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Abstract This paper presents a framework for parallel tracking of human hands and faces in real time, and is a partial solution to a larger
project on human-robot interaction which aims at training autistic children using a humanoid robot in a realistic non-restricted environment. In
addition to the framework, the results of tracking different hand waving
patterns are shown. These patterns provide an easy to understand profile
of hand waving, and can serve as the input for a classification algorithm.
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Introduction

A little more than a decade ago, Honda Corporation demonstrated an Advanced
Step In MObility (ASIMO) [5,6]. The introduction of ASIMO has led to a boost
in humanoid robotic research and development. After several expensive predecessors, the NAO humanoid from Aldebarn has become a standard platform in
the robocup soccer competition. Due to its standardized hardware and software,
which will make the experiments reproducible, it becomes also an attractive
platform for conduction of behavioral studies.
Recent developments by the personal computers ensure substantial computing power of several tera floating point operations per second (TFLOPS), if
graphical processing units (GPUs) are used. Moreover the GPUs reach this performance due to massive parallelism making them as powerful as a fast supercomputer of just three years ago.
We propose to use both technologies, namely a standardized humanoid robot
and the GPU processing for more realistic behavioral applications. More specifically we are interested in scenarios involving multiple simultaneous actions performed by different body parts of a human or a robot. We assume realistic
imitation scenarios, i.e., scenarios where a human freely behaves and a robot
tracks its actions with the intend to act upon the meaningful ones, for instance
by imitation.
Schaal advocates that imitation learning offers a promising route for equipping the robots with human skills by means of efficient motor learning, a direct
connection between action and perception, and modular motor control [14]. In

developmental research it has been shown that newborns are able to imitate
static gestures. Infants have been shown to imitate facial gestures from the first
day [13], which implies existence of a simple basic mechanism for comparison and
imitation. Imitation is considered a fundamental avenue of learning in humans
[12]. Recently a comparison was made on the developments of imitation skills in
infants and robots [4]. Demiris and Meltzoff focus on two main dimensions: the
initial conditions and developmental mechanisms. The computational framework
used by Demiris [3] called HAMMER is an architecture for recognition and execution of actions where attention plays an important role. The attractive part is
that the model uses multiple pairs of inverse and forward models that operate in
parallel, hence such model can be extended easily. The drawback of the model
with the highest confidential factor is selected. Hence a single behavior is active,
while human like action mostly involves multiple activities at the same time.
In this paper we will propose a parallel architecture that is flexible enough to
deal with any scenario involving multiple actions at the same time. The focus in
this paper will be to define the technical aspects of this architecture, and show
detecting and tracking of multiple behavioral trajectories of different body parts
with a further aim to detect incongruent, atypical, or emotional behavior. We
demonstrate the results for emotional and neutral hand waving behavior and
demonstrate that both visible body parts, namely the head and the hand can be
tracked in real time. In a parallel study we are developing a method for detection
and recognition of emotional movements based on Laban movement analysis that
will complement this work in the behavioral experiments with autistic children.
For the application we use a commercially available humanoid robot NAO to
demonstrate the concept of part of this architecture. An important part for the
robot is its visual data processing. We will describe in detail how in a sequence
of images the hand position is extracted in real time and converted into a motion
stream. This motion stream forms the basic input for imitation and turn taking
on the basis of the mirror neuron framework [1].
The paper is organized as follows: In Section 2 we focus on the physical characteristics of the used platform and elaborate on the parallel architecture. Section 3 describes the experimental setup and gives the implementation of marking
a hand in an image using skin color. For the sequence of images such region is
marked to construct a stream that is used to analyze hand waving behavior.
This section provides some preliminary experimental results. Section 4 provides
an initial setup how these data stream can be used to extract social behavior
for interaction with a robot. The paper finishes with a discussion and future
research.
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2.1

Application Platform
Humanoid robot

Commercially available humanoid robot NAO, illustrated in Figure 1, is used
for the experiment. The robot has 25 degrees of freedom, 5 in each leg and arm,
and 1 in each hand. Further it has 2 degrees of freedom in its head and one in

