or a few body parts. The next assumption is used to simplify the tra
kingand pose estimation problems by redu
ing the solution spa
e. The �nal assumptionallows a 
al
ulation of the distan
e between the 
amera and the subje
t using the
amera geometry and the size of the subje
t.The �rst environmental assumption in pra
ti
e 
onstrains the s
ene to be indoors.The next assumption requires a stati
 ba
kground whi
h makes it possible to seg-ment the subje
t based on motion information. The third environmental assumption
onstrains the ba
kground further to have a uniform 
olour and a simple threshold-ing may be used to segment the subje
t. The �rst two assumptions are used in manysystems while the third assumption is used in approximately half of the systems.The fourth assumption 
on
erns 
amera parameters whi
h are ne
essary to knowin order to obtain absolute measures in the registration. The last environmental



3.3 Initialisation 43assumption 
on
erns the use of spe
ial hardware su
h as multiple 
ameras or anIR-
amera.The �rst subje
t assumption about the known start pose is introdu
ed in manysystems to simplify the initialisation problem. The next assumption 
on
erns priorknowledge of the subje
t, e.g., in terms of spe
i�
 model parameters su
h as thesubje
t's height, length, and width of limbs. The last three subje
t assumptionsredu
e the segmentation problems by making the subje
t's stru
ture easier to dete
t.The above assumptions are used to make the human motion 
apture problem tra
tableand they are applied in varying number and sele
tion in all the reviewed papers.Whi
h assumptions a parti
ular system uses depends on its goals. Generally the
omplexity of a system is re
e
ted in the number of assumptions introdu
ed; i.e.,the fewer assumptions, the higher the 
omplexity.3.3 InitialisationAs the �rst of the four major 
ategories of our taxonomy we dis
uss initialisation.Initialisation 
overs the a
tions needed to ensure that a system 
ommen
es its op-eration with a 
orre
t interpretation of the 
urrent s
ene. Sometimes the terminitialisation is also used for prepro
essing of data; see, e.g., Meyer et al. [97℄, orRossi and Bozzoli [126℄. We dis
uss prepro
essing in Se
tion 3.4 as a part of thetra
king pro
edure. Some of the initialisation may be performed o�ine prior tothe start of operation, while other parts preferably are in
luded as the �rst phaseof operation. Initialisation may be simpli�ed by relying on some of the assump-tions dis
ussed above. Initialisation mainly 
on
erns 
amera 
alibration, adaptionto s
ene 
hara
teristi
s, and model initialisation.As for other 
omputer vision systems the parameters of the 
amera often need tobe known. These 
an be obtained through o�ine 
amera 
alibration, and for astationary 
amera setup o

asionally re
alibration will suÆ
e. If something in thesetup regularly 
hanges, a pro
edure for online 
alibration may be preferred as inthe work by Azarbayejani et al. [7℄. However, virtually all other systems are basedon o�ine 
alibration.Initialisation to adapt the s
ene 
hara
teristi
s mainly relates to the appearan
eassumptions and the segmentation methods (des
ribed in Se
tion 3.4) using them.In systems based on these assumptions a typi
al o�ine initialisation is 
arried outto �nd the thresholds and 
apture referen
e images whi
h will be used during pro-
essing. In some systems initialised parameters are used in an adaptive pro
edureto 
al
ulate (and update) s
ene 
hara
teristi
s on the 
y [53℄.Model initialisation is 
on
erned with two things: the initial pose of a subje
t andthe model representing the subje
t. Both are 
losely related to model-based poseestimation des
ribed in Se
tion 3.5.



44 Computer Vision-Based MoCapRohr [124℄ uses a model-based approa
h to estimate the pose of a subje
t and hedes
ribes the overall problem as �rst �nding the initial pose of the human and thenin
rementing it from frame to frame. This stru
ture represents the design of manymodel-based pose estimation systems. In the majority of these systems the overallproblem is redu
ed either by assuming that the subje
t's initial pose is known as aspe
ial start pose [27℄ or by having the operator of the system spe
ify it [153℄. Peralesand Torres [118℄ take this idea to the extreme by having the operator spe
ify thepose in every single frame. Zheng and Suezaki [156℄ use a similar approa
h butthey only manually �t the pose at some key frames and have the system interpolate,using 
orrelation, between frames.Only a few systems a
tually have a spe
ial initialisation phase where the start poseis found automati
ally [124℄. In some systems the same algorithm is used for initial-isation and during tra
king/pose estimation [109℄. This indi
ates that no temporalinformation is used and nothing is learned by the system during pro
essing. Thesesystems are usually not 
onsidered initialisation sin
e they do not address the ini-tialisation problem in a general sense, but rather in a spe
ial situation 
onstrainedby the assumption of a known motion pattern.The result of a model-based approa
h is usually dependent on how well the subje
t�ts the human model in the system, i.e., the 
omplexity of the model. Some systemsuse a general model whi
h is an average of many individuals [9℄. Others measure the
urrent subje
t and generate a model based on these data. This may be done o�ine[49, 86℄ or online as by Wren et al. [143℄. In the latter, analysis of the subje
t's initialpose is 
arried out to build an initial model whi
h is re�ned as more informationbe
omes available to the system. Generating a personalised model mainly relieson building up a 3D shape of the subje
t through multiple 
ameras, e.g., stereore
onstru
tion [103, 107℄, and then mapping texture onto the shape model. Thepersonalised model may also be obtained by �tting a generi
 model to 
urrent data[57, 156℄.In 
omputer graphi
s the 
on
ept of using real images of humans to animate per-sonalised human models is be
oming more popular. A 
lear tenden
y towards themerging of 
omputer vision and 
omputer graphi
s is appearent [85℄ and person-alised models are being in
orporated into 
omputer vision-based motion 
apturesystems [55℄ to improve performan
e.3.4 Tra
kingTra
king is a well-established resear
h �eld whi
h may be addressed from variousviewpoints. In this 
ontext we de�ne tra
king as establishing 
oherent relations ofthe subje
t and/or limbs between frames. What is needed to a
hieve this dependson the 
ontext. Tra
king may be seen as a separate pro
ess, as a means to preparedata for pose estimation, or as a means to prepare data for re
ognition.



3.4 Tra
king 45If 
onsidered a separate pro
ess the subje
t is typi
ally tra
ked as a single obje
t(without any limbs) and no high-level knowledge is used. An example is the workby Tsukiyama and Shirai [136℄. They dete
t moving people in a hallway by �rstdete
ting moving obje
ts, then �nding the obje
ts 
orresponding to humans, and�nally tra
king the moving humans over time.If the tra
king pro
ess prepares data for pose estimation its purpose is to extra
tspe
i�
 image information, either low level, su
h as edges, or high level, su
h ashands and head. An example of low-level tra
king is seen in the Walker system byHogg [59℄. Here edges are extra
ted from the image and mat
hed against the edgesof a human model to determine the pose of the model/human. An example of high-level tra
king is seen in the P�nder system by Wren et al. [143℄ where the humanbody is tra
ked in 2D using statisti
al models of the ba
kground and foreground tosegment the image into blobs. Some of these blobs represent the hands and feet ofthe subje
t yielding some sort of limb representation.If tra
king prepares data for re
ognition, the task is usually to represent data in anappropriate manner. An example of this was published by Polana and Nelson [121℄where 
ow information and down-sampling are used to represent image informationin a 
ompa
t manner whi
h is pro
essed by a 
lassi�er to re
ognise six di�erent
lasses, e.g., walking and running.Independent of the 
ontext of tra
king, three 
ommon aspe
ts 
an be identi�ed.First, nearly every tra
king algorithm within human motion 
apture starts withthe �gure-ground segmentation problem, i.e., segmenting the human �gure fromthe rest of the image. Se
ond, these segmented images are transformed into anotherrepresentation to redu
e the amount of information or to suit a parti
ular algorithm.Third, how the subje
t should be tra
ked from frame to frame is de�ned.3.4.1 Figure-Ground SegmentationFigure-ground segmentation may be based on either temporal or spatial information.Table 3.3 shows how the data may be 
hara
terised in further detail.Temporal data Spatial dataSubtra
tion Flow Threshold Statisti
sTwo images Points Chroma-keying PixelsThree images Features Spe
ial 
lothes BlobsBa
kground Blobs IR ContoursTable 3.3: The various 
hara
teristi
s and sub
lasses of �gure-ground segmentationapproa
hes.



