
Chapter 9Con
lusionThe initial problem inspiring the resear
h of this thesis 
on
erned the question of how
omputer vision 
an be applied to understand large-s
ale human body language. Torespond to this question we divided the notion of understanding large-s
ale humanbody language into two separate problems, namely that of 
apturing the humanmotion (MoCap) and that of interpreting the 
aptured motion. The former was
hosen to be the fo
us on this thesis. We therefore 
ondu
ted an investigation(
hapter two) into general MoCap te
hniques. From here a need for a marker-free 
omputer vision-based human MoCap solution be
ame 
lear. In 
hapter threea survey was 
ondu
ted to obtain more knowledge of the 
urrent state of the artwithin 
omputer vision-based human MoCap te
hniques. From the survey a numberof important problems were identi�ed. Among these were the problems related tothe use of temporally-based pruning of the state-spa
e in model-based approa
hes.These problems inspired the formulation of the spe
i�
 problem to be addressed inthis thesis, namelyhow 
an the dependen
y on temporally-based pruning be 
ir
umventedin model-based 
omputer vision systems in general, and in model-based
omputer vision-based human MoCap in parti
ular?To answer this question we suggested to investigate the use of spatially-based prun-ing. Con
retely we formulated the following two hypotheses to stru
ture our e�orts:Hypothesis 1 The in
lusion of low-level image features allows for a more 
ompa
tstate-spa
e representation, hen
e a pruning of the original state-spa
e.Hypothesis 2 The in
lusion of intrinsi
 and extrinsi
 spatial obje
t 
hara
teristi
sallows for de�nition of 
onstraints, whi
h 
an signi�
antly prune the state-spa
e.In 
hapter four the �rst hypothesis was investigated and a 
ompa
t state-spa
e modelbased on the measured position of the hand in ea
h individual image, and a s
rew
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lusions and Future Workaxis representation was suggested. This 
ompa
t state-spa
e was denoted the lo
als
rew axis model. In 
hapter �ve the se
ond hypothesis was investigated by applyingkinemati
 and physi
al 
onstraints to prune the lo
al s
rew axis model. In 
haptersix those aspe
ts of the lo
al s
rew axis model related to the shoulder modelling wereevaluated. In 
hapter seven the spatially-based pruning developed in 
hapters fourand �ve was tested. In 
hapter eight the spatially-based pruning was 
ombined withthe standard temporally-based pruning. Furthermore, an approximated exhaustivesear
h was tested in the 
ontext of the pruned lo
al s
rew axis model.9.1 ContributionsThe primary 
ontributions of this thesis are 
onsidered to be the following (in orderof appearan
e)The survey on 
omputer vision-based human MoCap. The most 
omprehen-sive so far both in terms of the number of in
luded papers and in terms of thetime period it 
overs. Furthermore, the survey 
ontains a number of tax-onomies and tables whi
h allow other resear
hers to qui
kly get an overviewof di�erent papers. The survey is 
omplemented by a te
hni
al report [4℄
ontaining summaries of more than 100 of the papers in the survey.The inherent problems related to temporally-based pruning. Identifying thefa
t that temporally-based pruning may have fatal limitations and that an al-ternative/supplementary approa
h is possible.Spatially-based pruning based on image features. Showing how low-level im-age features allow for a more 
ompa
t state-spa
e representation of the humanarm. Introdu
tion of the lo
al s
rew axis model.Model of the shoulder 
omplex. Modelling the DoF of the shoulder 
omplex bya ball-and-so
ket joint together with two prismati
 joints.Relating the shoulder DoF with the DoF in the arm. Linking the displa
e-ments of the GH-joint to the parameters of the arm. That is, no additionalparameters are required to model the shoulder 
omplex.Spatially-based pruning based on intrinsi
 obje
t 
hara
teristi
s. By inves-tigating the stru
ture of an arti
ulated obje
t the already 
ompa
t state-spa
e
an be pruned even more.Bootstrapped tra
king. The bootstrapping approa
h 
ombines the spatial andtemporal pruning by using spatially-based pruning to bootstrap the temporally-based pruning.
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al maximum a posteriori (MAP) estimate. Suggesting a lo
al method forestimating the MAP (or more 
orre
tly the most likely a posteriori (MOLAP))whi
h is superior to global methods.9.2 Dis
ussion9.2.1 The hypothesesIn 
hapter 4 we showed that a more 
ompa
t state-spa
e 
an be de�ned by in
lud-ing measurements from the individual images. This 
orresponds to making a newinstantiation of the model for ea
h image. Our lo
al s
rew axis model redu
es boththe dimensionality and the number of possible 
on�gurations 
ompared to the stan-dard state-spa
e representation 
onsisting of four Euler's angles. Hen
e the �rsthypothesis is 
onsidered to be validated in 
hapter 4.The se
ond hypothesis states that the intrinsi
 spatial obje
t 
hara
teristi
s 
ansigni�
antly prune the state-spa
e. From the literature it is known that kinemati

