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ABSTRACT

Touch-free gesture technology is beginning to become more popular with consumers and may have a significant
future impact on interfaces for digital photography. However, almost every commercial software framework for
gesture and pose detection is aimed at either desktop PCs or high-powered GPUs, making mobile implementations
for gesture recognition an attractive area for research and development. In this paper we present an algorithm for
hand skeleton tracking and gesture recognition that runs on an ARM-based platform (Pandaboard ES, OMAP
4460 architecture). The algorithm uses self-organizing maps to fit a given topology (skeleton) into a 3D point
cloud. This is a novel way of approaching the problem of pose recognition as it does not employ complex
optimization techniques or data-based learning. After an initial background segmentation step, the algorithm
is ran in parallel with heuristics, which detect and correct artifacts arising from insufficient or erroneous input
data. We then optimize the algorithm for the ARM platform using fixed-point computation and the NEON
SIMD architecture the OMAP4460 provides. We tested the algorithm with two different depth-sensing devices
(Microsoft Kinect, PMD Camboard). For both input devices we were able to accurately track the skeleton at
the native framerate of the cameras.
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1. INTRODUCTION
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 PCs123 , due to the computing
power required by the algorithms they use. This may well be because of the daunting task of pose estimation,
especially the estimation of the human hand pose. From a computer vision point of view, it is a very complex
object, with a high number of degrees of freedom, which makes it difficult to detect and track, more so in real
time.
As mobile platforms shrink in size, gestural interfaces will start to become a viable alternative to touch-based
interaction - the user can do only so much with a limited amount of touchscreen real estate, before his fingers
start to get in the way. As a practical application in the area of computational photography, gesture control
could be a potent interface from which the user could input parameters such as regions of interest, focus, depth
of field, effects etc. In other embedded applications, being able to control appliances such as TVs from a distance
without the need for a remote control is just starting to become a feature in the new range of consumer devices,
although only for high-end models (such as Samsung’s Smart TVs), due to the limitations described above.
In this paper we use a novel approach to pose estimation based on self-organizing maps (SOM). It has been
introduced in4 for tracking the upper body and is here extended to full-body and hand pose. The SOM-based
algorithm has the advantage of needing few resources, and is ideal for implementation on an embedded platform.
The core algorithm is simple but powerful enough to be able to fit a skeleton to a point cloud of data in a variety
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of poses. As input devices we use the Microsoft Kinect and the PMD CamBoard, the algorithm being able to
run on any 3D capable camera. A number of enhancements are made before and after the SOM fitting to correct
for artifacts such as elongated fingers, and generally to achieve greater robustness.
We propose a marker-less pose estimation method based on a skeleton-like topology consisting of nodes
connected by branches, which approximate the shape of the desired object (in this particular case the user’s
hand or body). The topology is fitted using a self-organizing map algorithm. The processing and fitting is done
in 3D, which has several advantages over 2D silhouette processing. Each step of the algorithm will be discussed
in the next sections, as well as a particular implementation of the algorithm on an embedded system and various
optimization methods that enable the algorithm to run in real-time.

2. STATE OF THE ART
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.5 These
methods are cumbersome, can be used only in controlled environments, and are not suitable for the general
consumer market.
Thus, marker-less pose estimation is a heavily researched area in image processing - a technical review
published in 20066 cites dozens of papers on the topic of hand pose estimation. This is mainly because of
the fact that the next generation of electronic devices take into consideration new, intuitive ways in which the
user will interact with them, such as controlling appliances only with our motion,7 playing computer games
without a keyboard and a mouse,8 even figuring out the emotional and physiological state of the users and
acting accordingly9 (for instance adjusting the lighting based on the user’s mood or reacting when the driver of
a car is tired).
There are a number of reasons why hand pose estimation is in particular a hard problem6 . First, the hand
itself is a complex object, the fingers and palm comprising of 19 bones and over 20 degrees of freedom (most
commonly modeled using a 27 DOF skeleton6 ). Second, because of this complexity, the hand projection in images
often involves self-occlusions, which makes segmenting the different parts of the hand more difficult. Third, the
movement of the hand can be very fast, with a speed reaching up to 5 m/s for translation and 300◦ /s for wrist
rotation;6 the hand movement coupled with the slow camera frame rate can make consecutive frames have very
little in common, making the hand difficult to track. Adding to these is the issue of the environment users are
usually in, the algorithms having to cope with various backgrounds and lighting conditions.
Regarding performance, most algorithms described in Erol et al6 achieve less than 30 frames per second (which
we regard as being real-time), with only one exception10 . Other solutions exist, which leverage the computing
power of the GPU in order to achieve high framerates11,12 , and for the most part existing approaches are aimed
at high-performance desktop machines.
Commercially, there are a number of solutions for desktop PCs1,2,3 , which can track the user’s body and
that 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 posture13 , which is then used as input for interactive
games on the console.
Regarding hand pose estimation, the recently released Intel GestureCam is a near-range time-of-flight camera
created in collaboration with SoftKinetic. It allows tracking of the user’s hand up to 1 meter. While it does not
fully model the hand in 3 dimensions, it does provide the extended fingertips’ position and various anatomical
landmarks (palm, elbow).
The LeapMotion device14 promises to allow full 3D tracking of the user’s fingers, provided they keep their
hands over the device’s field of view. The device itself is a small box that needs to be placed on the user’s desktop
and facing upward. At the time of this writing, the device has not been released.
Finally, there have been some attempts at mobile devices that can track the user’s hand or face and respond
to simple gestures.15

3. HARDWARE
The hardware that is used in this particular implementation 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.