46 Computer Vision-Based MoCapTemporal DataThe use of temporal data is mostly based on the assumption of a stati
 ba
kground(and 
amera). In this 
ase the di�eren
es between images from a sequen
e mustoriginate from the movements of the subje
t. Two sub
lasses may be introdu
ed:subtra
tion and 
ow.Subtra
tion is widely used by simply subtra
ting the 
urrent image from the previousimage in a pixel by pixel fashion, using either the intensity values [121℄ or thegradients [4℄. An improved version is to use three 
onse
utive images instead oftwo [78℄. The result re
e
ts movements (and noise) between the images unless thesubje
t has the same intensity or 
olour as the ba
kground. The use of ba
kgroundsubtra
tion is very popular. If the s
ene is stati
, a noise-free ba
kground imagewithout any subje
t(s) may be re
orded and used as a referen
e in a subtra
tions
heme [106℄. A more advan
ed version is to update the ba
kground image duringpro
essing [53℄.Flow is here used as a general term des
ribing 
oherent motion of points or featuresbetween image-frames. An example of su
h a 
ow using points is des
ribed byYamamoto and Koshikawa [153℄. They �nd the motion parameters of a humanbody part by 
al
ulating the opti
al 
ow of several points within this part and
ompare them to the movements of a model of the part. Gu et al. [48℄ instead tra
kedge features, de�ned by their length and 
ontrast, in 
onse
utive images using theopti
al 
ow 
onstraint. In the work by Bregler [17℄ ea
h pixel is represented by itsopti
al 
ow whi
h is grouped into blobs having 
oherent motion and represented bya mixture of multivariate Gaussians.Figure-ground segmentation based on temporal data assumes the subje
t to be theonly moving obje
t in the s
ene (or rather in the region of interest). In many 
asestemporal data are a strong alternative to spatial data. Temporal data are usuallysimpler to extra
t and fo
us dire
tly on the target of motion 
apture. A number ofsystems are based on mapping the motion data dire
tly to human pose through aninverse kinemati
 framework, see e.g. [18℄.Spatial DataThe use of spatial data falls into two distin
t sub
lasses: thresholding and statis-ti
al approa
hes. The former is simple pro
essing based on spe
ial environmentalassumptions. The latter is a rather advan
ed 
lass where some of the appearan
eassumptions exploited by the subtra
tion methods are relaxed.If the subje
t's 
olour or intensity appears di�erent from the rest of the s
ene it maybe segmented using simple thresholding. A good example is Chroma-keying where aperson appears in front of a one-
olour, usually blue, s
reen wearing nonblue 
lothes.By thresholding, the person 
an easily be separated from the ba
kground [32, 65℄.The opposite approa
h, where the subje
t wears one 
olour, usually dark, 
lothes
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king 47against a di�erent ba
kground is also very popular [12℄. A spe
ial version of this ideais to make the subje
t wear markers (passive or a
tive) whi
h are easily segmentedby thresholding [21, 46℄. A related approa
h is to use an IR 
amera. Thermal images
an be obtained where the subje
t is easy to segment through thresholding as theonly "hot" obje
t in the s
ene [66℄.The statisti
al approa
hes use the 
hara
teristi
s of individual pixels or groups ofpixels to extra
t the �gure from the ba
kground. The 
hara
teristi
s are typi
ally
olours and edges. Some approa
hes are inspired by the ba
kground subtra
tionmethods des
ribed above. A sequen
e of ba
kground images of the s
ene is re
ordedand the mean and varian
e intensity or 
olour of ea
h pixel are 
al
ulated over time.In the 
urrent image ea
h pixel is 
ompared to the statisti
s of the ba
kgroundimage and 
lassi�ed as belonging to the ba
kground or not [151℄. This approa
h isbe
oming in
reasingly popular due to its robustness 
ompared to the subtra
tionapproa
hes. In the work by M
Kenna et al. [96℄ the approa
h is 
ombined withthe statisti
s of pixel gradients to remove the shadows 
ast by subje
ts. A moreadvan
ed version is used in the blob approa
hes, where the subje
t is modelled bya number of blobs with individual 
olour and spatial statisti
s. Ea
h pixel in the
urrent image is then 
lassi�ed as belonging to one of the blobs a

ording to its
olour and spatial properties [143℄.Another statisti
al approa
h is to use stati
 or dynami
 
ontours, where dynami
is usually named a
tive 
ontours, and stati
 refers to the use of prede�ned stati
stru
tures representing a part of the subje
t's outline. These stru
tures 
onsist ofedge segments and other attributes. Long and Yang [92℄ uses Logs, whi
h is an areade�ned by two parallel edge segments and a number of attributes. These are foundin the image and used to extra
t human body parts by 
omparing them with ahuman model 
onsisting of Logs. The a
tive 
ontours are used in a similar mannerex
ept they have the ability to adjust their shape on the 
y, hen
e a
tive. Theirdeformation is 
ontrolled by external and internal energy fun
tions. The former �tsthe 
urve to the image features, e.g., edges, while the latter adjusts the smoothnessof the 
urve. This type of a
tive 
ontours is also 
alled snakes and works relativelywell when the 
hanges in the stru
ture of the obje
t are unknown. If a shape modelis used the a
tive 
ontour is known as a deformable template [13℄. A
tive 
ontoursmay be used to extra
t the entire outline of the subje
t [9℄ or to extra
t individualbody parts [75℄. A related approa
h is to extra
t the silhouette instead of the
ontour. Rigoll et al. [122℄ use a sto
hasti
 approa
h to silhouette extra
tion. Theyuse pseudo-2D Hidden Markov models (HMM) (nested one-dimensional HMMs), toextra
t the silhouette in a dis
rete 
osine transformed (DCT) representation of theimage.The use of thresholding to pro
ess spatial data is strongly dependent on a num-ber of appearan
e assumptions. This might seem unreasonable if the goal is anassumption-free vision system with human 
apabilities. However, there will alwaysbe a range of appli
ations where the environment and the subje
t 
an be 
ontrolled,



48 Computer Vision-Based MoCapas underlined by the fa
t that one of the most widely used and robust �gure-groundsegmentation method is Chroma-keying. In more un
onstrained appli
ations, thestatisti
al methods are a far better 
hoi
e due to their adaptability. The use of pixelstatisti
s is a good 
on
ept, but region-based methods, using e.g., blobs, tend tobe more reliable. On the other hand it is more diÆ
ult to model larger entities of
orrespondingly higher 
omplexity. The a
tive 
ontours aim dire
tly at extra
tingthe shape of the subje
t and 
an be very eÆ
ient. However, they require a goodinitial �t and have diÆ
ulties with 
omplex arti
ulated obje
ts su
h as the humanbody. The best way to exploit them seems to require an a
tive 
ontour for ea
hbody part.3.4.2 RepresentationSegmented entities are des
ribed 
ompa
tly by some 
onvenient representation.There are in prin
iple two types of representations: the obje
t-based representationwhi
h is based on the �gure-ground segmentation and the image-based representa-tion whi
h is derived dire
tly from the image. In Table 3.4 the various types ofrepresentations are shown.Obje
t-based Image-basedPoint SpatialBox Spatio-temporalSilhouette EdgeBlob FeaturesTable 3.4: The various types of data representations.Obje
t-Based RepresentationThe obje
t-based representations rely mainly on the output from the �gure-groundsegmentation. Therefore some of the arguments and des
riptions from Se
tion 3.4.1also apply here.The point representation is suÆ
ient in systems using passive or a
tive markers.The a
tive markers yield a high 
ontrast in the images and provide a robust rep-resentation [132℄. If more than one 
amera is used in a marker-based system a 3Drepresentation may be obtained [104℄.The box representation is used in many systems. The philosophy is to representthe subje
t by a set of boundary boxes 
ontaining the pixels or regions found in the�gure-ground segmentation pro
ess. Some systems tra
k these boxes over time [106℄,while others use them as intermediate representations [143℄, whi
h are pro
essed(rerepresented) further in pose estimation.



3.4 Tra
king 49The silhouette representation is popular due to its simpli
ity. It 
an be obtainedusing the thresholding or subtra
tion methods from �gure-ground segmentation. Itis used in both 2D and 3D. The 2D representation is usually straightforward [91℄,but 
an also be more 
omplex as in the work by Baumberg and Hogg [9℄, where thesilhouette (or rather a
tive 
ontour) is represented even further using 
losed uniformB-splines with a �xed number of 
ontrol points equally spa
ed around the silhouette.This a
tually makes it a 
ontour representation but equivalent to a silhouette. The3D (volumetri
) silhouette 
an be obtained using 
ombined 2D silhouettes [15℄ ordire
tly using stereo approa
hes [71℄. The silhouette representation may, as was the
ase for the box representation, be tra
ked dire
tly [53℄ or more likely pro
essed(rerepresented) further in pose estimation [52℄.The blob representation typi
ally follows some of the �gure-ground segmentationapproa
hes des
ribed under 
ow and statisti
s. The subje
t is represented as ablob or a number of blobs ea
h having some similar 
hara
teristi
s. The similarities
an be 
oherent 
ow [73℄, similar 
olours [54℄, or both [17℄. The main philosophy ofgrouping information a

ording to similarities is inspired by resear
h into the humanvisual system by the Gestalt s
hool in the 1930s [82℄.
Image-Based RepresentationThis 
lass of representations is based dire
tly on the pixels of the image. The repre-sentations are either derived from the image independent of the presen
e of an obje
tor possibly 
onstrained to the interior of one of the representations des
ribed above.These images (or image parts) may be transformed into another spa
e spanned bynon-Cartesian basis fun
tions, yielding a more 
ompa
t representation of the data orimage. Transformations used are, e.g., Fourier, prin
iple 
omponet analysis (PCA),DCT, and Wavelets.A more advan
ed representation is obtained when in
luding the temporal dimensionin the representation [25℄. This allows for motion-related features to be in
luded inthe des
ription.A third sub
lass of image-based representations is edges. They may be representedby points [45℄ or as line segments whi
h are more robust to noise [124℄.The last form of representation is features. Features are usually 
omputed fromone of the previously mentioned types of representation 
ombined with additionalinformation. Christensen and Corneliussen [27℄ use the length, area, and 
olour torepresent the individual body parts found by thresholding an image of a subje
twearing spe
ial 
oloured 
lothes.
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king over TimeTra
king over time is �nding 
orresponding obje
ts in 
onse
utive frames where theobje
ts may be any of the representations from Table 3.4. The diÆ
ulties of this taskare related to the 
omplexity of the s
ene and the 
omplexity of the tra
ked obje
ts.The latter is again related both to the degrees of freedom of individual obje
ts andto their representation. Tra
king more points in an obje
t is equivalent to tra
kingmultiple obje
ts simultaneously. The points or obje
ts (hereafter obje
ts) may splitand merge into new obje
ts due to o

