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Abstract haustive search in the proximity of the prediction, is ap-
plied. The drawback of these approaches is the risk of
In recent years Sequential Monte Carlo (SMC) methods ending up in a local extremum, i.e., estimating the wrong
have been applied to handle some of the problems inherenstate. In recent years, statistical methods such the Con-
to model-based tracking. In this paper two issues regard- densation algorithm [8, 17], the particle filter [14, 16], and
ing SMC are investigated in the context of estimating the Multiple-Hypothesis tracking [3, 4] have therefore been ap-
3D pose of the human arm. Firstly, we investigate how to plied to approximate an exhaustive search, or in statistical
apply a sub-space to representing the pose of a human armterms - approximate the posterior probability density func-
more efficiently, i.e., reducing the dimensionality. Secondly, tion (PDF). These methods all belong to the class of Se-
we investigate how to apply a local method to estimated thequential Monte Carlo (SMC) methods [6].
maximum a posteriori (MAP). The former issue is based on A Monte Carlo method represents the posterior by a fi-
combining a screw axis representation with the position of nite number of weighted state samples (known as particles)
the hand in the image. The latter issue is handled by apply-each selected from an Importance Function and weighted
ing a method based on maximising a proximity function, to by the measurements. This sampling principle is known as
estimate the MAP. We find that both the sub-space and themportance Sampling. An SMC method is a Monte Carlo
proximity function are sound strategies and that they are an method operating on a time sequence of measurements.

improvement over the current SMC-methods. Here the Importance Function can be defined by predicting
the posterior from the previous time instant. In other words,
1. Introduction each of the most likely states in the posterior in the previ-

ous time instant is sampled, predicted into the current time

The problem of recognising human body language has forinstant, and compared with the current image in order to ob-
some years been in focus in the computer vision commu-tain a weight. The weight reflects the similarity between the
nity. The obvious reason is the vast amount of HCI ap- predicted state and the image measurements, i.e., the likeli-
plications that requires recognised body language as inputhood. The predicted states and their associated weights de-
but also the complexity of the involved subproblems draws fine the estimate of the posterior in the current time instant.
researchers to this problem domain. Traditionally two dif- The current state of the system is defined as the maximum
ferent approaches have been taken [12]. Either the recoga posteriori (MAP).
nition is done directly on the (pre-processed) image data, How effective the principle of SMC works depends on at
or the pose of the body is firstly captured ghdnrecogni- least two issues: i) the number of particles used to estimate
tion is done on these high-level pose parameters. The lattethe posterior PDF, and ii) the MAP estimate.
approach has received the most attention and especially by The number of particlesy, can be tuned to a particular
using model-based tracking [12]. application or even changed during processing. In general

Model-based tracking algorithms have produced impres- N should be kept as low as possible since the computational
sive results, but still no model-based system (or any otherdemands of the algorithm growth exponentially with respect
system for that matter) has been reported that estimates théo N [5]. In fact V increases with both the dimensionality
body pose parameters in unconstrained environments anaf the state-space and the covariance of the posterior PDF.
for long periods of time. There are many reasons for this, The other issue in SMC is the quality of the MAP, that
but one of the primary reasons related to model-based trackis, how the state of the tracked object is estimated at a par-
ing is the high dimensionality of the solution space that of- ticular time instant. Since the estimate of the posterior PDF
ten appears. By other things, this means that an exhausis in the form of N weighted particles the representation is
tive search seldom is practical. Instead, prediction followed obviously non-parametric. The MAP is therefore estimated
by either an iterative search, a Kalman Filter, or an ex- via moments, i.e., the mean and covariance of the posterior



PDF. This works well if the posterior PDF is uni-modal, but An alternative approach is to apply the screw axis rep-
as one of the key notions behind applying SMC in tracking resentation. It is not directly related to the anatomic joints,
is to allow multiple-hypotheses, moments might not be the but nevertheless has the same ability to represent all the dif-
best choice! ferent arm configurations as the Euler's angles have. This
representation is applied in robotics and computer graphics
1.1. The Content of this Paper and recently also in computer vision [2][10][11].

