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Abstract: Objective In recent years, the technique of Intelligent Video Analysis is a very important research area in
Computer Vision. Moving objects detection aims to catch moving foreground in all kinds of surveillance environ-
ment, which is an essential foundation for following video processing such as targets tracking, objects segmenta-
tion and so on. The traditional methods often model the background in color feature space and single pixel. The tradi-
tional color feature would be disturbed by light and shadow easily. The single pixel cannot reflect the region spatial rela-
tion between pixels. In order to detect the moving foreground precisely in complex video sequences including illumina-
tion and dynamic background in time, the paper proposed a moving detection method based on background modeling
technique by region spatiogram in Color Names space. Color Names are linguistic labels that humans attach to colors.
The learning of the Color Names is achieved by the PLSA model. In fact, it conducts a mapping from RGB space to ro-
bust 11 dimension CN space. Modeling background in Color Names space will deal with the illumination variation better.

Histogram is a zeroth-order tool for feature description that is robust to scale variation and rotation variation, while sec-

EEGH EFRALRR RS (61562057); HiltE w5 RAIE (2017D-08); 2 M ATE KK H - 44 (2015003) .
Wea H 3 : BEHA:
Supported by: Natural Science Foundation of China (61562057)



0 5|

ond-order spatiogram contains spatial mean and covariance for each histogram bin. So the spatiogram retains more in-
formation about the geometry of the patches and captures the global positions of the pixels rather than their pairwise rela-
tionships. Therefore, it is necessary to employ spatiogram in Color Names space for background modeling. Method In
this paper, a novel method was proposed for moving detection. At first, it mapped RGB color space to lower-dimensional
Color Names space that is more robust. Then it established spatiogram in pixel local region characterized by Color
Names feature and recorded spatial information of pixels in every bin. The background models of every pixel are consti-
tuted by K spatiograms. Every spatiogram was given different weight according to its matching rate. Color Names fea-
ture by dimension reduction enhanced the robustness of models and detecting timeliness. Spatial information introduced
by spatiogram enhanced the accuracy of the background model. To enhance adaptivity of models, the approach controlled
update of model spatiogram and their weights by learning rate &, and a,,. Then it performed experiments at all video
sequences from standard test data CDnet that included different challenges such as illumination variation, moving shad-
ow, multi-model background and so on. The parameters such as model size K, threshold T, , Tp and learning rate
a, , a, inthe algorithm were determined by analysis from comprehensive performance F1 and averaged FN (False
Negative) curves. Result The quantitative and qualitative analysis to experiments indicates that the method can achieve
expected results. It can get outstanding effect in some scenes including illumination and multi-model background espe-
cially. Comparing to ViBe. LOBSTER and DECOLOR , the method enhances 0.65%, 3.86% and 3.9% of average com-
prehensive performance F1 of all scenes respectively. Modeling for every pixel in its local region is concurrent. So re-
al-time detection is achieved with GPU parallel acceleration in order to improve time efficiency. Conclusion Robust
Color Names space cope with illumination variation better. Multiple spatiogram models match multi-model background
better such as waving tree, water and fountain. Therefore, the algorithm can segment the moving foreground more accu-
rately in complex video environment compared with the existing methods. It is a real-time and effective detection algo-
rithm .1t has certain practical value in Intelligent Video Analysis.

Key words: Computer Vision; Intelligent Video Analysis; Moving detection; Background model; Color Names; Spatiogram
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Fig.5 background models and foreground detection results ((a)test frames;(b)groundtruth;(c)established background
model;(d)segmented foreground)
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:(b)ViBe;(c) LOBSTER;(d) DECOLOR;(f) Ours)

Fig.6 Partial results of different methods((a)test frames;(b)ViBe;(c) LOBSTER;(d) DECOLOR;(f) Ours)
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