http: /www. jsjkx. com

4 A A 2
O tﬁ-m sa;tg? DOI. 10. 11896/jsikx. 200600131

ETFRERRS¥# LBP 518 i=3h B Fr46

EXE FH  EEInPH
T AFEMBENIREER T %M 213022

HE MR LBERF ORI T TSR TAYMEDBAFALNGEAE RS H Tl ¥ B 4Re) DAL &
xR TEFH B ARG B BAES, AT IR 6T AR kB SR AT R A 5O R F«%%éﬁlﬂx“ﬂ,#%&?’*ﬁ[iﬁm%
IR 5 it LBP(Local Binary Patterns) X B AF AR 25 A 0935 3 B ARl Lok, B 28, B2 A X A5 6 B4k AR & B
e 8 Yot B M A 34 B B A+ (Kernel Density Estimation, KDE) A, 5f ) KDE & & 4+ haT & K 3., KRG+ L F 3k P
FHigZ et LBP LB Ay B, RJG,BE A5 [ EERRITA nuﬂf%”%%,wuaﬁréﬁ#zfa#ﬂx fr}ﬂ#%%#%&;i%fr
HR., FREREAN AFZFEREARREGEFTRTERORANREBHRRXES IR T SA2N TR BAUERL EEE
TAR X TWES B AREN,

KBEIR 23 B AR ;30 & F % KDE; K33 B ; LBP & 4% 42

FEESES TP391.41

Moving Object Detection Based on Region Extraction and Improved LBP Features

XIN Yuan-xue,SHI Peng-fei and XUE Rui-yang

College of Internet of Things Engineering, Hohai University, Changzhou, Jiangsu 213022, China

Abstract Detection accuracy of moving object is dramatically affected by the dynamic natural background,for instance,the sha-
king leaves and varying illumination. Therefore,it is essential to distinguish between the dynamic background and the foreground
moving object. The existing foreground extraction algorithm extracts the foreground point by point, which leads to a waste of
computing resources. This paper proposed a novel moving object detection algorithm based on region extraction and improved Lo-
cal Binary Patterns (LLBP). First, the image is divided into several image blocks of same size,and the Kernel Density Estimation
(KDE) model is established according to the statistical characteristics of these image blocks. The foreground region is estimated
by the KDE model. Then.the improved LBP texture feature histogram of all pixels in the foreground block is obtained. By ma-
tching the histogram.all the foreground pixels are extracted,and the background is updated with a probabilistic model. The ex-
perimental results show that the proposed method can quickly extract the foreground region of moving target and eliminate most
of the interference caused by dynamic background. Compared with the traditional algorithm,the proposed method is more suitable
for moving object detection in natural scenes.

Keywords Moving object detection, Dynamic background, Kernel density estimation, Region extraction, Local binary patterns
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Fig. 2 Improved LBP texture feature
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Table 1  Evaluation results of the first scene
Indicators GMM ViBe LBP Proposed
Re 0.2392 0.5632 0.4767 0.6097
Sp 0.9968 0.9955 0.9778 0.9971
FPR 0.0032 0.0045 0.0222 0.0080
FNR 0.7608 0.4368 0.5233 0.3903
PwWC 0.0753 0.0457 0.0698 0.0379
PRE 0.8864 0.9287 0.6935 0.9867
F 0.3767 0.7012 0.5650 0.7537
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Table 2 Evaluation results of the second scene

Indicators GMM ViBe LBP Proposed
Re 0.2528 0.8744 0.4515 0.9586
Sp 0.9983 0.9377 0.9970 0.9982
FPR 0.0018 0.0623 0.0010 0.0018
FNR 0.7472 0.1226 0.5485 0.1414
PwWC 0.0146 0.0634 0.0105 0.0025
PRE 0.7257 0.1986 0.8889 0.9016

F 0.3750 0.3239 0.5988 0.9292
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