T The representation is based on Chasles’ theorem [15]
In this paper we try to deal with the two above mentioned which loosely states that a transformation between two co-
problems related to SMC tracking; reducing the number of ordinate systems can be expressed as a rotation around an
particles and defining a better way of estimating the MAP. axis, called the screw axis (or helical axis), and a translation
The former problem is dealt with by tracking in a sub-space parallel to the screw axis. In the context of modelling the
which requires fewer particles due to a dimensionality re- human arm, we define the screw axis as the vector spanned
duction of the solution space. The latter is dealt with by by the shoulder and the hand. The position of the elbow is
suggesting that the estimate of the MAP is done locally asdefined as a rotationy, of an initial elbow position around
opposed to globally. The context of the tracking problem the screw axis [1]. As the length of the upper and lower
is to estimate the 3D pose of a human arm via model-basedarm are fixed no translation is required parallel to the screw
and monocular computer vision. We see this context as aaxis, and the perpendicular distance from the elbow to the
subproblem of the more general problem of estimating the screw axis is independent afand can be calculated with-
entire human body and we therefore assume that the 3D poout adding additional parameters. Altogether the represen-
sition of the shoulder is known in advance. tation requires four parameters. Three for the position of

Concretely the paper is structured as follows. In section the hand /., H,, andH, to define the screw axis and one
2 we define the geometric model of the arm utilised in this for the rotation around the screw axis, The parameters
work, i.e., the state-space and derive our sub-space. In secare illustrated in figure 1.
tion 3 we describe how the observation PDF in the SMC
algorithm is defined in this work. In section 4 we describe
how the prediction in the SMC algorithm is carried out. In

section 5 we estimate the MAP. Section 6 presents the re-

sults and section 7 discusses our findings. T e (
N

2. The State-Space E

In this section we deal with the first SMC-related problem
described above, namely how to reduce the number of parti-
cles,N. We assume that reducing the dimensionality of the
state-space is equivalent to reduciNigand the focus of this
section is therefore to find a sub-space wherein the tracking

of the body parameters can be carried out. Figure 1: The screw axis representation of the human arm.
Our state-space is spanned by the different parameters, s the angle between the top point on the circle and the ac-

used to model the arm. The total number of different arm 15| elbow position S, E, andH represent the 3D shoulder,
configurations is equal to the number of discrete points in ghow, and hand positions, respectively.

the state-space, given some resolution of each parameter.

The human arm is usually modelled as either the 3D po-
sitions of the elbow and hand, or by four angles together ;
with the length of the upper arfi,,) and the lower arm 2.1. Generating the Sub-Space
(Al) Both representations require SiX parameters. If we, Little is gained so far in terms of aChieVing a more compact
however, assume the length of the two arm segments to béstate-space, i.e., a sub-space. To generate a sub-space we
known, we only require four angular parameters. These canintroduce two assumptions. Firstly, we assume that we are
be, e.g., angles around fixed axes or Euler's angles. Thevorking with a calibrated camera. Secondly, we assume we
latter is often applied as it is similar to the anatomic joint can always locate the hand in the image by utilising skin-
angles of the arm. Ignoring the kinematic constraints of the color segmentatidn Combining the two assumptions we
arm the Euler's angles representation has a state-space with 1When this assumption do not hold, our tracker do not break down.

10 i ; ; ;
around_1.68 -10 dlf‘fel’ent_ conf|gur§1t|ons_glven anangular |nstead, we continue tracking in another space spanned by the four Euler's
resolution of one degree in each dimension. angles until the assumption holds again.




can map the position of the centroid of the hand found in the PDFs of the different orientations of the upper arm and
the image to a ling, in space passing through the hand. In lower arm, respectively. We can now define the observation
other words, given the position of the hand in the image, we PDF as,
only require one free parameter to represent its 3D position, o . R
namely the displacement, along the vector spanned by the PO | Xt ) = pu(0u(Xe ) +2i(01(Xy)) (3)
position of the hand in the image and the focal point. For — — )
each value ofl the position of the handl is defined. This where0,, (X, ) a';del(Xt ) map from our representation

. . = of the arm,[a, H,]*, to the orientation of the upper and
means that we might as well use any of the entrieg/in

