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ABSTRACT
In recent years Sequential Monte Carlo (SMC) algorithms
have been applied to capture the motion of humans. In this
paper we apply a SMC algorithm to capture the motion of
an articulated chain, e.g., a human arm, and show how the
SMC algorithm can be improved in this context by apply-
ing auxiliary information. In parallel to a model-based ap-
proach we detect skin color blobs in the image as our aux-
iliary information and find the probabilities of each blob
representing the hand. The probabilities of these blobs are
used to control the drawing of particles in the SMC algo-
rithm and to correct the predicted particles. The approach
is tested against the standard SMC algorithm and we find
that our approach improve the standard SMC algorithm.
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1 Introduction

Human Motion Capture (MoCap) has for several years
been an increasing activity around the world. The primary
reason being the number of applications where MoCap is
a necessity. Most well know is perhaps the application ar-
eas of Human Computer Interaction (HCI), surveillance,
diagnostics of orthopedic patients, analysis of athletes,and
computer graphics animations such as the motion of the
dinosaurs in ”Jurassic Park” and Gollum in ”Lord of the
Rings”.

Different MoCap technologies exist but marker-free
computer vision-based MoCap is of special interest as it
can provide a ”touch-free” and one-sensor (monocular)
technology, see [12] for a survey. In recent years, statistical
methods such as the Condensation algorithm [6], the par-
ticle filter [16], and Multiple-Hypothesis tracking [1] have
been some of the most preferred approaches in computer
vision-based MoCap. These methods all belong to the class
of Sequential Monte Carlo (SMC) methods [5].

A Monte Carlo algorithm represents the posterior
probability density function (PDF) by a finite number of
weighted state samples (known as particles) each selected
from an Importance Function and weighted by the mea-

surements. This sampling principle is known as Importance
Sampling. A SMC algorithm is a Monte Carlo algorithm
operating on a time sequence of measurements.

1.1 Related Work

A number of different strategies have been developed in
order to improve the SMC algorithm. Below we list rep-
resentative examples using some of these strategy. See [9]
for a more comprehensive overview.

One strategy is to represent the posterior in the previ-
ous frame in a more suitable manner before drawing parti-
cles from it. By suitable in meant that the representation is
focused around the most likely modes, i.e., the drawn par-
ticles are more representative. This was done in [1] where
the posterior was parameterized by a number of Gaussians
and in [15] where each mode in the posterior was repre-
sented by its mean and covariance.

A second strategy is to partition the state-space in or-
der to reduce the dimensionality of the search problem by
first finding the main body part (the base of the articulated
structure) and then finding each of the remaining body parts
by searching in individual and lower-dimensional state-
spaces. In [8] the hand was first found and afterwards the
fingers wrt the hand. In [10] the torso was first identified
followed by the arms and legs.

A third strategy is to make a local search for each pre-
dicted particle in order to find the maximum/minimum in
the proximity and then change the predicted particle to this
value [1][16]. A more advanced version of this concept is
to perform the search according to the principle from Sim-
ulated Annealing [4].

A fourth strategy is to improve the SMC algorithm
by including auxiliary information from the current frame.
How this is done depends on the relationship between the
state-space parameters and the auxiliary information. In [7]
the goal is to track the shape of a hand in the image and the
auxiliary information (skin pixels) can directly be related
to the state-space parameters. Concretely the skin pixels
together with training data are combined into an impor-
tance function from where particles can be drawn. In ap-
plications where there is no direct relationship between the
state-space parameters and the auxiliary information this



principle do not apply and the more general framework of
the Unscented Particle Filter is recommended [9][14].

