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Temporal feature-guided method for video object segmentation

ZHU Linlin, LI Jiaxun, LIU Jiaxi, LIANG Xiao
(College of Automation, Shenyang Aerospace University, Shenyang 110136, China)

Abstract: To address the excessive reliance of existing object segmentation methods on optical flow
maps and fully leverage the temporal and spatial correlations inherent in video objects, a two-stage
method was proposed that first extracts regions of interest (ROI) using the temporal feature
information of objects and backgrounds, and then segments objects using spatial saliency features.
Firstly, an optical flow anomaly region detector was designed, which used the optical flow field
generated by pixel position changes between sequential images as temporal features to learn the
differences in temporal features between objects and backgrounds, thereby detecting object positions and
guiding the segmentation scope to the ROI where objects were located. Then, the proposed DC-U’Net
was used as a salient object detector to segment salient objects in the ROI, obtain masks, and complete

object segmentation. DC-U’Net further improved the accuracy of object masks by introducing a dual-
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channel RSU module and residual connection paths. The proposed method was tested on two public

datasets and achieved competitive results. On the DAVIS2016 dataset, the J-score, F-score, and G-score

reached 83.7, 86.7, and 85.2 respectively. Aiming at the characteristics of temporal features and saliency

features of video objects, the proposed two-stage video object segmentation method guided by temporal

features-guided improves object segmentation accuracy without compromising real-time performance.

Key words: temporal feature; video object segmentation ; deep learning ; masks ; two-stage method
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