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Touch-free gesture technology opens new avenues for human–machine interaction. We show how selforganizing maps (SOM) can be used for hand and full body tracking. We use a range camera for data
acquisition and apply a SOM-learning process for each frame in order to capture the pose. In a next step
we introduce an extension of the SOM to 1D and 2D segments for an improved representation and
skeleton tracking of body and hand. The proposed SOM based algorithms are very efﬁcient and robust,
and produce good tracking results. Their efﬁciency allows to implement these algorithms on embedded
systems, which we demonstrate on an ARM-based embedded platform.
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1. Introduction
The challenge of human hand/body tracking and pose estimation
has gained much attention during the last years, mainly driven by
the mainstream interest toward building usable gestural interfaces
for consumer applications. This was seen with the introduction of
gaming consoles that can track a user's hand gestures (Nintendo Wii)
or body (Microsoft Kinect), which showed that gesture interfaces
can be used to create rich interactive experiences. Hand tracking
alone can be used in a wide variety of applications and represents a
milestone in human–machine interaction. A major catalyst was the
introduction of new technologies and devices designed for 3D image
acquisition. Depth cameras provide a more favorable framework for
tracking algorithms, simplifying the task of three-dimensional model
ﬁtting, giving algorithms that use them an edge over 2D image
processing techniques.
Nevertheless, these are both difﬁcult problems, especially
estimating the hand pose: the hand itself is a complex object,
having an extremely large state space due to its 27 degrees of
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freedom [1]. Because of this complexity, its projection in images
often involves self-occlusions which, coupled with the chromatic
uniformity of the skin, makes segmentation and feature detection
very difﬁcult. With speeds reaching up to 5 ms  1 for translation
and 3001s  1 for wrist rotation [2], consecutive frames of a moving
hand can have very little in common (especially with a slow
camera frame rate), making it a difﬁcult object to track. Adding to
these difﬁculties, the algorithms have to cope with various backgrounds and lighting conditions.
3D cameras can alleviate some of the difﬁculties described
above, having multiple advantages over standard color image
processing. A critical step of any pose estimation algorithm is
object segmentation. By having access to the depth map of the
scene, objects can be segmented accurately based on their shape
and distance to the camera, regardless of texture, skin color or
background clutter. With active 3D technologies (such as time-ofﬂight or structured light), there is even no need for a uniform or
consistent scene illumination. This is a very useful feature for realworld applications, where consumer devices are being used by a
variety of people in a variety of environments. Our work focuses
on building a hand/body pose estimation and tracking algorithm
for such a 3D camera, that is both accurate and has low computational costs.
In this article we present an extension of the hand pose
estimation method proposed in [3], as well as a practical implementation of the algorithm. It is all based on the original work
introduced in [4], a novel approach to pose estimation by the use
of self-organizing maps (SOM) [5] to ﬁt a topology of the human
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upper body inside a 3D point cloud. We show that this topology
can be successfully extended to a full body as well as a human
hand. A further extension of the algorithm is presented, in which
the original SOM is extended to include not only nodes but also
the segments and planes between the nodes of the topology.
This has the advantage of requiring less nodes than the original
topology, offering a more realistic representation of the human
hand and being more stable overall.
The algorithms are of a low enough computational cost that
they can be implemented on an embedded platform and used to
track subjects in real time. We will show an implementation of
both the hand/body SOM and the segment-plane extension for the
hand on an OMAP-4430 powered Pandaboard, using time-of-ﬂight
(PMD camboard) or structured light (Microsoft Kinect) cameras as
an input device for 3D data. Our algorithm is able to track the user
at the native framerate of the camera.
2. Related work
The most commonly used methods to gather accurate data for
skeleton tracking are marker-based motion capture systems in the
case of the whole-body skeleton or by the use of a “data glove” for
hand pose estimation [6]. These methods are cumbersome and can
be used only in controlled environments. Thus, marker-less pose
estimation is a heavily researched area in image processing —
recent surveys cite dozens of papers [2] on hand pose estimation
and several hundred [7] on human motion capture and analysis.
For example, the authors of [8] use kinematic models and build
a hand state model, which consists of a set of lines and points
generated by the projection of the hand model to the image plane.
Hand pose estimation based on features derived from projections
of the hand and its shadow is presented in [9]. The method
requires controlled background and lighting and is susceptible to
occlusion. In [10] and [11], the authors use a feature extraction
approach based on Curvature Scale Space to achieve translation,
scale and rotation invariant recognition of hand postures. Again,
the method is tested in a controlled environment, as it requires an
accurate segmentation of the hand contour.
The authors of [12] introduce a machine learning architecture
for matching image features to 3D hand example poses, which
requires to solve an optimization problem based on Bayes' rule.
Another approach is to estimate the hand pose with a database of
synthetic hand images. For instance, in [13] an indexed image
database is used to retrieve the closest hand match, with an
adapted chamfer distance and line matching algorithm. In [14], the
authors implement a cascade of increasingly complex classiﬁers to
determine the hand pose from synthetic training data. In order to
better handle occlusions, particle ﬁlters can be used. In [15], the
authors apply a meta-descent algorithm to minimize the distance
between a predicted position and the observed position, while
particle ﬁlters predict new sample positions and help the optimization algorithm to recover from local minima. As shown in [16],
the combined usage of intensity images and range information
provides a good framework for body tracking.
Regarding performance, most algorithms surveyed by Erol et al.
[2] stay below 30 frames per second (which we regard as being realtime), with only one exception [17]. Other solutions leverage the
computing power of the GPU in order to achieve high frame rates
[18–20]. Most existing approaches are aimed at high-performance
desktop machines.