1.2 The Content of this Paper

In this work we apply the fourth strategy. As we have a
weak relationship between the state-space parameters and
the auxiliary information this paper is located somewhere
in between the two approaches [7] and [9][14]. Concretely
we use the position of the hand in the image as our aux-
iliary information. The hand is an end-effector of a kine-
matic chain as opposed to, e.g., the torso which is a base.
This means that our approach only applies to open-looped
articulated structures, like the arms and the legs of a hu-
man. For a MoCap system targeted at the entire human
body our approach should therefore be combined with an-
other framework in order to estimate the base (torso) of the
articulated structure. As excellent descriptions of such sys-
tems can be found in the literature, see e.g., [10], this paper
will only describe the MoCap of one open-looped articu-
lated structure, namely the human arm.

The paper is structured as follows. In section 2 we
describe the SMC algorithm and its parameters in this par-
ticular work. In section 3 we describe the auxiliary infor-
mation, how it is obtained and how it is applied. In section
4 the observation PDF used in this work is defined. In sec-
tion 5 we present results and finally section 6 discusses our
approach.

2 The SMC Algorithm

The SMC algorithm is defined in terms of Bayes’ rule and
by using the first order Markov assumption. That is, the
posterior PDF is proportional to the observation PDF mul-
tiplied by the prior PDF, where the prior PDF is the pre-
dicted posterior PDF from timet − 1:

p(
−→
Xt |

−→
θt ) ∝ p(

−→
θt |

−→
Xt )p(

−→
Xt |

−→
θt−1) (1)

where
−→
X is the state and

−→
θ contains the image measure-

ments. The predicted posterior PDF is defined as

p(
−→
Xt |

−→
θt−1) =

∫

p(
−→
Xt |

−→
Xt−1)p(

−→
Xt−1|

−→
θt−1) d

−→
Xt−1 (2)

where p(
−→
Xt |

−→
Xt−1) is the motion model governing the

dynamics of the tracking process, i.e., the prediction,
and p(

−→
Xt−1|

−→
θt−1) is the posterior PDF from the pre-

vious frame. The SMC algorithm estimatesp(
−→
Xt |

−→
θt )

by selecting a number,N , of (hopefully) representative
states (particles) fromp(

−→
Xt−1|

−→
θt−1), predicting these us-

ing p(
−→
Xt |

−→
Xt−1), and finally giving each particle a weight

in accordance with the observation PDF.
In this work the state vector,

−→
X , represents the 3D

model of the arm. We assume the hand is a part of the
lower arm and that the lengths of the upper,Au, and lower

arm,Al, are known beforehand. We can therefore represent
the arm by four Euler angles, three in the shoulder and one
in the elbow.

The observation PDF,p(
−→
θt |

−→
Xt ), expresses how alike

each state and the image measurements are. In this work
the image measurements are the probabilities of the ori-
entations of the upper and lower arm in the image, re-
spectively, i.e.,

−→
θt = [pu(θu), pl(θl)]

T , wherepu(θu) and
pl(θl) are the PDFs of the different orientations of the up-
per and lower arm, respectively. We define the observation
PDF as1

p(
−→
θt |

−→
Xt ) =

pu(θu(
−→
Xt )) + pl(θl(

−→
Xt ))

2
(3)

whereθu(
−→
Xt ) andθl(

−→
Xt ) map from the Euler angles to

the orientation of the upper and lower arm in the image,
respectively2.

3 Including the Auxiliary Information

In this section we describe how the SMC algorithm is en-
hanced by including auxiliary information. The auxiliary
information is in the form of the position of the hand in
the image. Firstly we will describe how the auxiliary in-
formation is obtained and related to the SMC algorithm.
Secondly we will describe how to apply the auxiliary infor-
mation to correct the states of the predicted particles.

