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Fast moving target detection algorithm based on LBP texture
feature in complex background

QIU Li-Ya"*’, CHEN Wei-Lin'*?, LI Fan-Ming"*, LIU Shi-Jian'®, LI Zheng'’, TAN Chang'*’
(1. Shanghai Institute of Technical Physics, Chinese Academy of Sciences, Shanghai 200083, China;
2. University of Chinese Academy of Sciences, Beijing 100049, China;

3. Key Laboratory of Infrared System Detection and Imaging Technology, Chinese Academy of Sciences, Shanghai
200083, China)

Abstract: In the visible and infrared scenes with complex background, such as rain and snow weather, leaf swaying,
shimmering water, etc. , fast and accurate extraction of a complete target has always been the primary problem in mov-
ing target detection. In order to be real time and aiming at the problems of existing video foreground extraction algo-
rithms, such as dependence on prior information, low recall rate, lack of texture and large noise, a background model-
ing method based on histogram statistics and improved LBP (Local Binary Pattern) texture features is proposed. First-
ly, the mode of each pixel histogram is used as the reference background without prior knowledge, which saves a lot of
storage space. Then, an improved S MBLBP texture histogram is proposed to model the background with the reference
background by using neighborhood compensation strategy, which eliminates the most dynamic background and illumi-
nation changes, and realizes the accurate extraction of the target. Experimental results show that the proposed algorithm
can quickly extract foreground targets in a variety of complex infrared and visible scenes, and can improve the accuracy
and recall rate at the same time.

Key words: machine vision, background modeling, LBP textural features, moving target detection, complex
background
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Fig. 2 The mode background modeling process: (a) input image sequence, (b) grayscale change curve, (c¢) gray histogram
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Fig. 8 Processing results of different algorithms in complex scenarios: (a) skating, (b) snowfall, (¢) overpass, (d) canoe
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Table 3 Evaluation index results of different algorithms

e skating snowfall overpass

gik Re Pr F Ppwe Re Pr F Ppwe Re Pr F Ppwe
FHIE 0.9059 0.8900 0.8978 0.0126 0.7286 0.7084 0.7183 0.0147 0.7712 0.6504 0.7056 0.0269
&nim 0,0351 0,0805 0,0489 0,1173 0,1127 0,0416 0.0608 0,0898 0,5877 0.6088 0.5981 0,0330
vibe 0.3396 0.5675 0.4249 0.0810 0.5464 0.7908 0.6463 0.0154 0.5011 0.6031 0.5474 0.0346
framedifferent 0.3701 0.3074 0.3359 0.1289 0.1982 0.6124 0.2995 0.0239 0.2300 0.2490 0.2391 0.0611
kde 0.8493 0.8762 0.8625 0.0238 0.2854 0.4444 0.3476 0.0276 0.9704 0.2364 0.3801 0.1321

B2 8 canoe Dining room lakeside
Hik Re Pr F Ppwe Re Pr F Ppwe Re Pr F Ppwe
KHIE 0.6518 0.8211 0.7267 0.0270 0.8479 0.6783 0.7537 0.0472 0.5302 0.4022 0.4574 0.0377

gmm 0.2810 0.2729 0.2769 0.0807 0.3998

0. 8040

0.5340 0.0595 0.1906 0.5587 0.2842 0.0287

vibe 0.4273 0.5376 0,4761 0.0517 0.3083 0.8821 0.4569 0.0625 0.1142 0.6035 0.1920 0.0288
framedifferent 0.2579 0.0654 0.1044 0.2434 0.0781 0.7603 0.1417 0.0804 0.0114 0.3456 0.0221 0.0302
kde 0.9808 0.2307 0.3736 0.1809 0.4661 0.6991 0.5593 0.0624 0.0564 0.5400 0.1021 0.0297
= library park corridor
Hik Re Pr F Ppwe Re Pr F Ppwe Re Pr F Ppwe
EN AP 0.9334 0.9177 0.9255 0.334 0.7458 0.5816 0.6535 0.0185 0.6581 0.6868 0.6722 0.0235
gmm 0.1540 0.7717 0.2568 0.1983 0.5678 0.7032 0.6288 0.0158 0.6189 0.6270 0.6229 0.0275
vibe 0.1188 0.8084 0.2071 0.2022 0.5607 0.6328 0.5946 0.0180 0.4598 0.7396 0.5671 0.0258
framedifferent 0.0273 0.7169 0.0526 0.2187 0.3766 0.4245 0.3991 0.0267 0.0848 0.5742 0.1478 0.0359
kde 0,2772 0.8574 0.4190 0.1710 0.2480 0.7766 0.3759 0.0194 0.2480 0.7766 0.3759 0.0194

I S BIEAE R L B SR A 7 S ROCR B 2E , & A H
PRI AN 76 6 1) [ AT, 555t A 1) 2 [P R R i
Peo T RRE— X AR AT AL, R IEm
A7 JT $1 305 P DR R R R, L RO RGN 21 i H
PREEAT PRI AN ERER .
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