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The success of the set-point control and the
horizontal trajectory tracking control of the
MHER can be concluded from the
experiment results.

Keywords:. eye robot, hand gesture
recognition, tracking control

1. Motivation and Goal

The field of human-robot interaction
with a robot is a major challenge. Using hand
gestures is a natural way for interaction
between people. Hand detection and hand
gesture recognition could be essential to

human-robot interaction. Considering the

BEgEEE - » A RSB A« L4k i g global hand pose and each finger joint, the

4 human hand motion has roughly 27 degrees
of freedom (DOFs) [1]. This project makes

Abstract the image processing easier for the
vision-based hand gesture recognition. The

This project proposes a mobilecolor-based algorithm is implemented to

humanoid eye robot, or MHER for simplicity,meet the real-time performance, accuracy and

constructed from combining a humanoidobustness requirements. In recent years,
eye-ball robot and a mobile robot. Thén@ny researchers have been devoted to
MHER is designed to interact with humarp_eveloplng allrt'|f|0|al intelligence system for
based on vision processing and intelligerfftign-level vision [2], representation, and
algorithm. This project has developed affasoning [3]. In general, the spatial temporal
intelligent hand gesture recognition systerffasoning adopts the concept of state
and an intelligent multiaxial tracking control.machine to describe a hand gesture
The hand gesture recognition system cdfPresented by a specified state sequence.
recognize nine hand gestures according %owe.ver, it is not intelligent to design a state
cognitive posture states of human brajfmachine manually. In order to solve above

Furthermore, the neural networks learn theroblems, this project proposes a system
relationship of object position andcombined recurrent neural network and

corresponding velocity by the SPatial temporal reasoning together.' .
back-propagation algorithm in off-ine way. ~ On the other hand, computer vision and
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image processing are important researches
owing to their wide varieties of application.
Among all of these applications, visual
tracking has become a great interest in this
domain. The speed of capturing an image
must be as fast as possible to detect the
movement of the object in real-time.
However, the camera has a constraint on the
number of capturing image per second. The
purpose of this project is to deal with this
problem and implement the visual servo
control system. This project introduces an
efficient approach of a real-time moving
object tracking by the two eyes of the MHEF
and describes the design of an algorithi
based on the neural network structure.

Fig. 1. HMER.

1. Hardware

The MHER tracking system is built
with two cameras and five motors to emulat
human eyeballs as shown in Fig. 1. Th
MHER adopts five FAULHABER DC
servomotors to steer the MHER in Fig. 2. Hand gestures.

controller of DC servomotors is executedgiate sequence, it is often based on a

by the motion control card, MCDC 3006S, ifjxed-length sequence of posture states.

a positioning resolution of 0.1.8". .There_foreHowever, a hand gesture usually happens
the MHER has two pan-direction videoyyring an uncertain time; for example one
cameras, a conjugated tilt motor and Rang posture can change to another hand
pan-ilt neck. The range of pan isyosture quickly or slowly and thus it is

approximately 120 degrees, and filt igjifficult to represent a hand gesture by a
approximately 60 degrees. The size of th@eq-length state sequence. To solve this

head is about 25 cm width and 10 cm heighjroplem, the hand gesture analyzer contains a

for the eye part. trigger net and a gesture classifier,
developed to learn a posture state sequence

I11. Intelligent Hand Gesture Recognition  unfixed length. The single state eliminator
and the repeated state processor are

The system structure of the proposefnplemented by the feedforward neural

hand gesture recognition system [4] includesetwork, while the trigger net is implemented

image data retriever, posture data generat@y the recurrent neural network.
posture state encoder, and gesture analyzer.

The main goal of the proposed hand gesture There are two kinds of clock m.ode,.
recognition system is to recognize hanaynchronous anq asynchronous, used in this
gestures captured by a CCD camera. Thgses.ture r.ecognl.tlon system. If repeated .s.tate
project will focus on nine gestures, name[ﬁtrlever is applied for fee.d.-forward classifier,
upward, downward, turn left, turn right, lefttnen the gesture recognition system adopts

around, right around, follow, learning andsynchrlonous CI(.)Ck .mode for recurrent
warming as shown in Fig. 2. classifier; otherwise, it adopts asynchronous

clock mode.

o~
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Fig. 3. Recurrent classifier.