4 lower arm in the image, respectivély
to represent the free parameter. In this work we Hseas
the free parameter. So, for each valugffd and therefore . . . .
alsoH, andH, are uniquely determined. By applying this 3.1. Estimating _the PDFs of the Orientations
concept to the screw axis representation we can eliminate of the Arm in the Image
the parametersl, and H, which leaves us with just two  We estimate the PDFs of the orientations of the upper arm,
parameters, namety and 4, to model the configuration of  p,(6,,), and lower armp,(6;), respectively, based on edge

the arm. pixels. As our input images contain background clutter and
In this sub-space is bounded by one circle-swegly (- non-trivial clothes we utilise temporal edge pixels. That is,

360°) while H is bounded byt the total length of the arm.  we find the edge pixels in the current image using a stan-

Given a total arm length of sa&cm and a resolution of° dard edge detector and AND this result with the difference

for « and1em for H, we have a solution space containing image achieved by subtracting the current- and the previous
4.32 - 10* different solutions. A large reduction in the size image. Figure 2.A shows a typical input image. In figure
compared to that produced by Euler’s angles, see section 22.B the temporal edge pixels for this particular image are
but still a too large space for, e.g., an exhaustive search.  shown. Those pixels actually belonging to the arm will be
located in four classes, two for the upper arm and two for

3. Observation PDF in SM C Tracking the lower arm, respectively. Our system does not impose
) . ] ) restrictions on the clothes of the user. The clothes will in
The SMC algorithm is defined in terms of Bayes' rule and general follow gravity, hence the two classes of pixels orig-

by using the first order Markov assumption. That is, the jnating from the upper sides (with respect to gravity) of the
posterior PDF is equal to the observation PDF multiplied by upper- and lower arm will model the structure of the arm

the prior PDF, where the prior PDF is the predicted posterior petter, see figure 2.B. We therefore only consider temporal
PDF from timet — 1 edge pixels located on the "upper” sides. Concretely we de-
fine "upper” and "lower” via two lines described by the po-

— — — — — —
p(X¢ 10:) = p(0: | X )p(X: |0:-1) @) sition of the shoulder and hand in the image, together with
whereX  is the state, henc® = [, H.]T and@ con- @ Predicted position of the elbow. _
tains the image measurements. The predicted posterior PDF AS We Wish to estimatg,, (6.,) andp; (6:) independently
is defined as we separate the temporal edge pixels into two groups, one

for the upper arm and one for the lower arm. This is done by

calculating the perpendicular distance from each pixel to the
(X, |0-1) = /p(flz_l)p(f_ﬂﬁ_fq) dx, . () two lines. As the prediction of the position of the elbow is
uncertain we ignore all pixels within a certain distance from

— . . i the predicted position of the elbow. Furthermore, we ignore
wherep(X; |X;-) is the motion model governing the 4| hixels too far away from both lines. When no predictions

dynamics of the tracking process, i.e., the prediction, and 5re ayailable different possible positions of the predicted el-

P(X¢-1/0;-1) is the posterior PDF from the previous frame. pow are investigated until two representative groups are ob-

The SMC algorithm estimateg(X; |0, ) by selecting a  tained.

number, V, of_(}hopefully) representative states (particles) Estimating the orientation of a straight line from data can

from p(}?til|9t71)' predicting these using()?ﬂ)?tll), be carried out in _different ways, €.g., via principal compo-
and finally giving each particle a weight in accordance with nent analysis or linear regression. However, as we will not
the observation PDF. model the distribution of the orientations via Gaussians we

The observation PDFy(f; |X; ), expresses how alike ~can not apply these methods. Instead we apply a dynamic
each state and the image measurements are. In this workariant of the Hough transform - the dynamic Hough trans-
the image measurements are the probability of the orientaform (DHT). It estimates the likelihood of each possible
_tlons_qf the upper and lower arm in the image, respectively, 2These mappings require the camera parameters as well. But to en-
i.e., 0, = [pu(0.),p(0,)]7, wherep,(0,) andp;(6;) are hance the concept we have left them out in the expressions.




Altogether the stop criterion is found as the smallest
for which inequality 6 is true. To speed up the calculations
the variance is not recalculated after each new sampling, but
rather for every 10th sampling.