onstraints 
an be used to prune the state-spa
e independently on the representation.Therefore the question is not whether or not we have been able to prune the state-spa
e, but rather if the pruning a
hieved is signi�
ant or not.We found that the state-spa
e of the lo
al s
rew axis model 
an be pruned 97:3%in average whi
h we 
onsider signi�
ant. However, evaluating the signi�
an
e withrespe
t to the standard Euler's angles representation might provide better insight.If we apply the stati
 
onstraints from table 5.1 to the Euler's angles we 
an 
al
ulatethe total number of non-pruned1 
on�gurations as ��1���2���3���4 = 180�235�145�135 = 8:3 � 108. In the 
ase of the pruned s
rew axis model we showed in 
hapter 5that 1253 di�erent non-pruned 
on�gurations exist on average. In result, the Euler'sangles representation 
ontains 6:6 � 105 times more non-pruned 
on�gurations thanour model does. Clearly a signi�
ant pruning.Even though most human MoCap systems merely apply the stati
 kinemati
 
on-straints to prune their solution spa
e, we also 
ompare our pruning results to that ob-tained by applying our temporal angular 
onstraints, derived in se
tion 5.5.1, to theEuler's angles representation. That is, we found the average angular displa
ementsof ea
h Euler angle by inserting ea
h stati
 interval from table 5.1 into equation 5.35,and multiplying. This yields, ��avg1 ���avg2 ���avg3 ���avg4 = 28:5 � 29:6 � 27:3 � 26:8 =6:17 � 105. In result, the Euler's angles representation still 
ontains 492 times morenon-pruned 
on�gurations than our model does. This is also 
onsidered to be asigni�
ant pruning.1All pruning examples are 
al
ulated for an angular resolution of 1Æ and a spatial resolution of1
m.
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lusions and Future Work9.2.2 Generality of the Approa
hIn this work we have validated our hypotheses on a somewhat simple obje
t, thehuman arm. An interesting question is of 
ourse if our �ndings s
ale to more 
omplexobje
ts. We believe very mu
h that the �rst hypothesis 
an be applied to other, bothrigid and arti
ulated, obje
ts. We think of our approa
h as a way of 
ombiningthe two normally distin
t low-level and high-level approa
hes. Many systems existthat seek to re
over the stru
ture of obje
ts from low-level features su
h as edges or
orners. Many high-level model-based approa
hes exist whi
h use the AbS-approa
h.In many appli
ations a bootstrapping approa
h 
an be applied to 
ombine the twoapproa
hes, hen
e a generalisation of our approa
h. In the 
ase of the entire humanbody low-level image features su
h as the hands, head, feet, shoulders, armpits, and
rot
h, may be dete
ted prior to applying the AbS-approa
h. For example, if thehuman body is modelled by six DoF for the torso, four DoF for ea
h arm and leg,and zero DoF for both the hands, feet, and head, then 22 DoF is present. If thehead, feet, and hands 
an be dete
ted, then around twelve DoF would be suÆ
ientto des
ribe a 
ompa
t state-spa
e, i.e. a large redu
tion of the dimensionality.The se
ond hypothesis 
annot be generalised for non-arti
ulated obje
ts. But in the
ase of arti
ulated obje
ts the six 
onstraints 
an more or less be applied dire
tly,as many arti
ulated obje
ts 
an be divided into an open-looped kinemati
 
