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Stable Cross—scene Foreground Segmentation in Video

WEI Zong-qi, LIANG Dong
(School of Computer Science and Technology ,Nanjing University of Aeronautics and Astronautics,
Nanjing 211100, China)

Abstract: Cross — scene foreground segmentation by training a single model is a challenging task, especially for large — scale video
surveillance , because off—the—shelf models usually rely heavily on specific scene information. Optical flow is the motion information de-
scribing the foreground target. However,the existing optical flow mechanism methods can only represent the instantaneous motion and
are not robust to open set. In order to achieve scene adaptation for foreground segmentation through fine — grained motion feature
representation and interaction, interval optical flow was designed to combine fine—grained motion features with the attention module.
Based on this,a cross—modal dynamic feature filter that realizes the interaction of motion and appearance features can be constructed.
Compared with existing methods, the proposed module tends to learn more semantic information between the motion patterns of the
foreground and background, so as to obtain better cross—scene adaptability and robustness. In addition, because the data set deviation
usually misses small objects in cross—scene foreground segmentation tasks,a focus loss function of classification scale is further designed
to balance the size diversity of foreground instances. The proposed module can be plug —and - played into any video surveillance
recognition framework to improve the quality of the cross—scene foreground segmentation mask.
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