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Video object segmentation algorithm based on motion saliency map and
optical flow vector analysis
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Abstract:In order to improve the adaptive ability and segmentation accuracy of video object segmentation algorithm in various complex
scenes, an object segmentation algorithm based on motion saliency map and optical flow vector analysis is proposed in this paper. Firstly,
the proposed algorithm extracts the rough target region based on motion saliency map. Then, the motion boundaries of the motion object and
background region are determined based on the optical flow vector between pairs of subsequent frames. The above information is combined
to acquire the accurate pixels inside the moving objects with the point-in-polygon principle from the computational geometry. Finally, to
refine the spatial accuracy of object segmentation in the previous step, per frame superpixels are acquired with over-segmenting method.
And these superpixels are labeled as foreground or background based on confidence level and statistical model. The proposed algorithm was
compared with typical algorithms in different scenes, and the results indicate that the proposed algorithm can effectively deal with the
moving object segmentation on a variety of challenging scenes, and has higher segmentation accuracy than other existing algorithms.
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Fig. 1 Result example of the motion saliency map
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Fig.2 Result example of the motion boundary and object
pixels calculation
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Table 1 The information of the video sequences used in the experiment
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Fig.4 Qualitative performance comparisons with point trajectory based method
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Table 2 Quantitative performance comparison with point trajectory based methods
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dog 0.931 0.905 0.918 0.923 0.941 0.932 0.963 0.939 0.951
cars2 0.864 0.790 0.825 0.828 0.885 0.856 0.903 0.922 0.912
cars7 0.657 0.986 0.789 0.843 0.967 0.901 0.883 0.972 0.925
people2  0.901 0.912 0.907 0.854 0.899 0.870 0.933 0.903 0.918
vperson  0.822 0.989 0.898 0.842 0.968 0.901 0.873 0.962 0.915
vhand 0.818 0.993 0.897 0.902 0.991 0.944 0.946 0.986 0. 966
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(c) Result of background compensation (d) Result for the propsed method
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Fig.5 Qualitative performance comparison with
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Fig.6 Segmentation results of the proposed algorithm in
inspection robot
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Table 3 Quantitative segmentation results of the proposed

method for the video sequence in Fig. 6

Video AR T5 i
AR AR SRR
K 6(a) 0.850 0.999 0.917
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