hainmodelled by s
rew axes. In 
ases of 
losed-looped kinemati
 
hains, 
are must betaken, but still we believe that many of the 
onstraints 
an be reused.9.2.3 Un
ertaintiesWe assume the image features are deterministi
, where in fa
t they are not. Thisresults in un
ertainties both with respe
t to the 
ompa
t state-spa
e model and withrespe
t to the pruning. The latter has already been dis
ussed in 
hapter 5. Onlythe former will therefore be dis
ussed here.When 
al
ulating the 3D lo
ation of the hand (and shoulder) an amount of un
er-tainty will be present. The un
ertainty transforms the �-
ir
le into a torus whereea
h point inside the torus is an elbow 
andidate. An investigation into this showedthat not mu
h 
an be gained using this, more 
orre
t, pose 
andidate sele
tion.Also, the un
ertainty due to the variation of the 
lothes is larger than the extrapre
ision gained by using a torus instead of a 
ir
le. Therefore it was de
ided to usethe less 
omplex model of the elbow 
andidates.9.2.4 Probabilisti
 PruningTo redu
e the size of the state-spa
e further, other types of pruning 
ould be applied.We 
onsidered in
luding pruning me
hanisms su
h as spe
i�
 motion types and theprobabilities of di�erent arm 
on�gurations. For example, if we know that the
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s 243user is 
urrently involved in explaining something, he is likely to have his armsin front of his body, while a human running is likely to move his arms in 
ertainpatterns in plans perpendi
ular to the torso. Furthermore, the overall likelihood ofthe arm being in di�erent 
on�gurations 
ould be estimated and in
luded to weightthe likelihood of the di�erent 
on�gurations. We have not in
luded these types ofpruning for two reasons. Firstly, a huge amount of experiments would have to be
ondu
ted to obtain suÆ
ient statisti
s and in the end we would probably end upwith a system that only allows 
ertain types of movements, hen
e a la
k of generality.Se
ondly, due to the statisti
al nature of training data we would prune with respe
tto plausible 
on�gurations as opposed to possible 
on�guration. This would to someextent bring us ba
k to the problems asso
iated with temporally-based pruning, asthe pruning would be depending on, e.g., the re
ognition and predi
tion of 
ertainmotion patterns and the quality of the trained motion patterns. In more dedi
atedMoCap systems, however, probabilisti
 pruning should always be 
onsidered, as it
an often in
rease the pruning e�e
t.9.3 Further Resear
h Topi
sA number of topi
s in this thesis 
ould deserve more attention. The primary onesare brie
y des
ribed below.9.3.1 Stati
 TorsoIn 
hapters seven and eight we introdu
ed the assumption that the pose of thetorso is known initially and �xed during the entire test sequen
es. This allowedus to evaluate our approa
h. For usage of our arm model in the 
ontext of poseestimation of the entire (upper) body, this assumption is a

eptable as the torsowill be estimated by other means. Using the arm model independently, however,requires either the in
lusion of additional parameters in the model for the torso, orestimating its pose from images (or a 
ombination). Both of whi
h 
ould be basedon the dete
tion of the position of the head and/or shoulder in the image. Perhapsalso the size of the head 
ould be used.9.3.2 The Shoulder ModelEven though our results suggest that modelling the shoulder 
omplex via �ve DoFis suÆ
ient, more tests are required to draw a �nal 
on
lusion. This 
ould be doneby 
omparing our model with 
lini
al data.When modelling the shoulder, the displa
ement in the z-dire
tion (towards the 
am-era) is not in
luded due to its relatively small in
uen
e. This means that our model
an be slightly improved by in
luding this displa
ement as well.
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lusions and Future Work9.3.3 Dependen
y between the Joint AnglesIn table 5.1 the di�erent intervals for ea
h of the four joint angles are listed. In allaspe
ts of pruning we have assumed that these intervals were �xed. However, this isnot true and in fa
t the interval of one joint angle depends on the 
urrent values ofthe other joint angles. If we 
ould in
orporate this information into our 
onstraintswe 
ould in
rease the pruning e�e
t.Des
ribing the dependen
ies between the four joint angle is not trivial and in
orpo-rating the dependen
ies into the 
onstraints is even more diÆ
ult, if at all possible.Comparing this to the expe
ted bene�t resulted in the assumption of independentjoint angle limits.Nevertheless, it 
ould be interesting to see if it is possible to in
orporate the depen-den
ies and if so, how big the e�e
t will be. Inspiration to su
h a study 
an perhapsbe found in the literature dealing with the problem of modelling the dependen
iesbetween the four joint angles, see e.g., [1, 2, 3, 5℄.Furthermore, the dependen
ies between the limits on the velo
ity and a

elerationmight also depend on the 
urrent values of the joint angles. Further work in thisdire
tion might also produ
e interesting results. The main problem, besides thosementioned above, is how to quantify the dependen
ies. When reviewing papers inthe area of kinemati
s we have not en
ountered a single referen
e des
ribing thistopi
.9.3.4 Pruning Hz using Temporal ConstraintsIt turned out to be very diÆ
ult to analyti
ally des
ribe the pruning of the positionof the hand utilising a temporal 
onstraint. Assumptions were therefore introdu
ed.These were de�ned in su
h a way that the true analyti
al pruning always will bebetter, hen
e if an analyti
al solution 
an be found it will provide better pruningresults. The main problem with the 
urrent approa
h is that we ignore the fa
t thatHz is lo
ated on a 
amera ray that passes through the hand.9.3.5 Sto
hasti
 Features in BootstrappingWhen the bootstrapping approa
h is applied in situations with many DoF, manyimage features will be required to obtain a 
ompa
t state-spa
e. In this 
ase it isnot realisti
 to assume that ea
h feature is dete
ted with the same a

ura
y. Thebootstrapping approa
h therefore needs to be expanded in order to asso
iate ea
hfeature with an un
ertainty. That is, the bootstrapping should allow for sto
hasti
features rather than deterministi
 features.
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