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This paper proposes a robust and computationally efficient algorithm for automatic video object segmentation. For
implementing the spatio-temporal segmentation, which aims for efficient combination of the motion segmentation and the
color segmentation, an SOM-based hierarchical clustering method in which the segmentation process is regarded as
clustering of feature vectors is employed. As results, problems of high computational complexity which required for
obtaining exact segmentation results in conventional video object segmentation methods, and the performance degradation
due to noise are significantly reduced. A measure of motion vector reliability which employs MRF-based MAP estimation
scheme has been introduced to minimize the influence from the motion estimation error. In addition, a noise elimination
scheme based on the motion reliability histogram and a clustering validity index for automatically identifying the number
of objects in the scene have been applied. A cross projection method for effective object tracking and a dynamic memory
to maintain temporal coherency have been introduced as well. A set of experiments has been conducted over several video
sequences to evaluate the proposed algorithm, and the efficiency in terms of computational complexity, robustness from
noise, and higher segmentation accuracy of the proposed algorithm have been proved.

Keywords : video object segmentation, self-organizing map(SOM), hierarchical clustering,

motion vector reliability, rule-based region processing
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Fig. 1. Block diagram of the proposed system.
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Fig. 3. Motion vector reliabilty for foreman sequence:
{a) motion vector, {b) using MAP estimation, (c)
MRF-based MAP estimation.
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