3.1 Obtaining the Auxiliary Information

The hand candidates in an image are detected based on a
skin color segmentation. We first convert each image pixel,
(R,G,B), into cromaticity, (r, g, b), and make a binary
image based on a Mahalanobis classifier, those mean and
covariance are found during training. In the binary im-
age we apply morphology followed by a connected com-
ponent analysis. This gives us a number,m, of skin blobs,
bi, which each could represent the hand. Each skin blob
is used to correct a number of particles according to the
likelihood of this particular blob being a hand,p(hand|bi).
That is, the number of particles,N , available at each time
instance are divided between them skin blobs so that blob
bi is associated withpi particles, where

pi = N · p(hand|bi)
∑m

i=1
p(hand|bi)

(4)

The problem with this approach is that it assumes that
the correct hand position always is among the detected skin
blobs. When this is not the case the entire system is likely
to fail. To overcome this, we adapt the approach taken in

1Note that a summation is applied as opposed to a multiplication,be-

cause noise can result inpu(θu(
−→

Xt )) = 0 or pl(θl(
−→

Xt )) = 0
2These mappings require the camera parameters as well. But to en-

hance the concept we have left them out in the expressions.



[3], where only a portion of theN particles are predicted
and the remaining particle are drawn from a uniform dis-
tribution. Similar, we will always letT · N particles be
predicted and weighted regardless of the auxiliary informa-
tion3. Concretely we say that at least10% of the particles
should be drawn without regard to the auxiliary informa-
tion and defineT as

T =

{

0.1, if k > 0.9
1 − k, else

(5)

wherek is the likelihood of the skin blob most likely to
represent the hand, i.e.,k = max

i
{p(hand|bi)}

3.1.1 Defining the Likelihood of a Hand

We define the likelihood of the hand as

p(hand|bi) = F

(

t

Π
j=1

wj · p(hand|fj , bi)

)

(6)

whereF (·) scales the likelihood,t is the number of fea-
tures,wj is the weight of thejth feature,fj is thejth fea-
ture, andp(hand|fj , bi) is the likelihood of the hand given
the jth feature and theith skin blob. The scaling of the
likelihood is necessary as we use this value not only as
a relative measure, but also as an absolute measure when
definingT . In this workF (x) = 1− exp(−5x) was found
to work well.

We use three equally weighted features, i.e.,t = 3
andwj = 1. The first feature is based on the number of
pixels in the blob. As this feature is dependent on a number
of different aspects, such as the distance to the camera, we
apply this feature in a very conservative manner:

p(hand|f1, bi) =







0, if A > THmax

0, if A < THmin

1, else
(7)

where THmin and THmax define the lower and upper lim-
its, respectively, andA is the area, i.e., the number of pix-
els.

The second feature is based on the idea that the center
of gravity (CoG) and the center of the hand should be close
to each other. This is evaluated by estimating the center of
the blob (hand) by a distance transform and comparing it
with the CoG in the following way

p(hand|f2, bi) = 1 −
(

DTmax − d(CoG)
DTmax

)

(8)

where d(CoG) is the value found by the distance transform
in the position of the CoG and DTmax is the maximum
value found by the distance transform inside the blob.

3We therefore correct equation 4 by replacingN with N − N · T

The last feature is inspired by the fact that the shape
of a hand often can be modeled as an ellipse. We therefore
calculate the semi-axes of the ellipse that corresponds to
the area and perimeter of the blob. This ellipse is denoted
Ed and compared to the blob to see how well it matches.

An ellipse can be described by its areaA = abπ and

perimeterP = 2π
√

1

2
(a2 + b2), where2a is the major axis

and2b is the minor axis. Expressing the major and minor
axes in terms ofA andP yields

2a =

√

P 2

2π2
+

2A

π
+

√

P 2

2π2
− 2A

π

2b =

√

P 2

2π2
+

2A

π
−

√

P 2

2π2
− 2A

π

The measured area and perimeter of the blob are used
to calculate the axes ofEd, a andb. The center ofEd is then
placed in the CoG andEd is rotated and compared with the
blob. The rotation is done in a coarser-to-finer manner and
the comparison is carried out by calculating the intersection
divided by the union of the two regions, that is

p(hand|f3, bi) = max
φ

{

Ed(φ) ∩ A

Ed(φ) + A − Ed(φ) ∩ A

}

(9)

whereφ is the rotation of the ellipse,Ed, andA is the area
of the blob.

