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Codebook-Based Foreground-Background Segmentation with

Background Model Updating

Jae-young Jung*

Abstract

Recently, a foreground-background segmentation using codebook model has been researched

actively. codebook is created one for

The each pixel in the image. The

codewords

are

Keywords :

vector-quantized representative values of same positional training samples from the input image
sequences. The training is necessary for a long time in the most of codebook-based algorithms. In
this paper, the initial codebook model is generated simply using median operation with several
image frames. The initial codebook is updated to adapt the dynamic changes of backgrounds based
on the frequencies of codewords that matched to input pixel during the detection process.

We implemented the proposed algorithm in the environment of visual c++ with opencv 3.0, and
tested to some of the public video sequences from PETS2009. The test sequences contain the various
scenarios including quasi-periodic motion images, loitering objects in the local area for a short time,
etc. The experimental results show that the proposed algorithm has good performance compared to
the GMM algorithm and standard codebook algorithm.
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<Table 1> Codebook construction algorithm
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(Figure 1) Pixel categories
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(Figure 4) Example images that foreground

objects appear in the 1st image frame
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(Top-left: original image, Top-right: GMM'’s,

Bottom-left: CB’s, Bottom-right: Ours)
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