lusion or image noise, or the appearan
e ofan obje
t may 
hange due to shadows and 
hanges in the lighting.The 
orresponden
e analysis is often supported by predi
tion. Based on previouslydete
ted obje
ts and possibly high level knowledge the state of the obje
ts (ap-pearan
e, position, et
.) in the next frame is predi
ted and 
ompared (using somemetri
) with the states of obje
ts found in the a
tual image. Predi
tion introdu
esa region-of-interest in both image spa
e and state spa
e and hereby redu
es theoverall need for pro
essing. The predi
tion of the various state parameters is basedon a model of how they evolve over time. A model of velo
ity and a

eleration[101℄ or more advan
ed models of movements su
h as walking [124℄ may be used.An alternative approa
h is to learn probabilisti
 motion models prior to operation[116℄. A 
ommonly used method for predi
tion is the Kalman �lter, whi
h is also
apable of estimating the un
ertainties of the predi
tion. These un
ertainties maybe used to determine the regions-of-interest.The Kalman �lter is unfortunately restri
ted to situations where the probability dis-tribution of the state-parameters is unimodal. In the presen
e of o

lusion, 
lutteredba
kground resembling the tra
ked obje
ts, and 
omplex dynami
s, the distributionis likely to be multimodal. Alternative tra
king algorithms have therefore beendeveloped 
apable of tra
king multiple hypotheses, i.e., support multimodal distri-butions. Most re
ognised is perhaps the Condensation algorithm [64℄. It is based onsampling the posterior distribution estimated in the previous frame and propagatingthese samples to form the posterior for the 
urrent frame. The method has shownto be a powerful alternative to the Kalman �lter [113, 131℄. However, sin
e it isnonparametri
 it requires a relatively large number of samples to ensure a fair max-imum likelihood estimate of the 
urrent state. In high-dimensional problems a moreeÆ
ient method might be ne
essary. In the work by Cham and Rehg [24℄ only thepeaks of the posterior distribution are sampled and propagated to the next frame,resulting in relatively few samples. Furthermore, a distribution is formed by pie
e-wise Gaussians where the means are given by the propagated (predi
ted) samplesand the 
ovarian
es by the un
ertainties of the predi
tions. Hen
e the distributionis parametri
 and allows for a dire
t maximum likelihood estimate.Another tra
king aspe
t arises when multiple 
ameras are used. Some systems havea

ess to more 
ameras than required and therefore need to de
ide whi
h 
amera(s)or image(s) to use at ea
h time instant. Various measurements are introdu
ed to



3.5 Pose Estimation 51quantify the individual viewpoints in terms of ambiguity [113℄, o

lusion [75℄, andin general reliability of data [67, 138℄.3.5 Pose EstimationPose estimation is the pro
ess of identifying how a human body and/or individuallimbs are 
on�gured in a given s
ene. Pose estimation 
an be a postpro
essing step ina tra
king algorithm or it 
an be an a
tive part of the tra
king pro
ess. Various levelsof a

ura
y may be required in pose estimation. At one extreme 
oarse estimationsare 
arried out yielding only information about the subje
t's hands and head (oreven simpler, the body's 
entre of mass) whi
h 
ould be used in a surveillan
e systemor in a HCI system. At the other extreme the pre
ise pose in terms of positions,orientation, width, et
. of ea
h limb is estimated. The latter allows for, e.g., dire
t
opy-
at interfa
es to virtual environments or as input data to medi
al studies. Dueto the 
omplexity involved in this type of pose estimation, only one subje
t or a fewbody parts are 
onsidered.A 
ommon aspe
t of pose estimation is the use of a human model. Usually ageometri
 model of the human body is applied, but other models, su
h as motionmodels, may also be applied. The model may be used for various purposes and atvarious levels. The general 
on
ept of using a human model is to exploit the fa
tthat the system is dedi
ated to analyse a human and therefore may in
orporateknowledge about humans into its pro
essing.Due to the extensive use of human models it is a good 
ue for a taxonomy. In formersurveys the dimensionality of the applied (geometri
) model is used to distinguishbetween various model-based approa
hes. This provides a good overview of 2D and3D approa
hes, as seen in the surveys by Aggarwal and Cai [1℄, and Gavrila [44℄,respe
tively. However, in some 
ases it is not 
lear whether a system is a 2D or a3D approa
h, e.g., when 2D data are 
ombined into 3D data using triangulation.Instead, we suggest investigating how various systems apply a human model. Poseestimation is therefore divided into three 
lasses. The �rst 
lass, model-free 
oversapproa
hes where no a priorimodel is used. The other two 
lasses of pose estimationmethods, indire
t model use and dire
t model use, are 
hara
terised by having ahuman model beforehand. In the indire
t 
ase the model is used as a referen
eto 
onstrain and guide the interpretation of measured data. In the dire
t 
ase themodel is maintained and updated by the data, and hen
e at any time it in
ludes anestimate of the pose.3.5.1 Model-FreeIn this 
lass of methods no a priori model is used. The methods do, however, buildsome sort of model to represent the pose. These pose representations are points,
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k-�gures. The two �rst are similar to the obje
t-based rep-resentations des
ribed in the previous se
tion, while the sti
k-�gure representationis more advan
ed.The pose of the subje
t may be represented by a set of points and is widely usedwhen markers are atta
hed to the subje
t. Without the markers, the hands and thehead may be estimated from the image represented by just three points [143℄. Thisis a very 
ompa
t representation whi
h suÆ
es for a variety of appli
ations. Thesethree points are usually found using 
olour segmentation [101℄ or blob segmentations[143℄.A subje
t may be represented by simple boundary boxes [32℄. The box representa-tion is, however, mainly used as an intermediate representation during pro
essingand not as the �nal representation. Instead, shapes whi
h are more human-like,su
h as ellipses [106℄, may be used as a �nal representation.The sti
k-�gure representation in
ludes stru
ture information resembling the humanskeleton. It is a popular representation in systems where the gait of a subje
t isstudied. The sti
k-�gure is obtained in various ways, e.g., dire
tly using a medialaxis transformation [12℄ or a distan
e transformation [66℄. A distan
e transformationis slightly more advan
ed allowing for suppression of noninteresting parts, e.g., armswhen sear
hing for the torso. Both methods give a dire
t but noisy estimate of thehuman skeleton.A rather di�erent approa
h to pose estimation without the use of an a priorimodel isto learn a mapping dire
tly from image features to pose data. These type of systemsrely on extensive training using ground truth data obtained with 
ommer
ial motion
apture systems. Below two examples are given.Rosales and S
laro� [125℄ use 3D ground truth data of a subje
t's joints to train theirsystem. For a number of viewpoints the 3D data are mapped into 2D joint positions.For the same viewpoints a 
ylinder model is used to synthesise a silhouette and itsHu-moments are 
al
ulated. The 2D joint positions are for all training sets 
lusteredinto a number of Gaussians using the expe
tation maximization (EM) algorithm[39℄. For ea
h 
luster a neural network is trained whi
h maps Hu-moments into 2Djoint positions. During pro
essing the Hu-moments are 
al
ulated from an imagesilhouette and feed to ea
h neural network, resulting in a pose 
andidate for ea
h
luster. The 
andidates are ea
h synthesised and their Hu-moments are 
omparedto those found from the image in order to evaluate the di�erent hypotheses. This
omparison is similar to the use of silhouettes des
ribed in Se
tion 3.5.3.In the work by Brand [16℄, the paths through the 3D state spa
e obtained throughtraining are modelled using an HMM where the states are linear paths modelled bymultivariate Gaussians. As above the moments (
entral) are found by synthesisingvarious poses. The moments are asso
iated to the HMM; i.e., a new HMM is ob-tained with moments as input and pose parameters as hidden states. Altogether asequen
e of moments is mapped to the most likely sequen
e of 3D poses. Obviously
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h is either o�ine or in
ludes a signi�
ant time-lag, but it has the abilityto resolve ambiguities using hindsight and foresight.
3.5.2 Indire
t Model UseThe methods in this 
lass use an a priori model when estimating the pose of asubje
t. They use the model as a referen
e or look-up table from whi
h relevantinformation may be extra
ted to guide the interpretation of measured data.Various types of models and various levels of detail are used. The level of detailsranges from just the height of the subje
t to both stru
ture and dynami
 informationabout subje
ts. The estimated pose of systems in this 
lass is generally not verydetailed. Typi
ally positions of the head, hands, and feet or a rough des
ription ofthe entire human body is used to represent the pose.A simple human model is the aspe
t ratios between the various limbs [20, 53℄ whi
hmay be used to guide the pose estimation. In the work by Leung and Yang [90℄the outline of the subje
t is estimated as edge regions des
ribed using 2D ribbonswhi
h are U-shaped edge segments. A 2D ribbon model guides the labelling of theimage data by sear
hing for stru
tures similar to the model. To sele
t among thevarious labelled image parts they apply more high-level knowledge su
h as expe
tedmotion. Nj�astad et al. [109℄ also assume a known motion pattern whi
h is used tode�ne where to sear
h for the individual body parts with respe
t to the torso. Arelated 
on
ept is to have key frames beforehand as used by Attwood et al. [6℄ andAkita [3℄, who exploits them to predi
t o