(b) Microsoft Kinect

(a) PandaBoard

(c) PMD CamBoard

Figure 1. (a): The embedded platform used; (b), (c): The two cameras used

3.1 ARM DEVELOPMENT PLATFORM
As a platform suitable for mobile computing we have chosen the PandaBoard (Fig.1a), which is powered by a
Texas Instruments OMAP4430 system-on-chip (SoC). The processor itself is used in a number of mobile devices
available on the market such as Samsung galaxy S II. The board features a 1GHz dual-core Cortex-A9 ARM
CPU, a PowerVR SGX 540 graphics processing unit, which supports OpenGL ES2.0 and enables 3D processing
or parallel processing to be done in hardware, 1GB 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 OMAP4430, with the standard toolchain installed.

3.2 3D CAMERA
A necessary step of the algorithm is that of scene segmentation, separating the user from the background. A 3D
camera greatly simplifies this process16 , providing images where objects are separated by depth.
3D cameras have historically been too expensive and 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 console. The Kinect is able to provide reliable 3D data of up to 15m at a resolution of
640 by 480 pixels, at the same time with (horizontally offset) RGB data, both streams running at 30 frames per
second (FPS). A comparable time-of-flight (TOF) 3D camera at that time provided no RGB stream, a depth
resolution of 160x120 and 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 meters the accuracy lowers significantly. The
minimum distance below which the Kinect stops outputting data is 40cm, at which point the reflected light starts

saturating the infrared camera. Although detail varies with distance and object geometry17 , we have found that
there is enough resolution in the depth map provided by the Kinect between 40 and 100cm 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 207x204 pixels and 30 FPS. Due to the small form factor of the camera and subsequent size of the
LEDs, the distance is limited, accurate readings being made from 20cm up to 150cm. 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.2). 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.

(a) Frame from the Kinect depth stream.

(b) Frame from the PMD CamBoard depth stream

Figure 2. Depth stream comparison: Microsoft Kinect and PMD Camboard.

4. ALGORITHM DESCRIPTION
In contrast with other algorithms, which use only depth maps (usually as a pre-processing step for easier background segmentation)6 , 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 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 body
tracking this works well if the user is alone in the virtual box. For hand tracking we use a different method of
background segmentation, taking the closest point from the camera, selecting a rectangular region of 40 by 40
centimeters around it and 20 cm behind it. Regions that are too big or too small are discarded. In practice this
works well, as the user’s hand is usually held in front of the camera and there are no other objects close by.
In order to estimate the subject’s pose, the point cloud must be first reduced to a minimal amount of
information. This is done by using a topology representation of the human hand or body. The graph structure

is defined by nodes being connected by edges (seen in Fig.3a for the hand and Fig.4a for the body), which are
adjusted in such a way that they will resemble the subject’s posture. The models were chosen so they mimic
the body (limbs and joints) and hand (phalanges and interphalangeal joints) skeleton for the most important
features, whereas the rigid bodies (torso and palm) are modeled as a mesh.
The model fitting phase is done using an algorithm that is usually used to train self-organizing maps. The
topology is fitted to the point cloud using an iterative approach with the following rules:4
v̂ t+1 = v̂ t + ε̂t · (x − v̂ t )

(1)

ṽ t+1 = ṽ t + ε̃t · (x − ṽ t )

(2)

Equation 1 shows the rule for the current graph point. First, the Euclidean distances from the current graph
node v̂ to each of the point cloud samples are calculated, and the closest sample x is chosen. The node is then
moved towards the point x by some ε. This is done also for each of the neighbors of the node, ṽ (eq.2), but a
different, smaller ε is used ( ε̃t = ε̂t /2).
This method makes the skeleton graph migrate towards the point cloud and stay within its confines. Because
this is a “learning” process, the rate with which the points move is adjusted based on the current iteration:
ε̂t = εi · (εf /εi )t/tmax

(3)

Here, εi and εf are the initial and the final learning rates, which affect how the SOM responds to changes in
the point cloud. Higher initial values provide greater flexibility, but the SOM is prone to unstable behavior like
fingertips migrating towards other fingers. After testing the SOM with various parameters, we have set εi and
εf to 0.21 and 0.05 respectively. The indices t, t + 1 etc. represent the current iteration step.
This approach is robust enough for most poses, but doesn’t 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 the topology following the arm’s shape until 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. Every
update step the distance d(v̂, ṽa ) is calculated and, if it exceeds a certain threshold θ,
v̂ = ṽa + θ ·

(v̂ − ṽa )
kv̂ − ṽa k2

(4)

This rule enforces a maximum distance θ between the current node, v̂ and a specific neighbor ṽa , referred to
as an “anchor”. This will prevent very large distances to occur between nodes. The anchor is selected for each
node as one of the node’s neighbors that is closest to the center of the topology.

