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Background Modeling for Long-term Video Sequences

DING Jie"? XIAO Jiang-Jian? KUANG Li-Qun' SONG Kang-Kang? PENG Cheng-Bin?

Abstract Considering the difficulties to deal with scene non-stationary variation of proposed background modeling
methods, we propose a method for moving targets by exploiting periodic spatial-temporal feature from a long-term video.
We use three steps, training, retrieval and updating, to establish a background modeling framework for long-term video
sequences. In the training step, we cut hours of video into a number of minute clips and compute the average background
to generate a series of background images. After performing resize and dimension reduction on background images, a set
of descriptors are obtained for the clustering process, where background descriptors are classified into different clusters
and each cluster is represented by a typical background image in the background memory dictionary. In the retrieval
step, we use foreground pixel ratio as a criterion to determine sudden change of background. For those scenarios, the
current image is converted to a background descriptor and compared to the descriptors stored in retrieval database to
find a suitable background frame. If no similar background descriptor is found in the database, a new background image
is to be generated and added into our dictionary and background image database. Using this framework, the background
modeling problem is converted to a background retrieval problem when non-stationary change happens especially for the
indoor scene with quick illumination changes such as light on/off. Combining the popular ViBe or MOG algorithm with
our framework, we test a number of long term video sequences and achieve better results in terms of tracking targets and
the false detection rate.
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Fig.1 Long time background modeling framework
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Fig.12 Moving object detection comparison charts (ViBe turns on the lights)
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(a) Comparison between ViBe and ViBe fusion frame
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