lusion in the next frame, whi
h againguides the pro
essing. Haritaoglu et al. [52℄ went a step further by �rst 
al
ulatingwhi
h overall pose is present (standing, 
raw-bend, laying down, and sitting) andthen using this information to �nd the individual parts. Wren and Pentland [146℄generalised the 
on
ept of knowing the motion beforehand by suggesting that variousbehaviour models may be used to improve the pose estimation. An example of thiswas also published by Iwai et al. [65℄ where six di�erent motion models are used.On the borderline to dire
t model use O'Rourke and Badler [115℄ des
ribe a ratherdetailed human model. The model is used to ensure that the predi
ted human poseis realisti
. The same approa
h is used in Hunter et al. [62℄ where the estimatedpose is proje
ted onto a feasible manifold in the solution spa
e, ensuring a realisti
pose. Io�e and Forsyth [63℄ use the probability of various model 
on�gurations toguide the estimation of the pose of one or more people. In the work by Wren andPentland [145℄ model information is used to estimate the pose of the elbows afterthe head and hands have been lo
ated.
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t Model UseBy dire
t model use we mean that an a priori human model is used as the modelrepresenting the observed subje
t. It is then 
ontinuously updated by the obser-vations. Hen
e, this model provides any desired information in
luding pose at anytime. Approximately 40% of the surveyed papers use a model in this manner andthey are all listed in Table 3.5.The models used in this se
tion are generally very detailed. They expli
itly existwithin the 
omputer program and are used intensively in the pro
essing phase. Animportant bene�t gained by introdu
ing a human model is the ability to handleo

lusion and the ease by whi
h various kinemati
 
onstraints may be in
orporatedinto a system.A human model is represented by a number of joints and the sti
ks (bones) 
on-ne
ting them. The sti
ks and the "
esh" surrounding them may be represented invarious ways depending on the level of detail needed by a system. In Table 3.5 thetype of model used by ea
h system, the number of segments in the model, and theparts of the subje
t being estimated, are listed in 
olumns 3, 4, and 5, respe
tively.The more 
omplex the model, the better results may be expe
ted but on the expenseof more pro
essing and training.The 
on
rete representation of the human model is a state spa
e where ea
h axisrepresents a degree of freedom of a joint in the model. One pose of the subje
tmay be expressed as one point in the state spa
e as opposed to many points in the2D image spa
e. The problem is how to use this state spa
e representation and,hen
e, how to relate image data to pose data. The general approa
h is known asanalysis-by-synthesis and used in a predi
t-mat
h-update fashion. The philosophy isto predi
t the pose of the model 
orresponding to the next image. The predi
tedmodel is then synthesised to a 
ertain abstra
tion level for 
omparison with theimage data.When 
omparing the real and synthesised data a similarity measure is used to eval-uate how alike the image and the synthesised model are. Typi
ally this is done fora number of predi
ted model poses until the 
orre
t (best) pose is found and usedto update the model in the system.Clearly the state spa
e, even with a 
oarse resolution, des
ribes a very large numberof possible model poses unreasonable to synthesis for mat
hing. Therefore 
on-straints are introdu
ed to prune the state spa
e. An obvious and substantial redu
-tion of the range of ea
h parameter and its derivatives in the state spa
e is a
hievedby introdu
ing the kinemati
 
onstraints of the human motor system, e.g., the bend-ing of the elbow is between 0 and 145Æ. This may be used dire
tly to partition thestate spa
e into legal and illegal regions, as in [100℄, or the 
onstraints may be de-�ned as for
es a
ting on an un
onstrained state phase, as in [144℄. The fa
t that twohuman body parts 
annot pass through ea
h other also introdu
es 
onstraints. An-other approa
h to redu
e the number of possible model poses is to assume a known



3.5 Pose Estimation 55Year First author Model type Parts Obje
t Ab. level Dim.1983 Hogg [58℄ Cylinders 14 Body Edges 2121984 Hogg [59℄ Cylinders 14 Body Edges 2121985 Lee [83℄ Sti
k-Figure 17 Body Joints 31989 Attwood [6℄ Cylinders 16 Body Joints 31991 Wang [141℄ Cylinders 2 Leg Motion 31991 Yamamoto [153℄ CAD Model 4 U Body Motion 2121992 Lee [84℄ Sti
k-Figure 17 Body Joints 31992 Luo [94℄ Sti
k-Figure 6 Body Silhouettes 31992 Wang [142℄ Cylinders 2 Leg Motion 31993 Kameda [79℄ Pat
hes 17 Body Silhouettes 2121994 Guo [50℄ Sti
k-Figure 10 Body Sti
ks 21995 Gon
alves [47℄ R-
ir
ular 
ones 2 Arm Edges 31995 Kameda [80℄ Pat
hes 15 Body Silhouettes 2121996 Gavrila [45℄ Super-Quadri
s 10 Body Edges 31996 Ju [73℄ Planar Pat
hes 2 Leg Motion 21996 Kakadiaris [77℄ D Silhouettes 2 Arm Silhouettes 31996 Kameda [78℄ Pat
hes 9 U Body Silhouettes 2121997 Christensen [27℄ Cylinders 10 Body Sti
ks 21997 Lerasle [86℄ CAD Model 2 Leg Texture 31997 Meyer [97℄ Boxes 6 Body Contours 2121997 Rohr [124℄ Cylinders 14 Body Edges 2121997 Wa
hter [139℄ R-Ellipti
al Cones 10 Body Edges 31998 Bregler [18℄ Ellipsoids 10 Body Motion 31998 Fua [42℄ Ellipsoids 2 Arm Silhouettes 31998 Joji
 [71℄ D Super-Quadri
s (5)6 (U) Body Contours 31998 Kakadiaris [75℄ D Silhouettes 4 Arms Silhouettes 31998 Li [91℄ Re
tangles 14 Body Silhouettes 21998 Munkelt [104℄ Modi�ed Cylinders 10 Body Joints 31998 Silaghi [132℄ Sti
k-Figure 16 Body Sti
ks 31998 Wren [146℄ Sti
k-Figure 5 U Body Blobs 31998 Yamamoto [152℄ CAD Model 9 Body Motion 31998 Yaniz [155℄ Sti
k-Figure 16 Body Sti
ks 31999 Cham [24℄ S
aled Prismati
s 10 Body Texture 21999 Delamarre [37℄ Cones and Spheres 15 Body Silhouettes 31999 Iwai [65℄ Sti
k-Figure 6 U Body Silhouettes 31999 Lerasle [87℄ CAD Model 2 Leg Texture 31999 Nj�astad [109℄ Cylinders 10 Body Contours 2121999 Ong [113℄ Sti
k-Figure 4 Arms Contour 31999 Pavlovi�
 [116℄ S
aled Prismati
s 6 Body Texture 21999 Pl�ankers [120℄ Ellipsoids 6 Arm Depth 31999 Wa
hter [140℄ R-Ellipti
al Cones 10 Body Edges 31999 Wren [147℄ Sti
k-Figure 5 U Body Blobs 3



56 Computer Vision-Based MoCapYear First author Model type Parts Obje
t Ab. level Dim.2000 Hu [60℄ Re
tangles 10 Body Silhouette 22000 Moeslund [100℄ Cylinders 2 Arm Silhouette 32000 Moeslund [101℄ Cylinders 2 Arm Silhouette 32000 Okada [112℄ Boxes & Cylinders 4 U Body Motion/Depth 32000 Rosales [125℄ Cylinders 10 Body Silhouette 22000 Sidenbladh [131℄ Cylinders 10 Body Texture 32000 Wren [145℄ Sti
k-Figure 5 U Body Blobs 32000 Yamamoto [154℄ CAD Model 11 Body Motion 3Table 3.5: The papers where a human model is used dire
tly. The �rst and se
ond
olumn states the publi
ation year and �rst author. The third shows how the humanis modelled. The fourth shows the number of parts in the model. The �fth showswhi
h part of the subje
t is analysed. The sixth shows whi
h abstra
tion level thesystem works at and the last shows the dimensionality of the pose estimated data.D, deformable; R, right; U, upper.motion pattern - espe
ially 
y
li
 motion su
h as walking and running. In the workby Rohr [124℄ gait parallel to the image plane is 
onsidered. Using a 
y
li
 motionmodel of gait all pose parameters are estimated by just one parameter, whi
h spe
i-�es the 
urrent phase of the 
y
le. This is the most eÆ
ient pruning en
ountered inthe surveyed literature. Ong and Gong [113℄ map training data into the state spa
eand use PCA to �nd a linear subspa
e where the training data 
an be 
ompa
tlyrepresented without loosing too mu
h information. Pavlovi�
 et al. [116℄ take thisidea a step farther by learning the possible or rather likely traje
tories in the statespa
e from training data; i.e., dynami
 models are learned. Yet another approa
h isto rerepresent the state spa
e more eÆ
iently (without loosing any information asin PCA). In the work by Moeslund and Granum [100℄ the state spa
e representationof an arm is given in just two parameters instead of the usual four (two for theshoulder and two for the elbow) using geometri
 reasoning.The systems also di�er in the way they 
ompare the syntheti
 data and the imagedata. Even after the 
onstraints have been applied a brute for
e 
omparison isseldom realisti
. Therefore, the mat
hing problem is formulated as a fun
tion whi
his optimised. Due to the high dimensionality of the problem an analyti
 solution isnot possible and a numeri
 iterative approa
h is generally used [140℄. An alternativeapproa
h is to predi
t just one state and let the di�eren
e between the synthesiseddata and the measurements be used as an error signal to 
orre
t the state of themodel [47, 147℄. An ex
ellent framework for this type of approa
h is the Kalman�lter. Yet another approa
h is to predi
t the most likely states using a multiplehypothesis framework (see Se
tion 3.4.3) [24℄.If proper 
onstraints are introdu
ed, the state spa
e is redu
ed signi�
antly. Com-