Using the above described procedure we obtain two in-
dependent PDFs, one for the upper agm(d,,), and one
for the lower armyp;(9;). Examples of these are illustrated
B in the figures 5. Different number of samplings might have

been used to estimate the two PDFs. The accumulated prob-
Figure 2: A: A typical input image (shown in B/W). B: The  ability mass for each PDF is therefore normalised.tdn
temporal edge pixels. terms of the SMC algorithm the two normalised PDFs are
the weighting functions, used to estimate the observation

. . . _ ) PDF, see equation 3.
orientation, hence allowing multiple peaks in the observa-

tion PDF. The choice of the DHT is furthermore motivated .. .
by the fact that it adapts to the data. The DHT randomly 4. Prediction in the Sub-Space

samples two pix.els from one group and cglculates the ori- Besides the observation PDF we also need to define how
entation of the line spanned by the two pixels. The more the prediction in the sub-space is carried out. The standard

times the groups are sampled the better the estimation of th'E'approach is to predict the state-space variables, in this case

PDFs. On the other hand many samplings also lead to Iargea and H.. However, recall that and H. only span a lo-

processing time as is the case for the standard Hough Transz sub-space that is unique for a particular time instant and

form. The sampling of one group is therefore terminated 4Shence smooth trajectories over time are usually not present.

S?Obnl.?s t??hvarlar}ce of t:]te PDF Isl§tablteh To eyaluateftherhis means that good motion models are virtually impossi-
stability of the variance aftén samplings the varnance ot p)q 15 get up. Nevertheless, this could work. In this particu-
the lastj variances is calculated as lar work, however, we do it differently.

n Instead of predicting the sub-space parameters we pre-

— —

V2 = 1 Z (02 — pjn)? (4) dict the anatomic parametefs and H , see figure 1. This
A R has two benefits. Firstly, more smooth trajectories can be
_ _ _ _ _ expected for these parameters and hence, better motion
whereo? is the variance aftersamplings angi;, isthe  models can be defined. Secondly, we can apply the mea-

mean of the lasf variances. surements of the hand to correct the predictions and hence,
The stop criterion is defined as the number of samplings, obtain particles closer to the true state of the system.

n, where the lasj samplings are within the intervgl ;,, — Note that even though we have two different representa-

A, ijn + A, The distribution of the lasf variances will g (ﬁ’ 17) and(a, H.) our state-space is still only two

in general follow a Uniform distribution. The theoretical gimensional spanned hy and H,. The former represen-
variance of such a distribution in the given interval can be iation is taken into account. for each of theparticles rep-
estimated as”/12 [13]. When the mean of the variances, resenting the posterior PDF, by storing the corresponding
jn IS large it indicates large uncertainty in the PDF, which (ﬁ ﬁ) set for each(, ) set. The mapping between

again indicates weak lines in the temporal edge image. Athe two representations can be found in [1]. In the follow-

stable variance for such a .PDF tequ to requwe.d a Iargermg subsection we will show how the anatomic parameters
value of A compared to an image with stronger lines. To

L . . . are corrected based on the image measurements.
account for this differenca is defined with respect tp;,, 9

as
4.1. Correction the Predictions
A= Hin (5) First we will show how the prediction of the hanEL), is
v corrected and hereafter we will show how the predicted po-
wherey is found empirically. Setting the estimated vari- sition of the ej))ow,ﬁ , is corrected. The correction of the
ance equal to the theoretical variance yields- v;,\/12. prediction of H is based on the notion of combining the
Inserting this result into equation 5 and writing it as an in- predictions and the image measurements. In figure 3 the
equality yields predictions are illustrated using subscript 'p’ while the cor-
rected predictions are illustrated using subscript 'c’.
) /@n Since we know the camera ray through the hand in the
Vin S 12 -2 (6) currentimagel, we can correct the prediction by projecting



same open-looped kinematic chain. We therefore calculate

the corrected positior]:,TC), by first adding the prediction er-
ror of the hand to the predicted value of the elbow, yielding
—_ —_— —_— —

E, = E, + H., and then finding the point closestif
that results in a legal configuration of the arm. In mathe-

. — — — .
matical termstl, = arg min HE — B H subjected to the
E

. — —— .
constraints | E ’ = A, and||EFH, || = A;. The solution
to this problem can be found in [1]. As the error vector has

already been subjected to diffusion we do not introduce yet
i another diffusion of the position of the elbow.