3. The SOM tracking algorithm
The node-based SOM tracking algorithm (which we will refer
from now on as the Standard SOM Algorithm) starts with the

175

initialization of its network weights, followed by the iteration of
two steps: the competition and the update of the weights. At every
iteration, a sample point from the dataset is randomly chosen.
First, during the competition phase, a winner node (i.e. the weight
with the minimum Euclidean distance to the sample point) is
computed.
Given a network with n neurons and a sample point x A R3 , we
determine the winner node i^ as follows:


^i ¼ arg min‖x w ‖ ; i ¼ 1; …; n
ð1Þ
i 2
i

with wi A R3 being the weight of node i. Next, the update phase
aims at decreasing the distance between the winner-node weight
and the sample point, by an amount given by the learning rate ϵðtÞ.
First, let us deﬁne the learning rate function as
 t=tmax
ϵ
ϵðtÞ ¼ ϵi f
;
ð2Þ

ϵi

where ϵi is the initial learning rate, ϵf is the ﬁnal learning rate, t is
the current iteration, and tmax is the maximum number of iterations performed on the network. Then, the weight wi^ is updated at
step t according to
wi^ ðt þ 1Þ ¼ wi^ ðtÞ þ ϵðtÞðx  wi^ ðtÞÞ:

ð3Þ

The standard SOM algorithm then also applies a neighborhood
update, in the sense that not only the winner-node weight is
updated, but also the weights of the neighbor-nodes (in general
with a smaller learning rate). In our case we updated only the
direct topological neighbors of the winner node according to (3),
but with a learning rate of ϵ~ ðtÞ ¼ ϵðtÞ=2.
These steps are repeated for hundreds or thousands of iterations. This makes the skeleton graph ﬁt to the point cloud and stay
within its conﬁnes.

4. Topology expansion
First, we expand the 44-node upper body topology presented
in [4] (Fig. 1a) to two topologies, one representing the whole body
(Fig. 1b), and the other representing the human hand (Fig. 1c).
The models were chosen so they mimic the anatomical landmarks
of their real-world counterparts – limbs and joints for the body
and phalanges and interphalangeal joints for the hand. The rigid
bodies (torso and palm) are modeled as a mesh. Both produce
good qualitative results in our implementation. The end results
achieved with the standard SOM for the hand and body are shown
in Figs. 2 and 3, showcasing the method's robustness.
It can be seen that the hand tracker is able to cope with missing
data (Fig. 2b,c as white areas on the palm), the skeleton's topology
remaining stable, the ﬁngers being retracted in the palm. This is
considered to be correct behavior, as the ﬁngers will be reported as
“bent” to a subsequent gesture recognition algorithm.
For the full-body tracker, the topology is robust enough to
perform a good ﬁtting over the subject's body, even when there is
occlusion occurring. This is shown in Fig. 3b–d: it can be seen that
when the user crosses his arms in front of him the skeleton retains
its geometry afterwards, even if one of the arms occludes the
other. This is true also for the rest of the topology nodes, such as
the torso. Fig. 3a shows how the skeleton tracks the body shape in
3D, following the user's leg even though it is not in the same plane
as the body.
Such conﬁgurations would be very hard to track using just a
2D image, particularly because of the juxtaposition of the hands
and torso. This issue is resolved by using a 3D camera, which can
differentiate between surfaces of various depths.
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Fig. 1. SOM topologies: (a) The upper body topology proposed in [4]; (b) and (c) expanded topologies for the whole body and the hand; and (d) the proposed extended SOM
hand topology for segments and planes.

