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Abstract
Skeleton tracking has multiple applications such as games, virtual reality, motion capture and more. One of the main challenges
of pose detection is to be able to obtain the best possible quality with a cheap and easy-to-use device. In this work we propose
a physically based method to detect errors and tracking issues which appear when we use low cost tracking devices such as
Kinect. Therefore, we can correct the animation in order to obtain a smoother movement. We have implemented the NewtonEuler Algorithm, which allow us to compute the internal forces involved in a skeleton. In a common movement, forces are
usually smooth without sudden variations. When the tracking yields poor results or invalid poses the internal forces become
very large with a lot of variation. This allow us to detect when the tracking system fails and the animation needs to be inferred
through different methods.
CCS Concepts
•Computing methodologies → Skeleton Tracking; •Hardware → Sensors and actuators;

1. Introduction
Skeleton tracking is an active area of research since it allows for a
large number of applications such as gesture interaction schemes,
virtual reality frameworks, motion capture and more. Currently
there are many proposed solutions to this problem, although there is
a trade-off between accuracy, expense and realtime capability. Current accurate body reconstructions typically involves a set up of a
number of cameras and optical marker suits. The advantages of this
approach are very precise motion tracking and no heavy suits are
involved. The drawbacks of this system are an expensive and fixed
scenario. Also this approach does not allow for a real-time applications since it is usually necessary to be post-processed. On the
other hand, there is a very cheap solution which consists of using
a single depth sensor and reduce the skeleton tracking problem to
a pixel classification problem. One known device capturing human
motion through depth sensor is Kinect-2 [Kin13]. This allows for a
real-time and portable way to capture a skeleton motion, however
it results in a low accuracy tracking. This method also handles very
poorly when parts of the body are occluded to the camera. We focus on single depth sensor devices because of its versatility and we
believe that the same tracking system can be improved without a
significant computation load. Therefore, the objective of this work
is to filter the skeleton capture by a single depth sensor using physical information. Skeletons are physical systems and given some
parameters such as weight and height of the user, we are capable
of extract dynamic information from an animation such as internal
torques and forces. Our hypothesis is when significant occlusions
occur, the skeleton provided by the tracking system will show large
unrealistic internal forces. Consequently, we can use this informac 2017 The Author(s)
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tion to filter an animation captured from these kind of systems. We
will use a Kinect device in order to test our hypothesis and find a
way to smooth the forces and provide a better estimation of the motion under occlusions circumstances. Below we introduce a small
state of the art relating this topic.
1.1. Skeleton Tracking
Grest et al. [GKK07] used Iterative Closest Points (ICP) approaches to solve this problem. Using a single depth camera and
a color camera, a human 3D model is iteratively moved in order to
best match the information from the depth camera. Also they take
advantage of color camera information to better determine boundaries of the body and therefore the background can be dynamic.
The drawback from ICP methods is that they may get local minimum as result and yield an incorrect pose. Also they may be time
expensive if there is a large amount of points to iterate.
Siddiqui and Medioni [SM10] proposed an optimization method
in a data driven Markov Chain Monte Carlo framework. They define a likelihood function, to measure how well the input data
matches the predicted pose, and used prior frame information to
discard unfeasible poses. They improve over previous ICP techniques obtaining interactive framerate.
Shotton et al. [SFC*11] reformulated the pose tracking into a
pixel classification problem. The input data is a segmented depth
image and its pixels need to be assigned to a body part. To solve
the problem they use a random forest approach which are trained
with a large number of synthetic images. This approach is used
in the kinect [Kin13] game sensor and yields good results in an
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interactive framerate (30 fps due to the sensor framerate) but may
fail to classify some pixels when large occlusions occur. The main
advantage of this techniques is that it performs well for arbitrary
backgrounds so no special set up is necessary other than the device
within a certain range from the tracked body.
Wei et al. [WZC12] applied a MAP framework to estimate body
pose. They defined several functions to quantize how much input
data matches the predicted pose taking into account silhouette, occluded pixels, and the depth image. Also use prior poses in order
to obtain a better estimation of the skeleton by penalizing changes
in the velocity of the joints of the skeleton. This approach is capable of producing good results in real-time, and solves some poses
where previous attempts such as kinect is not able to provide a valid
result. Despite the advantages of this method it is GPU intensive
which may not be suitable for some applications.