5. ALGORITHM OPTIMIZATION
In order to be able to run this algorithm in real-time (30FPS or more) on the embedded system, a number
of optimizations have been made. These deal from making sure there are no unnecessary memory accesses to
streamlining the algorithm so that it can optimally run on the platform.
The time required to fetch a variable from memory is considerable. We aimed to access memory at little as
possible, to prevent the large overhead penalty. In tests, the PandaBoard was able to achieve around 400MB/s
for memory copying. This is low compared to the speed achieved when accessing data directly from the cache,
at up to 2GB/s. By working only on the data we need, we can keep most of it in the cache, so that the access
times are as low as possible.
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Figure 3. (a): The initial (untrained) SOM hand skeleton; (b)–(f): The SOM skeleton for various hand poses.
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Figure 4. (a): The initial (untrained) SOM body skeleton; (b)–(e): The SOM skeleton for various body poses

By converting all the values from the depth image to 3D points we are wasting valuable time, as only a
fraction of those meet the requirements to be included in the point cloud. A faster approach would be to filter
depth values first, and then, if they pass the criteria, to convert them into 3D points and add them to the point
cloud.
The PandaBoard also features a single-instruction-multiple-data (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.
We can further reduce the time per iteration by a number of small optimizations, such as computing the
epsilon iteratively, reducing the computationally expensive exponentiation to a multiplication:
ε̂t = εt−1 · εstep
where ε̂0 = εi and εstep = (εf /εi )

t/tmax

(5)

.

Displaying the results on a monitor often incurs a performance penalty due to the overhead of the libraries
used in the process. We solved that issue by not using a window system, instead relying on a console buffer and
writing directly to it.

6. RESULTS AND EVALUATION
The end results for the hand and body are shown in Fig.3 and Fig.4, showcasing the method’s robustness. It
can be seen that the hand tracker is able to cope with missing data (Fig.3c,d 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.4c-e: 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. Figure 4b shows how the skeleton tracks
the body shape in 3D, following the user’s leg even though it’s not in the same plane as the body.
Such configurations would have been 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. Moreover, note that even though the head is occluded in a couple of frames,
the algorithm doesn’t lose track of it.
Initially, the performance of the algorithm was mediocre, at around 7 frames per second. The most remarkable
speedup was achieved by fully utilizing both cores with separate threads for each step of the algorithm – 17 frames
per second, a speedup of almost 150%. By not converting all the data in the frame to 3D the program gained
an additional 8 frames per second. By using the NEON SIMD pipeline, an additional 5 frames per second were
gained. Other code optimizations like computing the epsilon without the use of exponentiation gained a further
2-3 frames per second. The end result is that the program runs at around 31 frames per second, with room to
spare, which was our target.

7. DISCUSSION AND FUTURE WORK
The paper proposes a simple method for human pose estimation from a number of images taken with a time-offlight camera. This is especially suitable for this kind of camera because they can produce range and intensity
data at high frame rates. The self-organizing map approach delivers a very efficient and robust framework, which
can be extended to any deformable object that needs to be tracked.
Because of the nature of the SOM, sometimes the tracked skeleton will have erroneous parts, for example a
hand being stuck to the other or a skeleton that is upside down. These problems can be solved easily by applying
additional constraints in the training phase. Another shortcoming of the method is that it cannot deal with
multiple users, because the SOM would attempt to represent a single body shape with the point clouds of the
persons sitting in front of the camera. This can be solved by using an improved frame segmentation algorithm,
which would detect how many persons are inside the frame and assign a topology for each one, while keeping
them separate from one another.
The method can gain further speedups by using the powerful GPU available on the PandaBoard. We have
already tested the algorithm on the PandaBoard ES, which uses a next generation Texas Instruments OMAP
4460 and found a performance boost of up to 25%.
We propose two use-cases, which could be tackled by using gesture-enabled technologies, particularly this
algorithm, as both require low-power, low-complexity embedded solutions. First, mobile computing faces the
challenge of limited interaction capabilities of current and future interfaces. A mobile phone can only get so big
before the user becomes encumbered by it. In order to give the user a larger interface area, gesture control can
be used. By embedding a small 3D-capable camera inside the phone, a virtual interface can be created and the
user can interact with the device via gestures, seeing the results on the screen.
Another possible use for gesture-enabled technology is for wearable interfaces such as head-mounted displays.
These have seen a surge of interest in recent times, especially with the backing of Google in the case of project
Glass.18 They aim bring a new level of interaction by presenting data over a head-mounted display, projecting
images directly on a viewfinder. In this case gesture control provides a very natural experience to the user, as
other types of control interfaces would deny the advantages of using such technology.

A big advantage of this method is the fact that it can work with any kind of 3D data that is supplied by a
camera capable of measuring real world distances. From the testing done with the Microsoft Kinect and PMD
CamBoard we concluded that the method is robust enough to 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.
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