Fig. 2. The SOM skeleton results for various hand poses.

Fig. 3. The SOM skeleton results for various body poses.

This approach is robust enough for most poses, but does not
guarantee that the topology will resemble the actual pose. We
provide the example of a subject that brings his arms close to his
body as to create a continuous region in 3D space, then extending
them to his sides. Sometimes it happens that the extremities of the
topology continue to be attracted by the large amount of points in
the torso and subsequently remain in that area. This results in
a topology following the arm's shape up to the last node, which,
instead of being in the region of the subject's palm, will be inside
his torso, connected by a very long edge.
Generally, the problem ﬁxes itself after some time, but to speed
recovery, we introduce an update rule that limits the length of the

edges that connect the nodes, effectively limiting cases like the
one described. At every update step the distance dðwi^ ; wia
~ Þ
between the current node wi^ and a speciﬁc neighbor wia
~ , referred
to as an “anchor”, is calculated. If it exceeds a certain threshold θ,
we set
wi^ ¼ wia
~ þθ 

ðwi^  wia
~ Þ
:
‖wi^  wia
~ ‖2

ð4Þ

This rule ensures a maximum distance θ between the current
node wi^ and the anchor wia
~ . This will prevent very large distances
to occur between nodes. The anchor is selected for each node as
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the one of the node's neighbors that is closest to the center of the
topology.
Such a correction works well for most cases, but sometimes
structural deﬁciencies of the topology of the standard SOM occur.
Taking simple nodes (zero-dimensional objects) for representing
extended three-dimensional objects has intrinsic deﬁcits. When
trying to ﬁt the topology inside the point cloud, its behavior is not
always consistent to that of the object it is tracking. Sometimes
nodes which are responsible for the arm are closer to data points
of the torso than torso nodes, thus resulting in an unstable
topology. This is more apparent in the case of the hand, where
the ﬁngers are very close and can touch and occlude each other
during normal hand movements.
In the next section, we propose a possible solution, modifying the
topology so that not only the nodes will participate in the competition and update phase, but also the segments (one-dimensional
objects) between the nodes and planes (two-dimensional objects)
deﬁned by them. This results in a much better representation of the
object that we want to track and also provides us with the means
to apply further corrections or constraints on an anatomical and
anthropometric basis. We present this extension only for the human
hand, as it is inﬂuenced to a greater degree by the problem
described above, but it can be applied to the body skeleton as well.
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5.1. The extended SOM algorithm
The competition phase in our extended SOM algorithm determines whether a single node or a 1D-segment or a 2D-segment is
closest to the randomly chosen sample point x. Depending on this
result, the update phase will either perform a classical node
update as shown in Eq. (3) or a segment update.
The distance to a 1D-segment ½wi ; wj  (see Fig. 4a) is determined via the projection point p of x onto the given segment. Let
us deﬁne sji ¼ wj  wi and sij ¼ wi wj . Then, we may write p as
p ¼ wi þ ηji sji ; 0 r ηji r 1

ð5Þ

and
p ¼ wj þ ηij sij ; 0 r ηij r 1

ð6Þ

with ηji þ ηij ¼ 1. Given the unit vectors s^ ji and s^ ij , the coefﬁcients
ηji and ηij are given by