Figure 1: Spatial Motion Axis.~r is the vector connecting the center
of mass of the bone with the axis of rotation and u is the axis of
rotation.

Our intention is to improve an existing fast skeleton tracking
such as kinect and filter its results to provide a better estimation
of the pose when occlusions occur or in situations where the sensor
is not able to provide acceptable results.

1.2. Articulated Body Dynamics
The main part of this work is focused in skeleton dynamics. An extensive work in the fields of robot dynamics is has been conducted
by Featherstone [Fea08] with many publications.

Although in this model joints have only a single degree of freedom (see fig. 1) multiples degrees of freedom can be achieved by
concatenating more than one joint with a link of zero mass and
length and having as their motion axis the desired directions.

There is a number of algorithms regarding skeleton dynamics,
our focus is to find the most efficient to implement, these have been
proposed by Featherstone [FO00] which are able to compute forces
or acceleration in O(n) cost with the number of joints of a skeleton.
Although much of these works focuses on robot development, it
can be easily applied to perform computer simulation in a graphics environment such as games which was suggested by Kokkevis [Kok04].

2.2. Spatial Notation
Spatial Vector Algebra [Fea14] [Fea08] is convenient way of expressing rigid-body kinematics and dynamics. It conceptually reduces the amount of quantities and measures to be taken into account preventing mistakes or confusions.

2. Skeleton Dynamics
In this section we will show the framework for skeleton dynamics. We will show the algebra used when dealing with this kind of
problems, show the relevant quantities and the possible operations.
Finally we will show two algorithms for computing forces and accelerations of an skeleton.

There are two vector spaces being the first space for motion
or kinematic vectors (velocities) and the second vector space
where dynamic quantities (forces). These vector spaces are sixdimensional where lie both angular and linear quantities. For instance, the spatial velocity is written as v̂ = (ω, v)T ∈ R6 where
ω is the angular velocity of a body and v is its linear velocity. We
remit to [Fea14] for the formulas and notation.

2.1. Skeleton
We define a skeleton as a set of joints and bones. Joints have a
corresponding bone and may have multiple children and it holds
always true parent(i) < i. Each joint has a single degree of freedom
defined by an axis ω. Bones have a certain length and mass and
they are approximated by cylinder of which the inertia tensor ICOM
is defined in equation 1 where r is the radius of the cylindric bone,
L its length and m its mass.

ICOM = diagMatrix(

mr2 m
m
, (3r2 + L2 ), (3r2 + L2 ))
2 12
12

(1)

3. The Recursive Newton-Euler Algorithm
In order to obtain the underlying forces from a motion capture, we
require an algorithm which, given the kinematic information (velocity and acceleration) and other known quantities (bone weights,
lengths and external forces), computes the internal forces and
torques in the articulated structure. This is the Newton-Euler Algorithm [FO00].
c 2017 The Author(s)
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Algorithm 1 Newton-Euler Algorithm
for i = 0 to N − 1 do
j ← parent(i)
v̂i = i X j v̂ j + ŝi q̇
âi = i X j â j + v̂i × ŝi + ŝi q̈
fˆiJ = Iˆi âi + v̂i ×∗ Iˆi v̂i − fˆi
end for
for i = N − 1 to 0 do
τi = ŝTi fˆiJ
if i 6= root then
j ← parent(i)
fˆJj + = j Xi ∗ fˆiJ
end if
end for
In Algorithm 1 subindex refers to the corresponding joint, f J is
the force transferred from a parent joint to its child joints, fˆ is the
sum of external forces, τ is the internal torque in the joint, i X j is
transformation matrix from the frame linked to joint j to the frame
linked to joint i and q, q̇ and q̈ are angle, angular speed and angular
acceleration of a joint respectively.
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Algorithm 2 Articulated-Body Algorithm
for i = 0 to N − 1 do
j ← parent(i)
v̂i = i X j v̂ j + ŝi q̇
ˆ i + fˆi
p̂ = v̂i ×∗ Iv̂
ĉi = v̂i × ŝi q̇
end for
for i = N − 1 to 0 do
for k in Childrens(i) do
ˆ
k Iˆk
Iˆi + = k Xi T (Iˆk − Ik ŝk d⊗ŝ
)k Xi
k
ˆ
p̂i + = i Xk (p̂k + Ik ĉk + ĥk dukk )
end for
ĥi = Iˆi ŝi
di = ŝi · ĥi
ui = τi − ĥi · ĉi − ŝi · p̂i
end for
for i = 0 to N − 1 do
j ← parent(i)
u −ĥ · X â