3.5 Pose Estimation 57bining this with an e�e
tive mat
h s
heme the analysis-by-synthesis approa
h 
an bevery su

essful. The papers in Table 3.5 all use the analysis-by-synthesis approa
hand they have produ
ed some of the best results within human pose estimation.To give a better understanding of how the analysis-by-synthesis approa
h is usedthe various abstra
tion levels whi
h may be used in a system are des
ribed in thefollowing.Abstra
tion LevelsThe various abstra
tion levels used for 
omparing image data and synthesised dataare edges, silhouettes, 
ontours, sti
ks, joints, blobs, depth, texture, and motion. InTable 3.5 (
olumn 6) ea
h system and its level of abstra
tion 
an be seen. Belowthe various levels are exempli�ed using a number of referen
es.The edges of the model and the subje
t in the image are relatively easy to �nd,espe
ially when the appearan
e-related assumptions are used. Edges are therefore agood representation for the mat
hing pro
ess. One of the �rst analysis-by-synthesispubli
ations was by Hogg [58℄ in 1983. He used image subtra
tion to obtain aboundary box of a human. In this box he found edges and 
ompared them with edgesproje
ted from a human model. He su

essfully showed the e�e
t of the analysis-by-synthesis approa
h. Rohr [124℄ used the same idea, but in a more sophisti
atedsystem where he used Kalman �lter, edge segments, and a motion model tuned towalking to obtain a more robust result. Gavrila and Davis [45℄ worked with thesame problem but without assuming a known motion model. They instead utilisedfour 
amera views and tight-�tting 
oloured 
lothes to obtain good results. They
ompare image and model edges using a robust variant of 
hamfer mat
hing. In thework by Wa
hter and Nagel [140℄ both edges and regional information is applied inthe mat
hing. They also work with un
onstrained motion patterns, but only usingmono
ular vision. Another interesting issue is that they only use edge segmentswhi
h are expe
ted to be visible in the image.A silhouette and its 
ontours are, like edges, relatively easy to extra
t from boththe model and the image. A silhouette has the advantage over edges of being lesssensitive to noise, sin
e it is a region-based data type. On the other hand, �nedetails may be lost in the extra
tion of the silhouette. In the work by Kameda etal. [79℄ the silhouette extra
ted from the image is mat
hed against the silhouette ofthe model and the similarity measure is simply given as the area di�eren
e. Theyuse a lo
al mat
h strategy, i.e., one limb at the time. Hu et al. [60℄ also use a lo
almat
h strategy but they 
onsider both positive and negative mat
hing errors andintrodu
e, weighting of the two in their similarity measure. Furthermore, they applymultis
ale morphologi
 mat
hing to obtain better results. The idea is that the mainstru
tural information is reserved in large morphologi
 s
ale. So both the input andmodel silhouettes are dilated in large s
ale, removing a signi�
ant amount of noiseand thereby improving the result of the mat
hing.
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ontour, rather than the silhouette, is used the �tting between the imageand model data is usually done via a
tive 
ontours, i.e., the for
es whi
h shouldbe applied to the model (a deformable rather than a geometri
 model) to make it�t the image 
ontours are 
al
ulated [75, 71℄. In the work by Meyer et al. [97℄ ageometri
 model is used. The parts of the subje
t are found from opti
al 
ow andrepresented by their 
ontours. These are obtained by a
tive rays whi
h are similarto a
tive 
ontours, ex
ept the problem is redu
ed from 2D to 1D. The 
ontours arethen 
ompared to predi
ted model 
ontours. In some systems a sti
k-�gure modelis mat
hed against an image silhouette. This may, for example, be seen in the workby Luo et al. [94℄ where the silhouette of the subje
t from two di�erent views are
ompared with a synthesised sti
k-�gure model using kinemati
 mat
h 
riteria.The human is represented by its joints or sti
k-�gure sin
e it re
e
ts anatomi
features of the human. Both may be easily obtained from the model sin
e it isbasi
ally de�ned in these terms. However, it may be hard to obtain them dire
tlyfrom the image and usually various assumptions are introdu
ed to simplify matters.In the work by Lee and Chen [83℄ the positions of the joints in the image and the3D length of ea
h segment are known beforehand. Given the 3D position of thene
k a partial tree is build. At ea
h node one of two solutions for the next joint ispossible, sin
e the joint's proje
tion in the image and the 3D length are known. Apath through the tree is equal to one body pose. The tree is pruned using kinemati

onstraints and the assumption that the subje
t is walking. In [84℄ they improvetheir system by introdu
ing a smooth motion 
onstraint. In the work by Attwood[6℄ a similar approa
h is taken, ex
ept that he uses three stati
 postures (standing,kneeling, and sitting) instead of a walking assumption to prune the solution spa
e.In Munkelt et al. [104℄ the 3D positions of the joints are estimated using markersand stereo. These are 
ompared with 3D model joints using a graph-based s
hemeto �nd the 
orre
t pose of the subje
t.A sti
k-�gure representation is 
losely related to a joint representation and alsore
e
ts anatomi
 features whi
h make it tra
table. In the work by Guo et al. [50℄ amodel sti
k-�gure is 
ompared to the image-skeleton found from the silhouette. Toredu
e the 
omplexity of the mat
hing, a potential �eld is introdu
ed. It transformsthe problem into one of �nding a sti
k-�gure with minimal energy in a potential�eld. Predi
tion and angle 
onstraints of the individual joints are introdu
ed tosimplify the mat
hing pro
ess further.In the work by Wren and Pentland [145, 146, 147℄ blobs are used as the abstra
tionlevel. The P�nder algorithm [143℄ (see Se
tion 3.4) is run on two images from twodi�erent 
ameras produ
ing 3D blobs for the hands and the head. Together with adynami
 model, kinemati
 
onstraints, and a Kalman �lter the blobs provide enoughinformation to estimate the pose parameters of the upper body. Another interestingaspe
t of this work is, as mentioned earlier, the in
lusion of behaviour models intothe 
ontrol loop. These models resemble the e�e
t of an a
tive 
omplex 
ontroller(nervous system) as the kinemati
 and dynami
 models resemble the motor system.
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ulties in expli
itly modelling the nervous system they apply learnedprobabilisti
 models, ea
h 
orresponding to a prototypi
al behaviour. They 
hoosea model a

ording to 
urrent observations and thereby allow multiple hypotheses asin the Condensation algorithm.In the work by Pl�ankers et al. [120℄ depth data of a subje
t's right arm is estimatedusing three 
ameras. The subje
t wears tight �tting textured 
lothes to simplify the
orresponden
e problem. The depth data are 
ompared to model ellipsoids in anoptimisation framework.In the work by Lerasle et al. [86, 87℄ a texture representation is used; i.e., the imagedata is used without mu
h prepro
essing. O�ine they generate a model of a subje
t'sleg, whi
h is texture mapped using the real image data where the subje
t wears apair of textured tights. During pro
essing they 
ompare the texture in the imageto the texture on the model using 
orrelation. This is done for several 
ameras,and by merging the results the 3D motion of the leg is estimated. In the work bySidenbladh et al. [131℄ a texture model of ea
h limb is generated o�ine. They use a
ommer
ial motion 
apture system to obtain ground truth 3D pose data. Based onthese data and a 
amera model they derive a mapping between an image pixel andits position on a 
ylinder - modelling a limb. In this way they automati
ally build aweighted texture model of ea
h 
ylinder/limb. Using PCA the models are 
ompa
tlyrepresented in a linear subspa
e. During pro
essing they synthesise various poses,i.e., texture maps, and 
ompare them to the image data to evaluate the similarity.The similarities of the synthesised poses 
onstitute the posterior distribution in theCondensation algorithm where either a smooth motion model or a gait model is usedto propagate the distribution over time.The previous abstra
tion levels have been used in a spatial 
ontext where the stru
-ture of the subje
t is synthesised and 
ompared with image measurements in ea
hframe. Obviously the temporal 
ontext is also 
onsidered, but it is mainly to 
on-strain the sear
h spa
e and thereby making the approa
h suitable for real-timeimplementation. The systems des
ribed later all use the temporal 
ontext moreintensively by estimating the motion between 
onse
utive frames.Instead of �rst �nding the pose of the subje
t in several individual frames and thenusing this information to 
al
ulate the motion, one may measure the motion of thesubje
t between images and set up an inverse kinemati
 framework whi
h makes itpossible to 
al
ulate the 
orresponding motion in the 3D model. That is, the modeland therefore the pose is updated based on the motion in the images. This was�rst done by Yamamoto and Koshikawa [153℄ in 1991. They measured opti
al 
owwithin various body parts and used that through a Ja
obian matrix to update themodel. Ju et al. [73℄ use two planar pat
hes to model a leg - a 
ardboard model.The motion of ea
h pat
h is de�ned by eight parameters. For ea
h frame the eightparameters are estimated by applying the opti
al 
ow 
onstraint on all pixels inthe predi
ted pat
hes. The distan
e between the 
orners of the predi
ted pat
hesare 
onstrained to redu
e the 
omplexity of the estimation. Bregler and Malik [18℄
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on
ept by introdu
ing a twist motion model and exponential mapswhi
h simplify the relation between image motion and model motion. Their novelformulation also has the advantage of being open to both single and multiple views.In addition to lab video sequen
es they also tested their system on a number of thefamous Muybridge images re
orded in 1884.Dimensionality of Pose Estimation Approa
hesThe distin
tion between 2D and 3D systems 
on
erns the dimensionality of the poseestimation approa
hes based on a dire
t use of a human model. Classi�
ation of therelevant systems is provided in the last 
olumn in Table 3.5 where the dimensionalityis indi
ated as 3D, 2D, and 212D a

ording to the de�nitions below.3D refers to estimation of 3D movements. 2D refers to estimating either motion
arried out in 2D, e.g., swinging an arm fronto-parallel to the 
amera, or to themotion observed dire
tly in the image, whi
h per de�nition is 2D.212D refers to either estimating 3D pose data based on 2D pro
essing or testing a3D pose estimating framework on pseudo 3D data. The former o

urs, for example,when a subje
t is walking fronto-parallel to the 
amera. Estimating the pose of thearm and leg 
losest to the 
amera is a 2D problem but due to symmetry and a prioriknowledge the pose of the opposite arm and leg may be estimated produ
ing 3Dpose data, or rather 212D. The latter refers to situations where a 3D model is usedbut for some reason the test data is only 212D, e.g., when the subje
t is walkingfronto-parallel to the 
amera. This makes it hard to judge the su

ess of a 3D poseestimating system and therefore these systems are also referred to as being 212D.Evaluating Pose EstimationAnother aspe
t arising when dis
ussing systems estimating 3D (and pseudo-3D)poses is how to evaluate their results. In the 
ase of 2D pose data a straight forward
omparison with the image data may be used in most 
ases, and pose estimationtailored to a re
ognition task should of 
ourse be tested in this 
ontext; see Se
tion3.6.The problem of evaluating the estimated poses is that usually no ground truth isavailable. Therefore alternative test methods are used whi
h may be divided intoquantitative tests and qualitative tests.Quantitative tests rely on estimating the ground truth in some way and 
omparingit to the estimated data. One way is to move the subje
t and/or limbs along awell-de�ned path where the ground truth is known, e.g., a re
tangular pattern on atable [47℄, or a 
ir
ular groove engraved in a glass plate [75℄. Another approa
h isto use a stati
 obje
t whi
h is measurable, e.g., a doll [71℄, and yet another is to usesyntheti
 data [77℄ or hand segmented data [18℄.