Evidently the corrected predictions will be more accurate
as they are biased by the current measurements. Further-
more, the prior PDF, see equation 1, will be more accurate
Figure 3: The shoulder coordinate system seen from aboveand, hence fewer particles are required to model the state of
The circle illustrates the sphere that defines the possible pothe system.
sitions of the elbow. The large dashed line indicates a cam-

era ray through the hand. See text for a definition of the 5§ Estimating the MAP
parameters.

z

Having dealt with the first issue raised in section 1.1, we

. now address the second issue, namely how to estimate the
the predicted position of the hand,, , to the line,l. The MAP.
projected prediction is denotéﬁ) and calculated aH_l) = Findingthecorrect state in a particular time instant is an
P + ((H, —P) F)F whereP andF are the line  important problem when an explicit representation of the
tracked object is required. That is, when at some point all
those fancy SMC tracking algorithms developed in different
research-labs around the world are to be applied in real-life
applications they have to be able to estimate the actual state

parameters of. P is the focal point and” is the vector
spanned by the focal point and the position of the hand in
the image, i.e., a direction unit vector.

The prediction in the SMC algorithm contains both a de- . A
terministic as well as a stochastic term. The deterministic &' & particular time instant. L
term models the dynamics of the system while the stochas- Th? m_ost common method to estimating the current_ state
tic term models the process noise in the system, i.e., the un’S by f|nd!ng the weighted average pf all sampled particles,
certainty of the deterministic model. Usually both predic- €., the first mom(_ant [8]. This is S|mple3 but has the ma-
tions are applied at the same time, but we do not apply thel°" drawback tha't It assumes the poster|0.r PDF to be uni-
stochastic prediction until we have corrected the determin- modal._ In situations \{vhere this assu_mptlon _do not hold,
istic prediction. This allows us to provide an estimate of the the estimated state might be located in a r_eglon_where_no
actual process noise as opposed to applying off-line trainingsamples are presgnt at all o, even Worse, in an |mp053|ple
data. Concretely, we apply the stochastic prediction by ran."€gion of the solution space. In figure 4 an example of this

domly sampling from a Gaussian distribution located along is shown. The figure shows a (designed) 1D posterior PDF
the line,l, see figure 3. The mean of the Gaussian is defined,r

epresented by weighted particles. The state indicated by
by }71) and the standard deviation controlled by the error

x' is the first moment. Clearly this is an incorrect solution
. . _— _—
vector, hence the standard deviatienk, - ||H, — H;

in this case. A slightly better solution in this line of thinking
) > |_' . isto define the current state as the particle closest to the first

wherek; is a predefined constant. As the standard deviation ;o ment.
and henpe the process noise is cont_rolled by Fhe error vector - another common approach is to estimate the current
we obtain a more accurate stochastic prediction. state as the particle with the highest weight. As the weight

After this operation we have the corrected prediction of 4f 5 particular state might be the sum of several particles
the hand,H. . The difference between the predicted and this is a very sensitive approach. A better solution in this
corrected vector yields a measure of the prediction error,jine of thinking is to estimate the current state as the state
denotedH, and calculated all, = H. — H,, . with the highest weight, indicated by\". This is exactly

The predicted position of the elbow can not directly be the MAP, defined in section 1.
corrected by the image measurements. However, we know The MAP is a statistically sound concept that is well-
the elbow is likely to have a prediction error closely related suited in the context of Bayes’ rule. However, in the context
to that of the hand as the hand and elbow are part of theof estimating the current pose, i.e., the most likely configu-




0.09 ‘ " others states (particles).
* = Weighted average
0.08r A4=MAP J N
o = Weighted distances . - -
0.07} o = Only large weights ; 1 state= arg min Z Ty ‘ ‘X - X, ‘ ‘ (7)
¢ = Local method j=1
~0.06f . L . L
E This expression finds the optimal solution in terms of the
+20.05¢ P i weighted sum of absolute differences and is illustrated as
2 04l i state o’ in figure 4. In general, expression 7 gives a better
g estimate of the current state compared to the above men-
0.0 tioned methods. However, it has two major drawbacks; it
0.02¢ | is computationally demanding and tends to favour particles
close to the first moment.
0.01¢ ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ ] The high complexity is due to the high numkéy?) of
0 ‘ ‘ weighted distances that needs to be calculated. To avoid a
0 10 20 30 40 50

computational explosion only those particles having a large
weight, suggesting that they are part of a large peak, are in-
vestigated. That is, particle; is investigated ifr; > %
where the constant, directly determines the number of
particles to be investigated, i.e., the computational complex-
ity. In practise a new list containing all particles with a high
weight is constructed and used instead of the original list
containing all particles. In the example in figure 4 all par-
ticles above the dotted line are considered. The state found
in this manner is illustrated in figure 4 d9". Besides low-
ering the complexity this method actually also "filters” the
eoosterior PDF by removing all particles with a small weight
and hereby improving the result, see figure 4.