Table I. Performance comparison.

Size of neural Complexity of | Motion event
Test error
network Training Extendable
Feed-forward

Bigger Fast Bad Good
Classifier
Recurrent

Smaller Stow Batter Good Fig. 5. Experimental scene.
Classifier

In synchronous clock mode, the outpu
of feed-forward classifier will be processec £ *
according to each coming clock. In% ™
asynchronous clock mode, however, thi™
output of recurrent classifier shown in Fig. & 2 ]50
will be processed according to the output ¢
trigger net which is shifted down.

Intensity of G
8

The hand gegtgres can bg recogmzed \ i : /r-:;”ﬁ -
20
the gesture classifier according to differer 100 i X0
triggered state sequences by the recurre — vssewnsie2n ol Xeaxis with size 120

neural network. As a result, the performance Fig. 6. Intensity of gray level distribution.
comparison between feedforward and

. . Tracking ind V5
recurrent neural network is shown in Table |, e ndex (7)

14
The experimental results show that thi

structure can achieve satisfactory real-tim
performance and high classification accurac
The proposed intelligent hand gestur
recognition  system contained severe 1
advantages described below. Another
application of the hand gesture can be
implemented by increasing hand posturev. Intelligent Multiaxial Tracking
states. There is no limit of length of state€ontrol
sequence for a recognized hand gesture The tracking control system shown in
(trigger net). This system would not beFig. 4 is the main part of this project. The
influenced by undefined hand gestur&ye-robot tracking control is based on neural
(recurrent classifier). network by the off-line training [5] . There
are four neural networks used in this project,
including NNneck, NNeye, NNeyel-neck,
and NNeye2-neck.

Position

P2)

Fig. 7. Neck control training patterns.



a7 - ‘ I — driving the Eye-robot to trace the object.
& Neok Tracking Inde | With the patterns shown in Fig. 7, the
s human visual motion can be mimicked. The
| left eye is selected as the dominant eye in this
as| project and is designed to have the ability to
ez} find the object in searching mode. Once the
a1l object is detected, the eyes and the neck will
o work together to trace the object. It is clear
.l that the tracking motion is mainly executed
by the neck when the object appears at the
o position far away the vision centry, while
g as 1 is 2 T z the dominant eye and right eye play the roles

Tnceea) of concentration on the object.

Fig. 8. Set-point control of the neck. After the offline training, the trained NN

The object tracked by the Eye-robot isvill be applied to the Eye-robot tracking, i.e.,
projected by an overhead projector in #he object is kept in the image center. During
screen. The speed of the object motiotihe object tracking, the maximal velocity of
velocity is 28 cm/sec. The distance betwedhe neck is set to b&,=1500rpm/min. It is
the Eye-robot and screen is set as 240 cm atldar from Fig. 8 that the motors employed to
the proportion of the vision object in thesteer the two cameras have also reached the
Eye-robot is designed as 10cm x 10crnontrol goal to locate the object around the
shown in Fig. 5. visual center with an error near to zero.

To detect the object on the screen, thieeference:
image of the left-eye camera is first _
transformed into a gray level image with gray!! Y- Wu and T. S. Huang, "Hand modeling
level intensity distribution shown in Fig. 6. analysis and recognition for vision-based human

. computer interaction,”|EEE Signal Process
Then the object can be extracted. Mag.—Special Issue on Immersive Interactive

Technologyvol. 18, no. 3, pp. 51-60, 2001.

The neural-network-based controller i%z] N. Badler, “Temporal Scene Analysis -

achieved via offline training. The input of the
neural network is the object cenfgand the
output is the tracking inde¥ related to the (3]
driving voltage of the Eye-robot. The neural
network controller receives the erroe
between the current horizontal position
and the desired position of the target and 5,
provides a tracking inde¥ to drive the
Eye-robot. The neural network controller
design will emphasize on the training pattern

Conceptual Descriptions of Object Movements,”
Report TR80, 1975.

R. Brooks, “Symbolic reasoning among 3D
models and 2D imagesAtrtificial Intelligence
pp. 285-348, 1981.
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