ηji ¼

ðx  wi ÞT s^ ji
;
J sji J

ð7Þ

ηij ¼

ðx  wj ÞT s^ ij
:
J sij J

ð8Þ

The squared distance ‖dij ‖2 of x to the 1D-segment ½wi ; wj  is
simply
‖dij ‖2 ¼ ‖x  p‖2 :
5. The extended SOM
Our proposed algorithm extends the competition and the
update step to 1D and 2D network segments. The 1D-segments
are the lines between pairs of connected nodes, and the
2D-segments are the triangles determined by triples of connected
nodes. 1D-segments allow for a more accurate representation of
the ﬁngers, and the 2D-segments model the palm of the hand. By
segment updates we aim at minimizing the average distance
between network segments and points from the dataset (point
cloud of the hand provided by the 3D-camera). We now have not
only elements of dimension zero (nodes) like in the standard case
described in the last section, but also elements of dimension one
and two for representing the data distribution. Since the new
segments and planes approximate the data over a larger area, we
can reduce the topology to a simpler one. The ﬁngers will have
two segments instead of three (the thumb one instead of two),
and the mesh that modeled the palm can be replaced by three
triangles. The new topology can be seen in Fig. 1d.
This approach is motivated by the fact that a hand-like
topology involves a difﬁcult separation between the nodes corresponding to different ﬁngers. A node that belongs to one ﬁnger can
easily be attracted by another ﬁnger, given the topological closeness. This may lead to an erroneous tracking of the hand and
destroy the topological relations. With the 1D and 2D segments
we can represent ﬁngers and parts of the palm more accurately
and expect the self-organizing maps to be less prone to this type
of errors.

ð9Þ

The 1D-segment ½wi^ ; wj^  that is closest to x is determined by


^ jÞ
^ ¼ arg min J d J ; i; j ¼ 1; …; n:
ð10Þ
ði;
ij
ij

Evidently, the above equation applies only to pairs of connected
nodes ði; jÞ.
In the same way the distance to a 2D-segment (see Fig. 4b) can
be determined. With sji ¼ wj  wi and ski ¼ wk  wi we may write
p as
p ¼ wi þ ηji sji þ ηki ski ;

0 r ηji ;

ηki r 1;

ηji þ ηki r1:

ð11Þ

0 r ηij ;

ηkj r 1;

ηij þ ηkj r1

ð12Þ

Similarly,
p ¼ wj þ ηij sij þ ηkj skj ;
and
p ¼ wk þ ηik sik þ ηjk sjk ;
The coefﬁcients

ηji ¼
ηki ¼

0 r ηik ;

ηjk r 1;

ηik þ ηjk r 1:

ð13Þ

ηji and ηki are given by

T
ðx  wi Þ s^ ji  ððx  wi ÞT s^ ki Þðs^ ki s^ ji Þ
T

T

J sji J ð1 ðs^ ki s^ ji Þ2 Þ
T
ðx  wi ÞT s^ ki  ððx  wi ÞT s^ ji Þðs^ ki s^ ji Þ
:
T
J ski J ð1  ðs^ ki s^ ji Þ2 Þ

ð14Þ

ð15Þ

Since there are only two degrees of freedom, these two coefﬁcients
determine also the other four coefﬁcients. From simple geometrical considerations it can be shown that ηik ¼ ηij , ηjk ¼ ηji ,

Fig. 4. (a) The projection p of sample point x onto 1D-segment ½wi ; wj . (b) The projection p of sample point x onto 2D-segment ½wi ; wj ; wk .
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ηkj ¼ ηki and ηij þ ηik þ ηji þ ηjk þ ηki þ ηkj ¼ 2, which allows to calculate them. The squared distance ‖dijk ‖2 of x to the 2D-segment
(triangle) determined by ½wi ; wj ; wk  is again simply ‖dijk ‖2 ¼
‖x p‖2 .
After having determined whether one of the nodes, a 1D-segment,
or a 2D-segment is closest to the randomly chosen sample point, the
update procedure takes place. The simplest situation is illustrated in
Fig. 5a, when a single node is closest and has to be updated. This is
done according to the standard SOM algorithm. In case a segment has
to be updated, the nodes ½wi ; wj  which determine the segment
have to be moved such that the distance J dij J is reduced. We derive
the respective movement by gradient-descent minimization on the
squared segment distance. For node j we obtain
2

1 ∂dij
1 ∂

¼
ðx  pÞT ðx  pÞ
2 ∂wj
2 ∂wj
¼

∂pT
ðx pÞ
∂wj

¼

∂ðwi þ ηji sji ÞT
ðx  pÞ
∂wj

¼

∂sTji
∂ηji T
sji ðx  pÞ þ ηji
ðx  pÞ
∂wj
∂wj

¼ ηji ðx  pÞ

ð16Þ

since sji is perpendicular to x p and ∂sTji =∂wj gives the identity
matrix. ∂pT =∂wj denotes the matrix
 T
∂p
∂p
¼ l:
ð17Þ
∂wj kl ∂wj
k
Given the above result with the symmetry in i and j, the two
displacements applied to the winner 1D-segment nodes are

