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Codebook-Based Foreground Extraction Algorithm with Continuous
Learning of Background

Jae-young Jung*

Abstract

Detection of moving objects is a fundamental task in most of the computer vision applications,
such as video surveillance, activity recognition and human motion analysis. This is a difficult task
due to many challenges in realistic scenarios which include irregular motion in background,
illumination changes, objects cast shadows, changes in scene geometry and noise, etc. In this paper,
we propose an foreground extraction algorithm based on codebook, a database of information about
background pixel obtained from input image sequence. Initially, we suppose a first frame as a
background image and calculate difference between next input image and it to detect moving
objects. The resulting difference image may contain noises as well as pure moving objects. Second,
we investigate a codebook with color and brightness of a foreground pixel in the difference image.
If it is matched, it is decided as a fault detected pixel and deleted from foreground. Finally, a
background image is updated to process next input frame iteratively. Some pixels are estimated by
input image if they are detected as background pixels. The others are duplicated from the previous
background image. We apply out algorithm to PETS2009 data and compare the results with those of
GMM and standard codebook algorithms.
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<Table 1> Codebook construction algorithm
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codeword for each pixel using the first input image, /.

32 A% 3% <k 2> 47 F2 YneS
Adubr o g 2 AAX FHAHAA Fx Jrow Notation C”: an union of several neighboring codebooks
/\}%E]E‘ O] ;ﬂ HH 7 °§ Bt ]1} éﬂ_zﬂ (Q E_ﬂ‘ og I. Generate an initial codebook consisting of one
o

II. 1, is used as D, background image.

IIl. for each input image, 7,

(i) Calculate D, by formular (4)

(ii) Eliminate isolated points in the D,
_ ’ N (iii) If D,(z,y) =0,

]t {Bt_th_l MNt’ Ot} (©) 1) determine as a background pixel,

2) if matched = true in cv,

. "ol wA S ° LLELU update the matched codeword.
By 14 w7 Bf*14 grol 1= vhEht else add a new codeword in C
A, =9 W3lol] o3t 1 gho] m A (iv) If D,(z,y) =f and matched = true in C”,
- . = 1) determine as a background pixel,
= A0 o 2N RSk
R as OTA E}’L HH 2) update the matched codeword.
« BN i Al SO Qggoew wjol EEHA (v) If D,(z,y) = f and matched = false in C*,
_ — _ 1) determine as a foreground pixel,
T Ao ghel YEhYE A9-9 g A 2) add a new codeword in C
3;’:}— (vi) Update background image using formular (5)
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(e) Our results
(e) Our results (Figure 5) Dataset 2: illumination change
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