Even though only particles having a large weight are
S considered, expression 7 still tends to favour particles close
MAP can change significantly. . . : .

, , . , to the first moment. The reason being that expression 7 is

Il) The state W'th,, the rnghest prqbablllty might not al- 5 global method. To avoid this problem we instead sug-
ways represer?t the "best” state. In f|gure 4 the MAP is rep- gest the local method in expression 8, which only considers
resented asA’. Cle_arly a better esﬂm_ate_ of the cur_re_nt the particles close to the particle being evaluated. Note that
;tate can be found if qlso the probability in the prQX|m|ty only those particles having a high weight are considered.
IS considered. In t_he f!gure a more dense probablllty massExpression 8 defines the current state to be the state where
IS present t.o the right in the figure suggesting that a betterthe probability density in the proximity is highest. The state
estimate might be found here compared to the MAP. found using this expression is illustrated Ky in figure 4.

Il) The problem of an explicit representation of \ye genote this approach MOLAP, most likely a posteriori.
multiple-hypotheses. Clearly, SMC can represent multiple-

hypotheses in an implicit manner, but how would we answer MOLAP = arg max Z 7 (8)
\4

State (X)

Figure 4: A posterior PDF represented by particles. The
symbols refer to different estimates of the current state.

ration of an object, the MAP might not be the best choice.
Three reasons exist.

I) The posteriori PDF is discrete. If the PDF was a con-
tinuous function the MAP would always be the state with
the highest probability. However, for all practical matters
the PDF is discrete and the MAP can therefore change du
to different resolutions, i.e., the MAP is dependent on the
resolution. Especially, in the case of multiple modes the

the following question?Which are the five most likely con-

figurations of the objects in a particular instant of time?”

Applying the MAP we could find the five states with the whereV = {j € [1,N]

highest probabilities. However, these are likely to originate .

from just one or two modes in the posterior PDF, i.e., one andk € {1, 2, ..., dim(X )} is an index into the state vec-

or two configurations, and by the question was meant, thetor, andS) defines the proximity threshold.

five most likelyand different configurations, i.e., different In general expression 8 is an accurate estimation of the

modes. current state and since it considers the proximity it handles
For the three above mentioned reasons we seek an alterthe first two problems mentioned above (I and II). The third

native to the MAP that takes the probabilities in the prox- problem (lll) is handled by ignoring all particles contribut-

imity into account. An estimate of the current state which ing to the best MOLAP, when searching for the second best

takes the probabilities (weights) of other states into accountMOLAP, etc. Furthermore, the expression also ensures that

can be defined as the particle the state of which minimisesthe estimated state is always in an legal region of the state-

the sum of the weighted distances between this state and alépace. Finally, the expression allows for a parametric rep-

abs(Xk — Xk,j) < Q,V k’},



resentation of the posterior PDF. We could represent each B
mode in the posterior PDF by a Gaussian with mean given /7
by the MOLAP and covariance given by the sum in expres-
sion 8. The "X’ best MOLAPs (modes) could then be found v
and the posterior PDF represented by the sum of the Gaus- -
sians representing the best modes.

6. Results

In figure 5 the PDFs of the orientations of the upper- and
lower arm are shown for the same image but for differ-

ent number of samples in the DHT, i.e., different The
choices ofj and~ (see section 3.1 for definitions) directly
control the computational complexity of the DHT. In this
work we have sety = 0.05 andj 100, resulting in

n € [500, 1500]. Obviously these values need to be tuned

to the particular application at hand.