Δwi^ ¼ ϵðtÞηi^j^ ðx  pÞ

ð18Þ

Δwj^ ¼ ϵðtÞηj^i^ ðx  pÞ:

ð19Þ

The movement of the two nodes is orthogonal to the line segment
and illustrated in Fig. 5b.
In case a 2D-segment is closest, like in Fig. 5c, three nodes have
to be updated. Gradient descent analog to above yields
2



1 ∂dijk
1 ∂
¼
ðx  pÞT ðx  pÞ
2 ∂wj
2 ∂wj
¼

∂pT
ðx  pÞ
∂wj

¼

∂ðwi þ ηji sji þ ηki ski ÞT
ðx  pÞ
∂wj

∂sTji
∂ηji T
sji ðx pÞ þ ηji
ðx  pÞ
∂wj
∂wj
¼ ηji ðx  pÞ:

¼

ð20Þ

Again, using the symmetries in i, j and k, the three displacements
applied to the winner 2D-segment nodes are

Δwi^ ¼ ϵðtÞηi^j^ ðx  pÞ ¼ ϵðtÞηi^k^ ðx pÞ

ð21Þ

Δwj^ ¼ ϵðtÞηj^i^ ðx  pÞ ¼ ϵðtÞηj^k^ ðx pÞ

ð22Þ

Δwk^ ¼ ϵðtÞηk^ i^ ðx  pÞ ¼ ϵðtÞηk^ j^ ðx  pÞ;

ð23Þ

this time orthogonal to the triangle.
A short discussion is required concerning the segment updates.
Since the displacements orthogonal to the line or triangle are
not inﬁnitesimally small but of ﬁnite size, with each update the
respective line or triangle will be slightly enlarged. With many
update steps, the network might increase over the borders of the
data space. Several solutions to this problem are possible. The
most canonical one is to add a “spring-like” term, which has to be
weighted such that an appropriate shortening of the distances of
the updated nodes takes place with each update step. That is, for
each pair ðwi ; wj Þ of nodes that are updated, the distance between
them is shortened according to

Δwi ¼ δs ðwj  wi Þ

ð24Þ

Δwj ¼ δs ðwi  wj Þ

ð25Þ

with δs as the spring constant. The optimal magnitude of the
spring constant depends on the topology as well as the number of
update steps. We have chosen δs ¼ 10  6 , with good results and a
stable topology for 5000 iteration steps.
Another solution to the problem is to constrain the segments of
the topology to constant lengths. The lengths are ﬁrst calculated
after the ﬁrst iteration, as the topology changed from its default
state to one which better approximates the anthropometric
features of the tracked hand. The distances are then used to
constrain neighboring nodes after an update, so that the topology
does not shrink or expand. As the hand dimensions effectively
remain the same in 3D space, these distances can be used regardless of hand movements.
The second solution was used for the embedded implementation which will be presented in Section 6. Good results were
achieved, especially in the case of hand poses with ﬁngers held

Fig. 5. (a) Weight wj is displaced towards the data point x along the direction given by vector x  wj . (b) Weights wi and wj are displaced towards the data point x along
directions parallel to the vector formed by x and its projection p. (c) Weights wi , wj and wk are displaced towards the data point x along directions parallel to the vector
formed by x and its projection p. The closer p is to a node, the larger its update.
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Fig. 6. Starting from a frame captured with the Kinect, we extract the hand based on the closest object assumption. We remove the points corresponding to the forearm and
obtain the segmented hand and the 3D point cloud used for the tracker's learning stage.
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Fig. 7. The extended SOM tracker converges to the open palm topology, for both left and right hands.

