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A Study on HMM-Based Segmentation Method for Traffic Monitoring

Suen-Ki Hwang - Yong—-Seok Kang - Tae-Woo Kim - Hyun-Yul Kim, Young—-Cheol
Park - Cheol-Soo Bae
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ABSTRACT

In this paper, we propose a HMM(Hidden Markov Model)-based segmentation method to
model shadows as well as foreground and background regions. The shadow of moving objects
often keeps from visual tracking. We propose an HMM-based segmentation method which
classifies each object in real time. In the case of traffic monitoring movies, the effectiveness of
the proposed method was proved by experiments.
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Fig 1. Strength of Foreground, Background,

Shadow
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Fig 3. Test results
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