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1 Introduction

In recent years, research efiorts seeking to provide more natural, human-centered
means of interacting with computers have gained growing interest. A particu-
larly important direction is that of
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the object of interest. The reason appears to be its local scope in combination
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canvas [LWH02, WLH01]. Methods that relate to hand-driven control focus on
the detection and tracking of some feature (e.g. the flngertip, the centroid of
the hand in the image etc) and can be handled with the information extracted
through the tracking of these features. The second type of interaction involves
the recognition of hand postures, or signs, and gestures. Naturally, the vocab-
ulary of signs or gestures is largely application dependent. Typically, the larger
the vocabulary is, the hardest the recognition task becomes. Two early systems
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Clearly, because of the pixel-by-pixel image comparison, template matching is
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network is trained to learn motion patterns similar to the above. In [ICLB05], a
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the image, based on optical °ow. The extremal points of the trajectory were
detected and used as gesture classiflcation features. In [CBA+96a], the 3D
trajectories of hands are acquired by stereo vision and utilized for HMM-based
learning and recognition of gestures. Difierent feature vectors were evaluated as
to their e–cacy in gesture recognition. The results indicated that choosing the
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mand or message from the user to the system, require that the posture and
motion of hands is recognized and interpreted. Early gesture recognition ap-
plications supported just a few gestures that signifled some basic commands or
concepts to the computer system. For example in [DP93], a monocular vision
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control a slide presentation. The systems in [ZNG+04] and [CRMM00, MMR00],
recognize a few hand postures for the control of in-car devices and non-safety
systems, such as radio/CD, AC, telephone and navigation system, with hand
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Assign probabilities
to pixels

Fig. 1: Block diagram of the proposed approach for hand tracking and gesture
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(a) (b) (c) (d)

Fig. 4:
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(a) (b) (c)

(d) (e) (f)

Fig. 7: Six frames of a sequence depicting a man performing gestures in an o–ce
environment.

Additionally, in this paper we have presented a novel gesture recognition sys-
tem intended for natural interaction with autonomous robots that guide visitors
in museums and exhibition centers. The proposed gesture recognition system
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