close together: as the topology segments remain constant, the
ﬁngers are kept straight and do not bend or shrink, as they did
with the standard SOM algorithm implementation.
5.2. Results and evaluation
Our tracking algorithm uses a Kinect device (Fig. 9b) for 3D
data acquisition. The points corresponding to the hand are
extracted with a threshold segmentation performed on the given
depth frame, based on the assumption that the hand is the closest
object to the camera. The removal of forearm points is performed
based on morphological erosion, followed by detection of the
center of the palm, using the distance transform. This yields the
point cloud our algorithm works on (Fig. 6).
In the beginning of the tracking procedure we ﬁrst have to
initialize the network. This is done by translating the open-hand
topology to the center of the hand point cloud. The user also has to
present an open hand that is pointing upward. In its default state,
the topology size is that of an average hand, but it adapts to the
user's hand quickly, after the ﬁrst few frames. This way, the match
does not have to be precise, and the SOM will conform to the hand
even if the ﬁngers are not held completely separated or if the hand
is not completely straight. The extended SOM algorithm is applied
to each individual frame, each time with 5000 training steps
(a training step consists of a random choice of a data point,
followed by a competition and update step), with the following
frames using the previous position of the SOM topology as a
starting point.
In each new frame, we perform a training during which the
network receives as input the data points from the given hand
point cloud. Fig. 7 shows how the hand network has converged
into the point cloud of a given frame, for the left and right hand
respectively. As desired, the network represents the given hand
topology by minimizing the mean squared distance between the
data points and the network with its 1D and 2D segments.
Fig. 8 shows the results obtained with the extended SOM
algorithm on a recorded dataset of a number of gestures — open
palm, four extended ﬁngers (index, middle, ring, little) and three
extended ﬁngers (thumb, index, middle). For a qualitative evaluation of the algorithm we have extracted four frames — the series of

pictures in the left column — showing the convergence of the
topology. We have then assessed the quantitative performance
of the algorithm as the error between the ﬁngertip nodes of
the topology and manually labeled ﬁngertips on the dataset.
We show this in the right column, as the root mean square error
in centimeters over time.

6. Embedded implementation
As mobile platforms shrink in size, gestural interfaces will start
to become a viable alternative to touch-based interaction — the
user can only do so much with a limited amount of touchscreen
real estate, before his ﬁngers start to get in the way. Although
hands-free gesture control is not a new technology, it has seen
little use in mobile computing. Almost every commercial software
framework on the market today is aimed at desktop PCs, due to
the computing power required by the algorithms they use.
Commercially, there are a number of solutions for desktop PCs,
such as the Omek Grasp and Beckon,4 the SoftKinetic iisu SDK5 and
the Microsoft Kinect for Windows,6 which work with existing 3D
cameras and provide a framework for body tracking and gesture
recognition.
Probably the most widely known body tracking solution is the
Microsoft Kinect for Xbox360. It employs machine learning algorithms to estimate the user's body posture [21], which is then used
as input for interactive games on the console.
Regarding hand pose estimation, a recent collaboration between
Intel, Creative and SoftKinetic released the Creative Interactive
Gesture Camera Developer Kit.7 It is a near-range time-of-ﬂight
camera that allows tracking of the user's hand up to 1 m. While it
does not fully model the hand in 3 dimensions, it does provide
the extended ﬁngertips’ position and a few anatomical landmarks
(palm, elbow).
4
5
6
7

http://www.omekinteractive.com/solutions/.
http://www.softkinetic.com/en-us/solutions/iisusdk.aspx.
http://www.microsoft.com/en-us/kinectforwindows/.
http://www.click.intel.com/intelsdk/.
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Fig. 8. Qualitative (left column) and quantitative (right column) assessment of the extended SOM topology on various hand poses: open hand (a,b); four extended ﬁngers (c,d);
and three extended ﬁngers (e,f).

6.1. Hardware
The hardware that is used in our implementation of the above
algorithms consists of two main parts: the ARM development platform
and the 3D camera, which provides input data for the algorithm. The
resulting images are displayed on a standard computer monitor.
As an embedded platform suitable for mobile computing we
have chosen the PandaBoard ES (Fig. 9a), which is the next iteration
of the popular Pandaboard platform. It is powered by a Texas
Instruments OMAP4460 system-on-chip (SoC). The processor itself
is used in a number of mobile devices available on the market such

as the Samsung Galaxy Nexus. The board features a 1.2 GHz dualcore Cortex-A9 ARM CPU, a PowerVR SGX 540 graphics processing
unit, 1 GB DDR2 SDRAM, two USB 2.0 ports, Ethernet connection
and various other peripherals.
The operating system of choice is Linux. We are using a Linaro
distribution, which is built and optimized for the ARM architecture
implemented in OMAP4460, with the standard toolchain installed.
3D cameras have historically been either too expensive or of
too low quality to provide an accurate representation of the
surrounding environment. This changed when Microsoft unveiled
in 2010 the Kinect, a peripheral device for the Xbox360 gaming
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Fig. 9. (a): The embedded platform used; (b) and (c) the two cameras used.