3.2 Applying the Auxiliary Information

In this subsection we describe how one particle is corrected
based on the auxiliary information. We first convert the
four Euler angles into the 3D position of the elbow,

−→
E ,

and hand,
−→
H , respectively. We do this conversion for two

reasons. Firstly, more smooth trajectories can be expected
for these parameters and hence, better motion models can
be defined. Secondly, we can directly apply the CoG to
correct the predictions which is not so easy in the Euler
angles representation. After this conversion both

−→
E and−→

H are predicted using a linear first order motion model
[11] and then kinematic constraints are applied to ensure a
possible configuration [11].

First we will show how the prediction of the hand,−→
H , is corrected and hereafter we will show how the pre-
dicted position of the elbow,

−→
E , is corrected. In figure 1

the predictions are illustrated using subscript ’p’ while the
corrected predictions are illustrated using subscript ’c’.

We assume a calibrated camera and can thou span
a line in 3D, l, via the CoG and the camera, see figure
1. We can therefore correct the prediction by project-
ing the predicted position of the hand,

−→
Hp , to the line,l.

The projected prediction is denoted
−→
H1 and calculated as−→

H1 =
−→
P + ((

−→
Hp − −→

P ) · −→F )
−→
F where

−→
P and

−→
F are the
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Figure 1. The shoulder coordinate system seen from above.
The circle arc illustrates the sphere that defines the possible
positions of the elbow. The large dashed line illustrates a
camera ray through the hand. See the text for a definition
of the parameters.

line parameters ofl.
−→
P is the focal point and

−→
F is the vec-

tor spanned by the focal point and the position of the hand
in the image, i.e., a direction unit vector.

We randomly diffuse
−→
H1 to account for the uncer-

tainties in the estimate of the CoG. Concretely we first ran-
domly draw a value from a Gaussian distribution with mean
in

−→
H1 and standard deviation= c · ||−→Hp −−→

H1 ||, wherec
is a predefined constant. This point defines the displace-
ment along the camera ray wrt

−→
H1 . The resulting point is

now rotated around the vector
−−−−→
H1Hp using Rodriques’ for-

mula [2]. The number of rotated degrees is determined by
randomly sampling from a uniform distribution. The final
diffusion of the point is along the vector

−−−−→
H1Hp . The dis-

placement is define wrt
−→
H1 and designed so that the max-

imum probability is at
−→
H1 and that the tail towards

−→
Hp

is more likely than on the opposite side. This corresponds
to a Poisson distribution with its maximum probability lo-
cated in

−→
H1 . We implement this by combining two Gaus-

sian distributions,G1 andG2, each with mean in
−→
H1 . G1

represents the distribution on the opposite side of
−→
Hp and

its variance is controlled byp(hand|bi). G2 represents the

distribution on the same side as
−→
Hp and its variance is con-

trolled by both||−→Hp − −→
H1 || andp(hand|bi). In praxis we

first choose from which side of the mean we should draw a
sample and then draws it from the appropriate (one-sided)
Gaussian distribution.

After these three diffusions we have the final cor-
rected particle, denoted

−→
Hc . The difference between the

predicted and corrected particles yields a measure of the
prediction error:

−→
He =

−→
Hc −−→

Hp .
The predicted position of the elbow can not directly

be corrected by the auxiliary information. However, we
know the elbow is likely to have a prediction error closely
related to that of the hand as the hand and elbow are part of

the same open-looped kinematic chain. We therefore cal-
culate the corrected position,

−→
Ec , by first adding the pre-

diction error of the hand to the predicted value of the elbow,
yielding

−→
E1 =

−→
Ep +

−→
He , and then finding the point clos-

est to
−→
E1 that results in a legal configuration of the arm. In

mathematical terms
−→
Ec = arg min

−→

E

∣

∣

∣

∣

∣

∣

−→
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∣
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∣
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∣
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∣
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solution to this problem can be found in [11].