Figure 1. Application platform humanoid robot NAO.

the pelvis. The platform contains 2 color cameras with a maximum resolution
of 640x480 pixels at a speed of 30 frames per second. The platform contains
an embedded AMD Geode 500MHz processor and is shipped with an embedded
Linux distribution. A software library called NaoQi is used to control the robot.
This API provides an easy to use C++ interface to the robot’s sensors and
actuators. Due to this library its is relatively easy to control the robots actuators
and make use of advanced routines that let the robot move and talk using text
to speech.
2.2

Parallel processing

The proposed parallel processing framework assumes a set of useful functional
units. These units are connected with each other to exchange information. Figure 2a illustrates such a parallel framework, where processing units and connections are represented by squares and directed arrows, respectively. Using a
graphical setup gives fast insight in the available parallel processes and their
respective connections, and can be implemented in graphical programming environment TiViPE preserving its graphical representation [7]. Such network can be
transferred into a formal language and described in a BackusNaur Form (BNF),
as illustrated Figure 2b. This makes such a framework attractive for TiViPE
to generate and compile code fully automatically from a constructed graphical
network.
The setup of such a framework is simple and elegant, but powerful enough
to describe any parallel algorithm. In this respect it can be used as an artificial
neural network, where the squares and connections denote the neurons, and
synapses, respectively. The framework could be used as probabilistic network
where connections denote the chance to go from one state to another one.
For the hand waving experiment, visual data processing, data understanding,
imitation, and turn taking, we have constructed a global network as illustrated
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Figure 2. General parallel framework where yellow squares denote processing units.
Arrowed connection denote information exchange in direction of the arrow between
processing units. a) An example of such a network, and b) Its textual description. c)
Brain areas involved in hand object interaction interaction. d ) Isolated processing unit
with input and output connections.

in Figure 2c. A building block can be described as unit with inputs and output
(Figure 2d), making a one-to-one implementation possible within TiViPE. Note
that the visual input has been described as a single block, but it contains many
parallel processing units, as provided in earlier work [16,10,8,9]. Our goal is to
make a function brain model using this parallel framework [11].
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Experimental setup

The experiment we have been conducting is hand waving. In this experiment the
robot should be able to extract a simple motion pattern and derive its behavioral
aspects. Also the robot should be able to imitate this pattern and eventually
adjust its behavior, both with the aim of either to teach or to influence behavior
of the human aiming to improve his or her social skills.
The implementation of detection and tracking a waving hand is given in
Figure 3, and has been decomposed into several building blocks:
1.
2.
3.
4.
5.
6.

3.1

acquiring data from a camera
binarizing an image by marking a pixel either as skin color or not
marking skin regions by a pyramid decomposition
tracking regions
visualization of regions in an image
visualization of tracked waving hand over time

Skin detection and region marking

Face segmentation using skin color can be made independent of differences in
race when processing image pixels in Y-Cr-Cb color space [2].

Figure 3. TiViPE [7] implementation of handwaving.

We used the following (r, g, b) to (Y, Cr, Cb) conversion:
Y = 0.2989r + 0.5866g + 0.1145b
Cr = 0.7132(r − Y )
Cb = 0.5647(b − Y )
and the same threshold values as used by Chai and Ngan[2]:
77 < Cb < 127
133 < Cr < 173
since they yield good results for classifying pixels belonging to the class of skin
tones. The next stage is marking a cluster of “skin tone classified” pixels by a
rectangular window. This is performed by decomposing the image into a pyramid, where every pixel in the next level of the pyramid is computed as follows:
Ii+1 (x, y) = (Ii (2x, 2y) + Ii (2x + 1, 2y) + Ii (2x, 2y + 1) + Ii (2x + 1, 2y + 1)) /4
(1)
where (x, y) is the position in image Ii , i denotes the level in the pyramid, and
base level 0 contains the original image I0 . The construction of a pyramid using
(1) provides a strongly reduced search space, since if in level i+1 a pixel Ii+1 (x, y)
is found to belong to the desired region then in level i of the pyramid a cluster of
2x2 pixels (Ii (2x, 2y), Ii (2x + 1, 2y), Ii (2x, 2y + 1), and Ii (2x + 1, 2y + 1)) belong
to the same region.
The search for regions of interest starts at the highest level, and decreases
until an a-priori known minimum level has been reached. It is therefore possible
that no regions of interest are found. Taking into consideration that if a pixel is
marked as skin tone it has value 1 and 0 otherwise. We define a pixel to belong
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Figure 4. Marked regions of interest, using skin color.