Fig. 10. Depth stream comparison: Microsoft Kinect (left) and PMD CamBoard Micro (right).

console. The Kinect is able to provide reliable 3D data of up to
15 m at the same time with (horizontally offset) RGB data.
Although the native resolution of the device is 640 by 480 pixels,
its spatial resolution is about 4 times lower, varying with depth
and object geometry [22]. A comparable time-of-ﬂight (TOF) 3D
camera at that time was available at a price 20 times higher than
Microsoft's device. We have chosen the Kinect as the main camera
in this implementation, together with a multi-platform community developed driver, as there are no ofﬁcial drivers for the Linux
operating system used on the PandaBoard. Depth is provided with
11 bits of precision, although beyond 4 m the accuracy lowers
signiﬁcantly. The minimum distance is 40 cm, at which point the
reﬂected light starts saturating the infrared camera. Although
detail varies with distance and object geometry [22], we have
found that there is enough resolution in the depth map provided
by the Kinect between 40 and 100 cm so that the ﬁngers are
separated, and the hand can be recognized.
The second device used is a time-of-ﬂight camera, the PMD
CamBoard. It can output a depth stream at a resolution of 207 
204 pixels and 30 fps. Due to the small form factor of the camera
(85  35  40 mm) and subsequent size of the LEDs, the distance is
limited, accurate readings being made from 20 cm up to 150 cm.
The driver for the camera can provide a ﬂag image for each frame,

in which invalid or low signal pixels are marked and can be used to
ﬁlter the depth map so that only valid data will be used.
A comparison between the two cameras is shown in (Fig. 10). On
the left, the Kinect provides a large but blotchy-looking image. The
black areas are shadows, objects that do not reﬂect infrared well, or
areas where the depth computation algorithm failed to produce
results. On the right, the PMD CamBoard provides a small and
blurred image. At large depths the signal is too weak to be captured
back by the sensor, which produces large amounts of noise. There is
minimal shadowing due to the LED lights, which are placed closer to
the sensor compared to the Kinect. An image artifact of the PMD
camera is the thickening of close objects due to the light saturating
the sensor. In order to overcome this, the integration time can
be adjusted so that the sensor captures less light, but as a direct
consequence the maximum distance is reduced.
6.2. Implementation description
In contrast to other algorithms, which use only depth maps
(usually as a pre-processing step for easier background segmentation) [2], the SOM approach needs the actual 3D point cloud,
which contains the coordinates in space of every pixel in the
image, not just the distance from the camera. While this is done
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automatically by the driver of the PMD CamBoard, the Kinect only
provides the depth map. As the intrinsic camera properties (ﬁeld
of view, focal length, pixel size) are known, one can calculate the
3D positions of the points in the 2D depth map.
Because the method requires only the points in 3D space
that belong to the subject, they must be separated from the
environment background. This is achieved by clipping the points
outside a bounding box for the body, and choosing the closest
object to the camera that is bigger than a threshold size in the case
of the hand. We have used the expanded SOM topology for the
body and hand and also the extended SOM model that has been
described in the previous section.
In order to be able to run this algorithm in real-time (30 fps or
more) on the embedded system, a number of optimizations have
been made. We aimed to access memory as little as possible, to
prevent the large overhead penalty, and keep most data in the
cache. The PandaBoard also features a single-instruction-multipledata (SIMD) pipeline that can signiﬁcantly speedup computations.
Repetitive operations on large data can be signiﬁcantly accelerated
using the NEON engine. By ﬁlling up the pipeline, data can be
effectively processed in parallel, giving a performance boost to the
algorithm. For non-critical data, in order not to incur the performance penalty of ﬂoating point computations, we are using ﬁxedpoint arithmetic.
One notable feature of the algorithm with regards to performance is that its complexity does not depend on the input data.
Indeed, regardless of the size of the image or the point cloud, the
algorithm will only process as many points as there are iterations.
For example, in the case of the standard SOM algorithm, if a
topology is updated for 5000 iterations, it will not matter if the
hand point cloud has 500 or 50,000 points, there will always be
only 5000 points that will be randomly chosen from the cloud for
the competition/update phase. This means that for the smaller
point cloud there will be points chosen multiple times, and for the
larger one there will be points that are not chosen at all, but since