4 The Observation PDF

For each blob,bi, we estimate an observation PDF and use
this to weight the particles related to a particular blob. For
the T · N particles that are not related to a blob we use
the less accurate approach of chamfer matching instead of
equation 3. The distance transform is calculated on the
edge image in figure 2.

The observation PDF in equation 3 is based on the
orientations of the arm segments in the image. We esti-
mate the PDFs of the orientations of the upper arm,pu(θu),
and lower arm,pl(θl), respectively, based on edge pixels.
As our input images contain background clutter and non-
trivial clothes we utilize temporal edge pixels4. That is,
we find the edge pixels in the current image using a stan-
dard edge detector and AND this result with the difference
image achieved by subtracting the current- and the previ-
ous image, see figure 2.B for an example5. Those pix-
els actually belonging to the arm will be located in four
classes, two for the upper arm and two for the lower arm,
respectively. Our system does not impose restrictions on
the clothes of the user. The clothes will in general follow
gravity, hence the two classes of pixels originating from the
upper sides (wrt gravity) of the upper- and lower arm will
model the structure of the arm better, see figure 2.B. We
therefore only consider temporal edge pixels located on the
”upper” sides. Concretely we define ”upper” and ”lower”
via two lines described by the position of the shoulder in
the image, the CoG of the blob, and the predicted position
of the most plausible elbow location found among the most
likely in the previous frame.

We wish to estimatepu(θu) andpl(θl) independently
and therefore separate the temporal edge pixels into two
groups by calculating the perpendicular distance from each
pixel to the two lines. As the prediction of the position of
the elbow is uncertain we ignore all pixels within a certain
distance from the predicted position of the elbow. Further-
more, we ignore all pixels too far away from both lines.
When no predictions are available we use chamfer match-
ing (as described above) as the observation PDF.

Estimating the orientation of a straight line from data
can be carried out in different ways, e.g., via principal com-

4We assume that only ego-motion is present.
5When only a few temporal edges can be found we conclude that no

motion is present and do not update the state-space parameters, i.e., no
processing beyond this point is carried out.
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Figure 2. A: A typical input image. B: The temporal edge
pixels.

ponent analysis or linear regression. However, as we will
not model the distribution of the orientations via Gaussians
we can not apply these methods. Instead we apply the dy-
namic Hough transform (DHT). It estimates the likelihood
of each possible orientation, hence allowing multiple peaks
in the observation PDF. The choice of the DHT is further-
more motivated by the fact that it adapts to the data. The
DHT randomly samples two pixels from one group and cal-
culates the orientation of the line spanned by the two pix-
els. The more times the groups are sampled the better the
estimation of the PDFs will be. On the other hand many
samplings also lead to large processing time. The sampling
of one group is therefore terminated as soon as the variance
of the PDF is stable. To evaluate the stability of the vari-
ance aftern samplings the variance of the lastj variances
is calculated as

ν2

jn =
1

j

n
∑

i=n−j

(σ2

i − µjn)2 (10)

whereσ2

i is the variance afteri samplings andµjn is the
mean of the lastj variances.

The stop criterion is defined as the number of sam-
plings,n, where the lastj samplings are within the interval
[µjn − λ, µjn + λ]. The distribution of the lastj variances
will in general follow a Uniform distribution. The theoreti-
cal variance of such a distribution in the given interval can
be estimated asλ2/12 [13]. When the mean of the vari-
ances,µjn is large it indicates large uncertainty in the PDF,
which again indicates weak lines in the temporal edge im-
age. A stable variance for such a PDF tends to required a
larger value ofλ compared to an image with stronger lines.
To account for this differenceλ is defined wrtµjn as

λ =
µjn

γ
(11)

whereγ is found empirically. Setting the estimated vari-
ance equal to the theoretical variance yieldsλ = νjn

√
12.