q̈ = i di ii j j
âi = i X j â j + ĉi + ŝi q̈i
end for

Algorithm 1 involves two loops, the first one traverse all the
joints from the root to the child joints. It transfers velocity and acceleration in order to obtain this quantities in local coordinates for
each joint. It computes also the forces acting in that joint.
The second loop traverses the joints from the child joints to the
root and computes the torque of each joint as well as transfer the
force to the parent joint.
4. The Articulated-Body Algorithm
In Section 3 we explained how to compute the underlying forces of
the skeleton. In this section we will show the inverse process, given
the internal and external forces compute the resulting acceleration
in order to obtain a dynamic simulation of a skeleton. The algorithm
is called The Articulated-Body Algorithm [FO00] [Kok04].
Algorithm 2 follows the same notation as Algorithm 1 and additionally p̂ is the bias forces and following the notation of Kokkevis
E. [Kok04] ĉ, ĥ, d and u are temporal variables in order to prevent computing the same quantities multiple times. This algorithm
is divided in three loops, two which traverse the chain from root to
children and one from children to root.
The first loop is very similar to the first loop of algorithm 1 it
only computes velocity and force acting on that joint in local coordinates. The second loop transfers the forces from children joints
to its parents and also composes the inertia of the joints. The final loop computes the spatial accelerations as well as the angular
acceleration of the joint.
5. Results
To be able to compute physical quantities of a skeleton we need to
define a skeleton model. Real human bodies have a lot of bones and
joints however we will focus in the most relevant ones. In Fig. 2 we
show the base skeleton and its joints. We consider all joints to have
c 2017 The Author(s)
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Figure 2: Basic human skeleton with joint labels.

two degrees of freedom except for the root joint which has three
degrees of freedom.
This skeleton is a cut version of the one provided by the Kinect
API. We ignore small bones such as thumb or fingers since these
joints usually present heavy noise. We require additional information in order to compute forces and torques; mass, length and density needs to be fixed parameters through all the animation. From
length and weight of the person, we use an anatomical standard
model to represent the inertia of each of the body segments.
Kinect tracking needs to be able to track any kind of human
body therefore, bone lengths are not fixed and may vary during
the recording. Since our model needs to fix these quantities before
starting any recording there is an initial inherent correction to the
skeleton.
In order to correct the skeleton we need a way to detect errors in
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6. Conclusions
Although more work can be done in this direction, we have shown
that restoration of the joint trajectories in a tracking system can be
done using a dynamical approach.
Torques of the motion are a good feature to describe when a motion becomes wrong due to the the different limitations of a motion
capture system. The great thing when using a dynamical simulator is that you can simulate the interval of time where you loose
information.
Figure 3: Torque values for the left shoulder computed from
Kinect’s captured data.

Moreover, using recursive Newton-Euler and Articulated Body
algorithms one can afford a real-time correction that we are not
able to implement yet. This is one of our future work, together with
the exploration of other significant dynamic features that can also
contribute to recover good trajectories.
As another future work, we consider to also use the information
from the RGB Kinect’s camera and consider some other approaches
like [MSS*17] that are able to do body tracking from color cameras
alone.
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