3.6 Re
ognition 61Qualitative tests are widely used and rely on visual inspe
tion. The most straight-forward way is to proje
t the estimated 3D pose into the image and inspe
t, visually,how alike the two are. The proje
tion may be on top of the subje
t [45℄ or nextto him or her [80℄. Another form of visual inspe
tion is to apply the estimatedmotion to a virtual 
hara
ter and see (from various viewpoints) if the movementsseem human-like [120℄.In the future when the motion 
apture devi
es based on a
tive sensing, see Se
tion3.1.2, be
ome 
heaper, less noisy, and easier to use, this might be a good way toobtain ground truth.3.6 Re
ognitionThe re
ognition aspe
t of human motion 
apture 
an be seen as a kind of postpro
essing. It is relevant to in
lude sin
e the re
ognition guides the development ofmany motion 
apture systems as it is their �nal or long time goal. The re
ognitionis usually 
arried out by 
lassifying the 
aptured motion as one of several types ofa
tions. The a
tions are normally simple, su
h as walking and running, but moreadvan
ed a
tions su
h as di�erent ballet dan
e steps have also been studied.Traditionally two di�erent paradigms exist: re
ognition by re
onstru
tion and dire
tre
ognition. The former is based on the 
on
ept of �rst re
onstru
ting the s
ene andthen re
ognising it, while the latter re
ognises dire
tly on the low-level data, e.g.,motion, without mu
h prepro
essing. Whi
h one is preferable is hard to say and bothparadigms may be supported by studies into the human visual system. Johansson[69℄ showed in his moving lights displays (MLD) experiments that the a
tions ofa human may be re
ognised solely on motion (of the lights). This totally agreeswith the idea of re
ognition dire
tly through motion. Later Sumi [134℄ tried to redoJohanson's experiments but turned the data upside down. This resulted in a verypoor re
ognition rate suggesting that a variant model of some kind is used whenre
ognising motion1. This 
ould, of 
ourse, be a motion model but it 
ould alsobe a geometri
 model whi
h agrees with the former paradigm. Another fa
t whi
hsupports the latter is that humans may re
ognise di�erent postures from a singleframe, i.e., without any motion 
ues.The re
onstru
tion paradigm is most relevant for motion 
apture due to its strongrelation to pose estimation, but both paradigms 
an be seen in the literature re-viewed for this survey. Common for the reviewed re
ognition systems is that if pose1In a panel session at a CVPR'2000 post
onferen
e workshop "Human Modeling, Analysis andSynthesis" Pietro Perona performed a similar experiment. He showed a MLD sequen
e whi
heverybody in the audien
e re
ognised as human motion. He then showed another MLD sequen
ewhi
h the majority of the audien
e believed originated from a huge spider (without 
onsideringthe inherent diÆ
ulties involved in a
tually estimating the motion of a spider's limbs). It fa
t, itwas the exa
t same MLD sequen
e, but visualised from above!



62 Computer Vision-Based MoCapestimation is used, it is simply a tool for generating higher level data. The varioussystems may be taxonomised with respe
t to the two paradigms, but some of thesystems do not follow one of the paradigms in a stri
t sense, e.g., when re
ognition isbased dire
tly on image data (not motion). Instead a stru
ture of �rst representingand then 
lassifying the data is used.A more relevant distin
tion is to look at whether the re
ognition is stati
 or dynami
,i.e., whether the re
ognition is based on one or more frames.3.6.1 Stati
 Re
ognitionStati
 re
ognition is 
on
erned with spatial data, one frame at a time. The ap-proa
hes usually 
ompare prestored information with the 
urrent image. The infor-mation may be templates [133℄, transformed templates [114℄, normalised silhouettes[52℄, or postures [22℄. The goal of stati
 re
ognition is mainly to re
ognise variouspostures, e.g., pointing [74℄, standing and sitting [6℄, or spe
ially de�ned posturesused in interfa
es [4, 41℄.In the intera
tive Karaoke system build by Sul et al. [133℄ the postures of thesubje
t are used to trigger and 
ontrol the system. The postures are re
ognised by
omparing the image data to di�erent prere
orded templates. Templates are alsoused in the work by Oren et al. [114℄. O�ine they segment pedestrians in a numberof images and generate a 
ommon template based on Haar wavelets. In run-time thetemplate is 
ompared to various parts of an image to �nd pedestrians. In the workby Freeman et al. [41℄ a 
omputer 
hip 
apable of doing on-board image 
al
ulationsis presented. The 
hip is used to 
al
ulate the orientation histogram of an image inreal time. These histograms are mat
hed against prere
orded histograms of varioushuman postures and the 
urrent pose may be found. In the work by Joji
 et al.[70℄ a dense depth map of the s
ene wherein a subje
t is pointing is used. After adepth-ba
kground subtra
tion the data are 
lassi�ed into points belonging to thearm and points belonging to the rest of the body. The index �nger and top of thehead are found as the two extreme points in the two 
lasses and the line throughthem de�nes the pointing dire
tion.3.6.2 Dynami
 Re
ognitionThese approa
hes use temporal 
hara
teristi
s in the re
ognition task. Relativelysimple a
tivities, su
h as walking, are typi
ally used as test s
enarios. The systemsmay use low-level or high-level data.Low-level re
ognition is typi
ally based on spatio-temporal data without mu
h pro-
essing. The data are spatio-temporal templates [25℄ and motion templates [121℄.The goal is usually to re
ognise whether a human is walking in the s
ene or not [54℄.More high level methods are usually based on pose estimated data. Su
h methods
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ognition 63vary from 
orrelation [12℄ and silhouette mat
hing [32℄ to HMMs [17℄ and neuralnetworks [54℄. The obje
tive is to re
ognise a
tions su
h as walking [124℄, 
arryingobje
ts [51℄, removing and pla
ing obje
ts [96℄, pointing and waving [32℄, gesturesfor 
ontrol [4℄, standing vs walking [53℄, walking vs jogging [116℄, walking vs running[43℄, and 
lassifying various aerobi
 exer
ises [123℄ or ballet dan
e steps [21℄.Chomat and Crowley [25℄ generate motion templates by using a set of temporal-spatial �lters 
omputed by PCA. A Bayes 
lassi�er is used to perform a
tion sele
-tion. In the work by Polana and Nelson [121℄ motion templates are also used but ina di�erent way. Six subsequent motion images are 
omputed. Ea
h motion image isrerepresented by a subsampling where ea
h new pixel 
ontains the number of motionpixels from the original motion image. By representing the six subsampled imagesas a ve
tor it 
an be 
lassi�ed using standard te
hniques. Niyogi and Adelson [108℄also use temporal templates, but in a very spe
ial way. They generate an XT-sli
eby 
on
atenating one of the lowest rows from ea
h image in a sequen
e. If a walking�gure is present an ankle pro�le of the �gure 
an be seen in the XT-sli
e. By 
om-paring this to prere
orded templates a walking �gure 
an be re
ognised, and usinga k-nearest neighbours with Eu
lidean distan
e measures various persons may bere
ognised by their walking pattern. The idea of using only a small part of the bodyto re
ognise the walking person is also used in the work by Heisele and Wohler [54℄.They segment the area 
ontaining the legs over time and pro
ess it by a neural net-work. In this way they 
an re
ognise whether a pedestrian is present or not. Davisand Bobi
k [33, 35℄ also use temporal templates whi
h are 
reated based on motion.They use the information about where and how mu
h motion has been present ina sequen
e of frames. Both a motion-energy image and a motion-history image areused. By representing the templates by its seven Hu-moments [61℄ a Mahalanobisdistan
e 
an be used to 
lassify the a
tion of the subje
t by 
omparing it to theHu-moments of prere
orded a
tions.More high-level dynami
 re
ognition is usually based on pose estimated data forthe di�erent limbs. In the work by Ju et al. [73℄ the re
ognition of movements isbased on the motion parameters of the individual body parts (legs). The problemis viewed as mat
hing the 
urves of the motion parameters against a set of known
urves. Ya
oob and Bla
k [150℄ use the results from [73℄ and build a 
lassi�er on top.After translating and s
aling the motion parameters a PCA is used to obtain a more
ompa
t and dis
riminative representation. Four di�erent a
tivities are re
ognised(four variants of walking) by 
omparing the PCA-transformed data to o�ine gen-erated (and PCA-transformed) data sets. In the work by Bharatkumar et al. [12℄a sti
k-�gure representation of the legs of a walking human are mat
hed against akinemati
 human walking model. This is done by 
orrelating the two data sets withea
h other. Fujiyoshi and Lipton [43℄ also use a sti
k-�gure representation of thelegs of a person walking. They transform the time signal of the various parametersinto the frequen
y domain, enabling them to separate walking from running. In thework by Bregler [17℄ the idea of representing motion data by movemes (similar to
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h re
ognition) is suggested. This makes it possible to 
omposea 
omplex a
tivity (word) out of simple movemes. An HMM is used to 
lassifythree di�erent gait 
ategories: running, walking, and skipping. This type of highlevel symboli
 representation is also used in the work by Wren et al. [144℄. Theyautomati
ally build a behaviour alphabet (a behaviour is similar to a moveme) andmodel ea
h behaviour using an HMM. The alphabet is used to 
lassify di�erent typesof a
tions in a simple virtual reality game and to distinguish between the playingstyle of di�erent subje
ts.3.7 Dis
ussionIt is diÆ
ult to 
ompare and grade the di�erent systems and methods des
ribedin the four previous se
tions. The systems are based on di�erent test data anddi�erent assumptions. However, some general 
omments 
an be made 
on
erningthe appli
ation areas in relation to some performan
e parameters.3.7.1 Performan
e Chara
terisationIn the Introdu
tion, three main appli
ation areas was be identi�ed. In Table 3.6these are related to three 
on
epts whi
h may be 
onsidered the main performan
eparameters in any motion 
apture system: robustness, a