Inserting this result into equation 11 and writing it as an
inequality yields

ν2

jn ≤
µ2

jn

12 · γ2
(12)

Altogether the stop criterion is found as the smallestn
for which inequality 12 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
independent PDFs, one for the upper arm,pu(θu), and one
for the lower arm,pl(θl). Different number of samplings
might have been used to estimate the two PDFs. The ac-
cumulated probability mass for each PDF is therefore nor-
malized to1.

5 Results

The effect of applying auxiliary information is illustrated
by comparing this approach to a standard SMC-tracker. For
both algorithms 50 particles are applied. After tracking the
arm for 100 frames the characteristics of the two algorithms
are illustrated in figure 3. First we illustrate the values of
the predicted particles in the standard SMC algorithm (fig-
ure 3.A) and the values of the corrected particles when aux-
iliary information is applied (figure 3.B). We do not visual-
ize all four parameters in the state-space but rather the 3D
position of the hand projected into the image.

In figure 3.B the main parts of the particles are lo-
cated around the segmented skin-colored blobs and espe-
cially around the hand6. These more focused particles re-
sult in a higher probability of finding the pose of the arm
- even when using as few as 50 particles. This can also be
seen in figure 3.C and 3.D where the three particles with
the highest weights7 are illustrated in 2D for the standard
SMC algorithm (3.C) and when applying auxiliary infor-
mation (3.D). It can be seen that the auxiliary information
improves the results.

In images such as the one in figure 2.A the posterior
PDF is in general ambiguous and a ”ridge” will be present
in the posterior PDF. This means that a number of correct
poses, i.e., poses that can explain the current image data,
can be found by increasing the distance between the hand
and camera, that is, moving along the ridge. This tendency
can be seen in figure 3.D while the standard SMC algorithm
fails to capture this tendency.

6 Discussion

In this paper we have suggested how to improve the SMC
algorithm when dealing with articulated chains such as a
human arm or leg. Our approach is based on the idea of
applying auxiliary information from the current frame to
correct the predicted particles. Comparing our approach to
the standard SMC algorithm shows that we obtain more fo-
cused particles since our importance function is much more
accurate than just usingp(

−→
Xt |

−→
Xt−1). Furthermore, the

6Note that the face blob is eliminated by feature,f1. The neck region
is segmented into a different blob and therefore associated with some par-
ticles.

7Highest weight first: black, white, thin black.
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Figure 3. The results of running the SMC algorithm with
(B and D) and without (A and C) auxiliary information.
See the text for details.

auxiliary information also allows the algorithm to quickly
(re)initialization when the body part (re)enters the field of
view. This is only the case for the standard SMC algorithm
when a special (re)initialization procedure is added.

One could argue that we should let the auxiliary infor-
mation be a part of the observation PDF and then charac-
terize our approach as a multiple cue (skin color and edges)
approach. However, this isnot the primary novelty of our
approach. Instead the primary novelty is the concept of
correcting the particles so that the SMC algorithm is more
likely to find the true state-space parameters and hence re-
quire fewer particles when tracking an object.

The core of our approach is to let the end-effector of
an articulated chain be the auxiliary information. This is a
sound concept, but requires a reliable detection of the end-
effector. Skin color is in general a good approach for find-
ing the hand. However, if the lighting changes significantly,
for example in an outdoor setting or the user is wearing a T-
shirt, this approach may fail. Therefore shape information
should be incorporated to provide more reliable measure-
ments of the hand. Furthermore, if the articulated chain is
the human leg, skin color might not be the obvious choice
when detecting the foot!

Our observation PDF is quite different from standard
approaches as we actually calculate the entire PDF as op-
posed to calculating it for only the particles that needs to
be weighted. That is, we require relatively much process-
ing estimating the PDF but the weighting is then trivial,
see equation 3. Which is better depends on the observation
PDF.
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