to a unique region j if it satisfies the following:


max1,1
(Ii (x + x1, y + y1) ∧ Ii (x, y) > 0.3 ∨
j
x1=−1,y1=−1
Ri (x, x + 1, y, y + 1) =
Ii (x, y) > 0.99.
(2)
The first condition implies that Ii (x, y) is a local maximum, and indicates that
likely in the next level one of the pixels has a value that is one, while the second
condition provides full certainty that there is a region of interest. As soon as
one or more pixels satisfy (2) in level i, a check is done in its subsequent levels
if there is a rapid increase in number of pixels satisfying (2) indicating that
multiple pixels have been found in the same region.
Regions Rij in their initial setting are bound by a single pixel Ii (x, y), and a
region growing algorithm is applied to determine the proper size of the rectangular region. Lets assume that the initial size of the rectangle is Rij (xl , xr , yu , yd )
l

and that the possible growing areas are left (Rij = Rij (xl − 1, xl , yu , yd )), right
r
u
(Rij = Rij (xr , xr + 1, yu , yd )), above (Rij = Rij (xl , xr , yu − 1, yu ), and below
d

(Rij = Rij (xl , xr , yd , yd + 1) this region. The average value of all four growing
areas is taken, where the maximum value determines the direction of growing.
The following procedure
 x
x
Aji = avg Rij
x ∈ {l, r, u, d}


x
x
Mij = max Aji
Rij
x

=

x
Rij

∪ Rij

x

x

if Mij ≥ 0.67

is repeated until Mij < 0.67. From experiments 0.67 provided a rectangle that
corresponds roughly to area in the original image, see also Figure 4.
The method described allows us to find any uniform color region in the
image in real time. It is plausible that the functional concept as described above
contains similarities with how the brain processes visual data, since primary
visual cortex area V4 provides a substantial role in processing color [17].
We could formally describe such a feature f by its region, type, and time:
f (xl, xr, yu, yd, skintone, t). This f in turn could be further processed by other
visual areas or passed on to both STS and PFC, as illustrated in Figure 2c.
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Figure 5. Waving profiles.

3.2

Tracking

An example of a waving experiment using color images of 320x240 pixels at a
speed of 24 frames per second are provided in Figure 5. In this example the
author has been waving his right hand six times (Figure 5a), where the central
point of the largest skin area has been tracked during a period of 110 seconds.
In a normal waving pattern illustrated at Figure 5b, we observe that
1. waving occurs at a regular interval of around one full cycle (from left to right
and back) per second.
2. its amplitude is similar for every cycle.
3. there is a clear correlation between horizontal and vertical axis.
4. there is a slight difference between left and right due to physical restrictions
of the joints.
Figure 5c-d illustrate a calm, queen type of waving, and a highly energetic, a
wild or angry type of waving, respectively. Here we observe that the polite way
of waving is low energetic, but still has a higher frequency, of around 1.5 times
per second, compared to normal waving. In case of extremely energetic waving
the frequency could be increased to 2.5-3 times per second.
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Behavioral Primitives

Understanding motion from waving patterns requires a mechanism that is able
to learn to interpret and classify these sequences, and ideally able to extract the
observations provided in Section 3.2. In a complementary study we are attempting to classify motion by so-called Laban primitives. Using these primitives we
classify whether the wave pattern demonstrates normal, polite, stressed behavior, or abnormal behavior.
The current method is developed to enable the robot to interact with a
human in a realistic scenarios. In real life the robot will detect several skin
color regions that belong or not to the interacting human. Being able to track
several of them in parallel, it can easily discard occasional static objects that do
not belong to the human body. Moreover, using an earlier developed technique
[15] the robot recognizes and learns repeating patterns of behavior, which it
considers important, and discards occasional movements which most often are
not important. For instance, if during waving of the hand a head movement
takes place because at this time somebody enters the room, this movement will
be ignored. However, if an autistic child performs repeatedly a movement with
his/her head while waving, this will be learned and eventually included in the
imitation behavior of the robot.
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Discussion and Future work