The sub-figures in the second row show the estimated ' . . _ _
PDFs according to the stop criterion. Assuming the PDFs Figure 6: The five most likely configurations of the arm in

in the last row to be the "ground truth” a visual compar-

the image in figure 2.A with sub-space SMC (A and B) and

ison reviles that the PDFs estimated by the stop criterionWith standard SMC (C and D). For the 3D plots: the thicker

are not identical to the ground truth. Nevertheless, it is evi-

the line the higher the likelihood. The dotted line illustrates

dently that the primary tendencies are kept even though onlythe camera ray passing through the hand. For the 3D con-
a fraction of the samples have been applied, hence the dyfigurations projected into the image: the probability of the

namic stop criterion is valid.
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Figure 5: The estimated PDFs aftesamples for a partic-
ular image. The left column is for the upper arm and the
right column is for the lower arm.

lines are in the following order (smallest probability first):
thin white, thin black, dash-dotted, thick white, thick black).
Note that only the relevant part of image 2.A is shown.

In figure 6 the effect of sub-space tracking in the SMC-
algorithm is illustrated by comparing it to a standard SMC-
tracker. For both algorithms 100 particles are applied.

After tracking the arm for 100 frames the five best MO-
LAPs are illustrated in figure 6 with- and without sub-space
tracking®. The five best MOLAPs are illustrated in both a
3D plot and projected into the image. The best MOLAP is
found utilising equation 8. The second best is also found
using equation 8 but without considering the states in the
hypercube (a square in our case) of the best MOLAP, etc.

The figure shows that tracking in our sub-space gives an
improvement compared to tracking in the standard state-
space. The figure also shows that the MOLAP (for both
state-spaces) finds five distinct configurations and not just
slightly different variations of the same configurations,
hence our tracker truly handles multiple hypotheses.

The best MOLAP might not always ke correct state.
However, it is always located at a (often large) peak with
high probabilities in the proximity. The standard estimate
of the current state, on the other hand, tends to be located
in the centre of the state-space and sometimes at a position
where no peaks are present at all.

3In the case of standard SMC-tracker our state-space was spanned by
the four Euler’s angles and the tracker was manually initialised to the cor-
rect pose 100 frames earlier than the image shown in figure 2.



Inimages such as the one in figure 2.A the posterior PDF [2]
is in general ambiguous. In our sub-space a number of cor-
rect poses can be found by increasings the distance be-
tween the hand and camera increases. This tendency can be
seen in figure 6 which also shows that standard SMC fails [3]
to capture this tendency.

7. Conclusion [4]

In this paper we have suggested how to improve the per-
formance of SMC tracking. Concretely, we have made two
contributions. Firstly, we have showed how image measure- [5]
ments from the current frame can be applied to generate a
sub-space and, i.e., reduce the dimensionality. We showed

it for the pose parameters of the arm, but the concept is more [6]
general and applies in all applications where discrete image
features can be estimated independent of each other. Be-[7]
sides the tests presented above the improvement achieved
by our sub-space approach can also be understood intu-
itively. Just imagine the complex nature of the posterior
PDF utilising four Euler's angles or the screw axis repre- [g]
sentation.

Secondly, we have suggested how to estimate the cur-
rent state of the system based on a local method as opposedg]
to the standard global method. The suggested method also
provides a way of estimating the different modes in a pos-
terior PDF. [10]

A future extension of our work is to use the sub-space
approach on articulated objects with more degrees of free-
dom, e.g., the entire human body. The image features ap-
plied to span the sub-space will then be in the form of the [11]
position of the two hands, the head, the feet, and possibly
other extremities of the human body.

It should be noted that our concept of sub-space tracking
is comparable to [7][9][11]. They reduce the dimensional- [12]
ity of the tracking problem by first estimating the base of
their articulated object and then estimating the remaining
body parts, i.e., a partition of the state-space. Our approactj13]
differs as we estimate the end-effector of the articulated ob-
ject as opposed to the base. This allows us to define a lower
dimensional state-space as opposed to a partitioned statg44]
space. Our work also differs as we use the end-effector to
correct the prediction as opposed to [7][9][11] who use the
base as a reference in the state-space when estimating the
remaining state-space parameters. [15]

Another way of describing the difference is to say that
we are trying to combine the usually distinct low-level and [16]
high-level tracking approaches, where [7][9][11] apply pure
high-level approaches.

[17]
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