ura
y, and speed. Thesymbols in the table indi
ate the performan
e requirements for ea
h of the appli
a-tions. Surveillan
e Control AnalysisRobustness + +/- -A

ura
y - + +Speed + + -Table 3.6: The three appli
ation areas and their requirements of the three mainperforman
e parameters.The robustness of a system is here related to the various assumptions shown inTable 3.2. The fewer assumptions a system imposes on its operational 
onditions,the more robust it is 
onsidered to be. Surveillan
e systems are aiming at veryrobust performan
e sin
e they will often be working 
ontinuously at remote andun
ontrolled lo
ations, e.g., a parking lot. They should not be sensitive to 
hangesin lighting, weather, number of people, 
lothes, et
. Furthermore, they are requiredto work autonomously and for long periods of time. Some 
ontrol appli
ations,e.g., gestures for signalling, are for the same reasons also subje
ted to this highlevel of robustness. Other systems in the 
ontrol appli
ations, e.g., dire
t avatar
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ussion 65
ontrol, do not ne
essarily need this level of robustness, sin
e they may operatein well-de�ned environments and for shorter periods of time where a number ofassumptions 
onveniently may be applied. In the analysis appli
ations the situationis similar. It is often possible to use a highly 
ontrolled setup and therefore therobustness is not the most important issue.The a

ura
y of a system refers to how 
lose the 
aptured motion 
orresponds tothe a
tual motion performed by the subje
t. Generally speaking the a

ura
y isdire
tly proportional to the size of the human in the image. In surveillan
e systemsthe a

ura
y is rarely a key issue. It may not matter whether a surveyed subje
t isre
ognised to be walking around a 
ar in a 3- or 4-m radius. The important thing isthat the behaviour is re
ognised. For the 
ontrol purpose the situation is di�erent.In many appli
ations a one-to-one mapping between the movement 
arried out bythe subje
t and the a
tion he or she 
ontrols is 
riti
al, e.g., in tele-surgery andother futuristi
 telepresen
e appli
ations. In the last area the need for a

ura
y iseven more pronoun
ed, sin
e the appli
ations rely dire
tly on the pose estimationoutput.The pro
essing speed of a system is usually divided into real-time pro
essing ando�ine pro
essing. In this 
ontext the de�nition of real-time is not 
lear even thoughmany resear
hers use it about their systems. One de�nition is that ea
h frame ispro
essed before a new frame is re
orded. Another de�nition relate to the motionwhi
h is being 
aptured. A simpler way to view speed is to divide it into onlineand o�ine pro
essing. In that sense surveillan
e systems require high speed sin
ethe images need to be pro
essed before the 
ar is stolen! In the 
ontrol appli
ationsan even higher requirement for speed is needed. A
tually the se
ond de�nition ofreal-time would apply in this 
ase. In the last appli
ation area the pro
essing maybe performed o�ine, and if so no spe
ial requirements for high speed are needed.3.7.2 State of the ArtIn this se
tion we will dis
uss state of the art within the three appli
ation areas.Furthermore, we will relate the three areas to the major issues whi
h have emergedfrom the survey.Surveillan
e appli
ations are mainly 
arried out in un
ontrolled environments. There-fore the �gure-ground segmentation relies mostly on motion data, sin
e these areless dependent on various assumptions su
h as a known subje
t, known lighting,and di�erent markers. For the same reason, obje
t-based representation (Table 3.4)is the natural way of representing the images at a higher level. Surveillan
e ap-pli
ations are generally more fo
used on tra
king than on any of the three otherpro
esses in Fig. 3.1. Therefore, the surveillan
e appli
ations mainly use one of thetwo simple forms of pose estimation where no model or only an indire
t use of amodel is used. Due to the nature of this appli
ation area the dynami
 re
ognitionapproa
h is widely used.



66 Computer Vision-Based MoCapAn example of state of the art is the W4-system by Haritaoglu et al. [53℄ where theaim is to survey and re
ognise intera
tions between people and people or obje
ts inan outdoor setting2. They dete
t and tra
k multiple people and their body parts.The system works with mono
ular gray-s
ale images and infrared images. It uses astandard predi
t-mat
h-update s
heme, where it mat
hes predi
ted obje
ts or per-sons with measured obje
ts or persons (in the image). The obje
ts are obtained bydete
ting movements using an adaptive ba
kground subtra
tion, yielding a motionboundary box. The position (and motion) parameters of a person are estimated intwo steps, �rst median mat
hing for a 
oarse mat
hing and then silhouette 
orre-lation between two 
onse
utive frames for the �ne mat
hing. The individual bodyparts, head, torso, hands, legs, and feet, are found using a 
ardboard model of awalking human as referen
e. Online, the system is able to tra
k multiple people andtheir limbs and 
oping with o

lusions. Furthermore, it 
an dete
t and tra
k obje
ts
arried and ex
hanged by people [51℄.The ultimate surveillan
e system tra
ks multiple humans and all their (inter)a
tionsin real-time. Haritaoglu et al. [53℄ may be heading in the right dire
tion, butimproved performan
e is required for handling a dynami
 ba
kground and nontrivialmovement patterns. Furthermore, a more intelligent handling of multiple obje
tsand their o

lusion is needed. Perhaps a further step 
ould be to use 3D data in adire
t model-based pose estimation s
heme.Some 
ontrol appli
ations are 
on
erned with the re
ognition of gestures. In this
ase the methods used are generally similar to the ones used in the surveillan
eappli
ations. However, if the appli
ation is more in the form of dire
t animation,e.g., avatar 
ontrol, di�erent methods are used. This type of appli
ation is 
arriedout in an indoor setting where a number of assumptions may be introdu
ed, e.g.,known subje
t, known ba
kground, and known start pose. Then the appearan
e-based �gure-ground segmentation methods are applied. To obtain good a

ura
y,dire
t use of a human model is usually used.As an example of state of the art we 
onsider the work by Wren [144℄. First of allthey use the P�nder algorithm [143℄ as the underlying tra
king methods. It is aprobabilisti
 methods whi
h segments the subje
t into a number of blobs and tra
kthose over time. This method has proven to be fast, robust, and able to dire
tlyestimate the positions of the head and hands, whi
h are of great importan
e in
ontrol appli
ations. They apply two P�nder algorithms to obtain 3D estimates ofthe hands and head. Using a human model and kinemati
 
onstraints they estimatethe 3D pose of the upper body. In the framework of a Kalman �lter the modelis predi
ted into the next frame to support the blob segmentation and tra
king.The innovation of the Kalman �lter is used to learn the various motion patterns(behaviours) of the subje
t. These 
an then be in
orporated into the �lter to improvethe state estimates and predi
tions, i.e., a better pose estimation result.2The W4-system has also been used in an indoor setting [111℄ where it was extended withKalman �lters and kinemati
 
onstraints from [145℄.
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ussion 67The last appli
ation area is 
on
erned with analysis of the 
aptured motion andis typi
ally used for 
lini
al studies. These appli
ations are 
arried out in well-
ontrolled environments meaning that a number of assumptions may be introdu
ed.In 
ommer
ial systems markers are used whi
h allow point representation of thedata. A model of the human is ne
essary for interpreting the data. Usually it is notused dire
tly in the pose estimation, but rather indire
tly. The use of markers yieldsstable tra
king, but the obtained points are not pla
ed dire
tly on the skeleton (forobvious reasons). Therefore an o�set distan
e is introdu
ed between the markersand the physi
al skeleton. This is, besides initialisation and 
alibration, where themain problems are in state of the art 
ommer
ial systems. In future systems onegoal is to move away from the marker approa
h and aim at the more pure 
omputervision solution without the use of markers [38℄. This will make systems more 
exibleand less 
umbersome. The solution may be based on detailed human models useddire
tly in the pro
essing.An example of dire
t use of a model is the work by Gavrila and Davis [45℄. Theyuse a model-based approa
h to tra
k a subje
t in 3D. A re
ognition 
y
le goes asfollows. Based on the 
urrent and previous states, the allowed intervals for ea
hbody-parameter (e.g., joint angles) are predi
ted. For ea
h 
ombination of the 22body parameters the human model is synthesised from the 
ameras' point of view.They 
ompare edges between the synthesised model and the images and thereby(re)formulate the problem as a sear
h problem - how to 
ompare two edge images(a real image with a synthesised image). The sear
h problem is solved using arobust variant of 
hamfer mat
hing. When they �nd the best �t (highest similaritymeasure) the model is updated using these parameters. They use four syn
hronisedsequen
es from four di�erent 
ameras and run the algorithm for ea
h view. In orderto obtain stable edges they wear tight-�tting 
oloured 
lothes. The high numberof joints in their relatively detailed model, the four 
ameras, and relatively fewassumptions make it a rather 
omplex system whi
h, to some extent, is able toestimate the pose of an entire subje
t.Future work in marker-free systems in
ludes improved initialisation to obtain agood model and the pose of the 
urrent subje
t fast and reliablely. Although theanalysis-by-synthesis approa
h seems to be the right one, it is still rather slow an
omputational demanding. Methods to prune the state spa
e and faster optimisations
hemes are required. Generally we may expe
t to see workable systems in theanalysis area before we see them in the 
ontrol area be
ause the requirements forspeed are relaxed in the analysis appli
ations.3.7.3 Future Dire
tionsAlthough assumptions might be a

eptable (e.g., Chroma-keying) for some appli
a-tion, it is evident from the number of assumptions applied in the papers reviewedfor this survey that the resear
h �eld is still in a phase of development. Perhaps