We have presented a computational framework that is simple and elegant, but
powerful enough to describe any parallel algorithm. This framework is used as
basis for our social interaction with the robot, and application of hand waving as
well. The goal of this application is to demonstrate some simple social interaction
between man and machine.
In this paper we have shown that the robot is able to detect multiple skin
regions in real time and that a stream of such information provides clear insight
in the movements of a waving hand. In a complementary study these regions are
transfered into behavioral primitives. These primitives are used by the robot to
socially interact with a human.
It is obvious that we have barely touched the surface of all the research
we would like to conduct. Even a simple experiment like hand waving elicits a
number of questions:
–
–
–
–
–

Could any type of waving be predicted?
How to respond to waving pattern?
Does it lead to adaptive or predictive behavior?
How does the design of simple reactive behavior look like?
How to design imitation, such that it appears natural and distinctive on a
humanoid robot?

Nevertheless, the newly acquired NAO humanoid robots provide an excellent
test-bed for machine-interaction, and opens a wide range of possible research

areas. An important aspect on these robots will be how closely one can emulate human movement. It implies that understanding the physical limitations
of these robots, and getting insight in the parameters settings of the 25 joints
of these robots will play an important role for social interaction. Next a basic
set of motion primitives needs to be derived that yield the back-bone for social
interaction on the basis of body language.

References
1. E. I. Barakova and T. Lourens. Mirror neuron framework yields representations
for robot interaction. Neurocomputing, 72(4-6):895–900, 2009.
2. D. Chai and K. N. Ngan. Face segmentation using skin-color map in videophone
applications. IEEE Transactions on Circuits and Systems for Video Technology,
9(4):551–564, June 1999.
3. Y. Demiris and B. Khadhouri. Hierarchical attentive multiple models for execution
and recognition of actions. Robotics and Autonomous Systems, 54:361–369, 2006.
4. Y. Demiris and A. N. Meltzoff. The robot in the crib: A developmental analysis
of imitation skills in infants and robots. Infant and Child Development, 17:43–53,
2008.
5. K. Hirai. Current and future perspective of Honda humanoid robot. In IEEE/RSJ
International Conference on Intelligent Robotics and Systems, pages 500–508, 1997.
6. K. Hirai, M. Hirose, Y. Haikawa, and T. Takenake. The development of Honda
humanoid robot. In IEEE International Conference of Robotics and Automation,
pages 1321–1326, 1998.
7. T. Lourens. Tivipe –tino’s visual programming environment. In The 28th Annual
International Computer Software & Applications Conference, IEEE COMPSAC
2004, pages 10–15, 2004.
8. T. Lourens and E. I. Barakova. Tivipe simulation of a cortical crossing cell model.
In J. Cabastany, A. Prieto, and D. F. Sandoval, editors, IWANN 2005, number
3512 in Lecture Notes in Computer Science, pages 122–129, Barcelona, Spain,
June 2005. Springer-verlag.
9. T. Lourens and E. I. Barakova. Orientation contrast sensitive cells in primate v1
–a computational model. Natural Computing, 6(3):241–252, September 2007.
10. T. Lourens, E. I. Barakova, H. G. Okuno, and H. Tsujino. A computational model
of monkey cortical grating cells. Biological Cybernetics, 92(1):61–70, January 2005.
DOI: 10.1007/s00422-004-0522-2.
11. T. Lourens, E. I. Barakova, and H. Tsujino. Interacting modalities through functional brain modeling. In J. Mira and J. R. Álvarez, editors, Proceedings of the International Work-Conference on Artificial and Natural Neural Networks, IWANN
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