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Detection for moving targets based on color and texture features

ZHOU Zhiping, LI Wenhui
(School of Internet of Things, Jiangnan University, Wuxi 214122, China)

Abstract: An algorithm utilizing RGB color features and scale invariant local ternary patterns is presented for sol-

ving the difficulty of detecting moving targets in complex scenes. The time-domain median method was adopted to

estimate background image and initialize background model quickly. By fusing similarity measures of color and tex-

ture features, a background probability network was obtained. The application of lateral inhibition filtering improved

the contrast, the foreground and background pixels were classified, and shadow detection worked for the foreground

pixels. The shadow pixels were classified as background pixels but not used for the model update. The performance

of the proposed algorithm was compared with the other three algorithms in the change detection database. The pro-

posed method can accurately handle scenes containing moving backgrounds, shadows, and camera jitter, with ac-

ceptable real-time performance.

Keywords : moving target detection; color feature; texture feature; shadow detection; model update
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Table 1 Detection performance of the four kinds of algorithms in office and canoe image sequences

Baseline_office

Dynamic background _canoe

ER7R
Recall Precision F-Measure Recall Precision F-Measure
GMM 0.507 5 0.929 0 0.654 1 0.853 3 0.919 4 0.887 2
SC-SOBS 0.919 3 0.931 3 0.925 1 0.879 8 0.585 6 0.643 9
SUBSENS 0.957 6 0.956 1 0.956 8 0.688 5 0.991 7 0.812 8
Ak 0.968 6 0.858 2 0.910 1 0.837 2 0.832 2 0.8347

% 2 Boulevard.sofa 1 cubicle B1§F 5 7E 4 ME X TR M AL

Table 2 Detection performance of the four kinds of algorithms in boulevard, sofa and cubicle image sequences

Camera jitter-boulevard

Intermittent object motion_sofa

Shadow_cubicle

s Recall  Precision F-Measure  Recall ~ Precision F-Measure — Recall ~ Precision  F-Measure

GMM 07977 04379 05654 05141 0.8925 06524 0.7861 05511  0.6479
SC-SOBS 0.8014 06162 06967 05201 0.8325 06402 08754 0.6163  0.7233
SUBSENS 07394  0.7518 07456 07437 09264 0.8251 09657 08008 08756
A SCHE 0.6812 0.9019 0.7761 0.8219  0.8322 0.8275 09442 0.863 4 0.902 0

R3 AMEEZREERE

Table 3 Time complexity of the four algorithms

RS EgIE Pt BURKADN  FIBA Tt/ s
GMM RGB 240x360 1.92
SC-SOBS RGB 240360 1.27
SUBSENS RGB 240x360 1.63
AU RGB 240%360 1.51
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