68 Computer Vision-Based MoCapinspiration may be found in related resear
h �elds, e.g., spee
h re
ognition. First ofall a tremendous amount of time is spent on re
ording and labelling training datain this �eld. These data are of a general nature, i.e., they suit a number of spee
hre
ognition tasks, and represented in a well-de�ned modelling language whi
h arethe atoms (e.g., phonemes) of the spoken language. One reason for not spending thesame amount of time on the training phase in 
omputer vision might be the la
k ofa general underlying modelling language, i.e., how to map the images into symbols.An alphabet 
onsisting of motion-entities would make 
omputer vision-based humanmotion 
apture mu
h easier, sin
e it will transform the pose estimation problem intoa re
ognition problem, i.e., re
ognise a sequen
e of symbols. This has already hap-pened in Bregler [17℄ where the letters are 
alled movemes, and Wren and Pentland[144℄ where the letters are 
alled behaviours. Even though their alphabets are ratherlimited it is still a step in a very interesting dire
tion. Furthermore, by having su
han alphabet a vo
abulary may be introdu
ed to 
onstrain the task at hand, as isthe 
ase in spee
h re
ognition.Besides the 
urrent la
k of a general alphabet, another reason for not using extensivetraining data is the amount of time required to a
tually 
apture and label humanmotion data. One solution is to use 
ommer
ial motion 
apture systems (e.g., mag-neti
 sensors) [16℄ whi
h, when 
alibrated, easily produ
e thousands of labelled datasets. Another solution is to apply 
omputer graphi
s to synthesise the appearan
eof a human model from various viewpoints, as in [125℄.Another aspe
t of spee
h re
ognition, whi
h is a
tually being seen more and morein 
omputer vision, is the use of probabilisti
 models for aspe
ts other than re
og-nition, e.g., modelling the position of the head using a Gaussian density. Some ofthese models are learned automati
ally using unsupervised methods, su
h as theEM algorithm. The entire tra
king framework is also widely based on probabilisti
methods su
h as the Kalman �lter and the Condensation algorithm. Also, HMMs[122℄ and neural networks [125℄ have found their way into tra
king and pose estima-tion. In future systems more of this may be expe
ted due to the methods' abilityto handle un
ertainties and to suppress noise.Even though interesting results su
h as [16℄ have re
ently arisen from methods notusing a human model, the dire
t use of a human model seems to be the preferredtrend. From Table 3.5 it 
an be seen that the 
hoi
e of model type di�ers whilesilhouettes seem to be the preferred abstra
tion levels.The use of silhouettes is motivated by the presen
e of simple algorithms for theirestimation. They are easier to estimate than joints and a sti
k-�gure, and theirregion-based nature makes them more robust to noise than lo
al information su
has edges. Furthermore, useful silhouettes might be extra
ted from relatively lowresolution images. Due to the global nature of silhouettes details are likely to bemissing. This results in additional 
omplexity when trying to estimate a 3D posefrom 2D silhouettes. Future work should therefore 
onsider 
ombining a silhouetterepresentation with data 
apable of representing the interior of the silhouette, i.e.,



3.8 Con
lusion 69its relation to the human skeleton stru
ture. An example is to 
ombine silhouetteswith the positions of the hands and head as seen in [100℄ and [113℄.The use of motion as an abstra
tion level in pose estimation is also rather populardue to its inherent relation to the appli
ation. The motion in the images may belinked dire
tly to the motion of the various limbs. Furthermore, many image pointsmight be used to estimate the motion parameters. We expe
t the use of motionas a 
ue to be used more extensively in the future. However, to a
hieve su

essa number of issues still need to be addressed. First, the methods are based onin
remental updates whi
h rely on lo
al (both spatial and temporal) smoothness.Therefore they often rely on a number of assumptions su
h as no o

lusion and thesubje
t being the only moving obje
t in the image. Moreover, due to the in
rementalupdate, the initial pose is required and the systems have no way to re
over aftera total loses of tra
k, la
king a me
hanism for globally sear
hing the entire image.Another problem is the risk of a

umulating errors due to the in
remental pro
edure.One solution is to use key frames as suggested in [154℄. Given the initial and �nalpose parameters, both forward and ba
kward iteration may ensure a 
onsistentpose sequen
e. Alternatively, one might 
ombine a motion-based method with amethod based on spatial data. For example, it 
ould be interesting to see imagemeasurements and a human model linked by both the motion framework of Breglerand Malik [18℄ and the edge 
omparisons of Gavrila and Davis [45℄.In addition to the problems related to in
remental updates, another issue also has tobe 
onsidered. Many movements be
ome ambiguous when proje
ted into the imageplane; e.g., rotation about an axis parallel to the image plane will produ
e the sameopti
al 
ow �eld as a translation in a 
ertain dire
tion will. Furthermore, movementsalong the opti
al axis are diÆ
ult to register robustly. To solve these problemsmultiple 
ameras are required or multiple data types as in the work by Okada etal. [112℄. They 
ombine motion data and depth data to resolve the ambiguities,thereby making the pose estimation more robust. In [110℄ a more general dis
ussionon 
ombining motion and depth data is given.Generally speaking it seems to be a good and ne
essary approa
h to 
ombine variousdata types to broaden invarian
e and robustness to all possible situations. Anotherpromising approa
h is to use future measurements when pro
essing the 
urrent data,i.e., allow a lag in the output. This helps to resolve ambiguities [128℄[16℄.3.8 Con
lusionHuman motion 
apture goes ba
k to at least the 1870s when Marey [95℄ and Muy-bridge [105℄ started their work. But re
ently, new te
hnologies have made the motion
apture problem popular as more 
onvenient and a�ordable devi
es su
h as 
ameras,magneti
 tra
kers, and 
omputer power have be
ome available.Advan
es in a
tive sensors, e.g., magneti
 tra
kers, are making them 
heaper, smaller,
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ise, and generally easier to use. They will, however, still be 
umbersomeand limited in their use due to the need for spe
ial hardware. Therefore, 
omputervision 
ould provide an attra
tive tou
h-free alternative.The solutions developed to date are all based on a number of assumptions to makethe problem tra
table. This, together with the relatively simple methods beingused, 
an be seen as an indi
ation of the 
urrent state of the �eld - as being in itsearly development. The latest systems, however, use more advan
ed methods basedon 
omprehensive probabilisti
 models and advan
ed training. Nevertheless, someassumptions are still required and we are far from a general solution to the humanmotion 
apture problem. Some of the general key issues needing to be addressedare initialisation, re
over from failure, and robustness.Many systems are based on knowing the initial state of their system and/or a well-de�ned model �tted (o�ine) to the 
urrent subje
t. In a real life s
enario we mayexpe
t a system to run on its own, i.e., adapt to the 
urrent situation. This mightseem a minor problem, but what if none of the 
urrent resear
h dire
tions result ina system 
apable of autonomy? Should two parallel dire
tion be followed: one forinitialisation and one for pro
essing or should we aim at a 
ommon solution?Related is the problem of how to re
over from failure. A number of systems are basedon in
remental updates or sear
hing around a predi
ted value. Many of these fail dueto o

lusion, bad predi
tions, and a 
hange in the framerate/
amera fo
us/imageresolution and are not able to re
over. This is an important problem sin
e real lifeappli
ations are likely to 
hallenge a system by new situations not in
luded in thedesign and training and hereby making it fail from time to time.The robustness relates to the number of assumptions applied in systems, but also tothe fa
t that most systems are tested on less than 1000 frames. How 
an one justifyto evaluate the robustness of a system within su
h a short lifespan? Long test setsavailable for everybody need to be generated (as in the fa
e re
ognition 
ommunity)to evaluate the robustness of individual systems and 
ompare various systems.For future systems to be more su

essful and less dependent of various assumptionsnew methods and a 
ombination of 
urrent methods should be developed, i.e., the
ombination of various image 
ues, su
h as motion and silhouettes, and more exten-sive and adaptive use of human models. Furthermore, new sensors or 
ombinationsof sensors might also be an interesting path into the future.The rapid developments in 
omputer graphi
s may bene�t human motion 
apture.Until re
ently the 
omputer graphi
s �eld has been mostly interested in visual realis3and personalised human models, while the motion 
apture 
ommunity has been moreinterested in spatial a

ura
y of the human models. We expe
t that the 
ommer
ialinterest in both �elds will a

elerate the development in human modelling and makethe two �elds approa
h and bene�t from ea
h other.3A more 
omprehensive dis
ussion on human animation 
an be found in [8℄.
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