the algorithm is stochastic in nature, the points will be chosen
uniformly and the topology will be able to ﬁt to the point cloud.
The performance of the standard SOM algorithm is thus related
only to the parameters of the learning process: the number of
iterations, the number of nodes in the topology and the maximum
number of neighbors that a node can have (e.g. 4, in the case of the
44-node topology shown in Fig. 1c). This is a useful feature to have
as the performance (i) will not depend on the input data and
(ii) can be throttled to a required computational load for lowerpower systems. Computationally, the algorithm makes use only
of simple operations, like addition and subtraction. The use of
a square root operation is also not required as the distance is only
used in comparisons.
In the case of the extended SOM, the computational load is
increased, as distances are calculated in a more complex way for
segments and planes and require the use of more complex
operations like division and square root. Nevertheless, the overall
complexity does not depend on the input data as well and
can be adjusted by changing the learning parameters to suit the
application.
Of course, the complexity of supporting algorithms has to be
considered, too, which might depend on the input data size, such
as the segmentation algorithm used to get the hand point cloud
prior to the SOM.
6.3. Results
After implementing the standard SOM for the whole-body and
the human-hand skeleton, we have obtained the results shown in
Figs. 2 and 3. After all the optimizations described in the previous
section have been implemented, we have been able to successfully reach our target of real-time performance, at 30 frames
per second.
The results for the extended SOM can be seen in Figs. 11 and 12.
To solve the problem of expanding segments we have used the

Fig. 11. The extended SOM results for various hand poses.

Fig. 12. The extended SOM results for difﬁcult hand poses.
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segment length constraint approach, as described in Section 5.1,
with good results. Although the competition and update phases
are more complex than those of the standard SOM, the algorithm
still runs in real time with the same number of iterations, as
the new topology has less than half the nodes of the old one
(16 vs. 37). In Fig. 11 we show ﬁve hand poses taken directly from
the real-time video on the embedded platform. The qualitative
performance is similar with the one of the node-only SOM
implementation. The topology converges correctly on the straightened as well as the bent ﬁngers.
In Fig. 12, the corresponding poses in which the straight ﬁngers
are held together are shown. The ﬁngers remain in the correct
places and do not scatter — the new segment-plane updates solve
the problem of the previous SOM implementation that appeared
when data points were too close to each other and the nodes from
one ﬁnger wandered into the space of other ﬁngers. This allows for
a more robust representation of the hand gestures, as melded
ﬁngers (that could come from out-of-plane hand rotations or hand
which are too far away for the cameras to distinguish between
ﬁngers) are no longer a problem.

7. Conclusion
In this paper, we have presented a self-organizing map algorithm
that can be used to track the full body and hand skeleton, in real time.
The algorithm is able to produce a robust estimate of the human body
and hand pose, at comparatively low computational cost.
We also proposed an extension to the standard SOM algorithm
in which we represent the data cloud not only with the nodes of
the network but also with the line segments and planes between
the nodes. This approach allows an improved representation and
tracking of the hand pose due to its anatomical ﬁdelity compared
to the standard SOM topology. The tracker can be further
improved by adding anatomical and anthropometric constraints
to the hand model, such as limiting the size of the palm or the
degree of movement of the ﬁngers and ﬁnger joints.
The computational efﬁciency of the method makes it ideal for
implementation on a low-powered system such as an embedded
platform. We have implemented both the standard and the
extended SOM algorithm, with good qualitative results, as well
as real-time performance on a Pandaboard ES system. Our algorithm could be used in embedded devices, which need low-power,
low-complexity solutions to enable gesture technologies – granting extended interaction capabilities to current and future mobile
interfaces. Natural user interfaces can be used to enhance the
usability of devices ranging from the current mobile devices to the
next generation head-mounted displays.
From the testing done with the Microsoft Kinect and PMD
CamBoard we concluded that the method is robust and can adapt
to any 3D data that is being supplied, as long as it is accurate
enough, meaning that the proposed algorithm is able to work with
a wide range of cameras, possibly the ones that will be used in the
next generation of gesture-enabled mobile computing interfaces.
Another beneﬁt is that the self-organizing map approach can
easily be extended to any deformable object that needs to be
tracked by simply changing the network topology. This presents a
deﬁnite advantage over methods that use machine learning to
recognize the objects, as the self-organizing map algorithm need
not be trained in advance.
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