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algorithm based on the adaptive template update and the multi-feature fusion. First of all, the algorithm adaptively

updates the template using the segmentation results of each frame; secondly, the hybrid pooling module is used to

enhance the features extracted in the fourth stage of the backbone network, and the enhanced features are fused

with the rough mask; finally, the feature fusion module is used to refine the rough mask stage by stage, which can

effectively combine the spliced features. Experimental results show that, compared with SiamMask, the performance

of the proposed algorithm is significantly improved. On the DAVIS2016 data-set, the region similarity and contour

similarity of this algorithm are 0.727 and 0.696, respectively, which is 1.0% and 1.8% higher than that of the

benchmark algorithm, and the speed reaches 40.2 f/s. On the DAVIS2017 data-set, the region similarity and contour

similarity of this algorithm are 0.567 and 0.615, respectively, which is 2.4% and 3.0% higher than that of the

benchmark algorithm, and the speed reaches 42.6 f/s.
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Fig. 1 Overall framework of siamMask algorithm
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Fig. 2 Template update module and template update process
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Table 2 Performance comparison between different algorithms on the DAVIS2017 verification set

Method J-mean F-mean Speed/(f/s)
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Experimental results

Overview: In recent years, video object segmentation (VOS) has been widely used in video surveillance, autopilot, in-
telligent robot, and other fields, and it has attracted more and more researchers' attention. According to the degree of
human participation, video object segmentation can be divided into interactive video object segmentation, unsupervised
video object segmentation, and semi-supervised video object segmentation. Semi-supervised VOS is the most concerned
task in the field of video object segmentation, and it is also the research direction of this paper. Semi-supervised VOS
gives the real mask of the target in the first frame of the video, and its purpose is to segment the target mask automati-
cally in the remaining frames. However, in the whole video sequence, the target to be segmented may experience great
appearance changes, occlusion, and fast movement, so it is a very challenging task to segment the target robust in the
video sequence.

SiamMask forms is a multi-branch twin network framework by adding Mask branches to SiamRPN. In the field of
video object segmentation, SiamMask achieves competitive segmentation accuracy on DAVIS2016 and DAVIS2017
data-sets. At the same time, the speed is nearly an order of magnitude faster than the method in the same period. Com-
pared with the classical OSVOS, SiamMask is two orders of magnitude faster, so the video object segmentation can be
applied in practice. However, due to the lack of template update, SiamMask is prone to tracking drift in complex videos.
In addition, in the process of mask generation, SiamMask uses a lot of feature information loss, the fusion process is
relatively rough, and does not use the feature map of the whole stage of the backbone network to refine the mask. In
order to solve the above problems, this paper proposes a video object segmentation algorithm based on the adaptive
template update and the multi-feature fusion. First of all, the proposed algorithm uses an adaptive update strategy to
process the template, which can update the template using the segmentation results of each frame. Secondly, in order to
use more feature information to refine the mask, this algorithm uses the hybrid pooling module to enhance the features
extracted in the fourth stage of the backbone network, and fuses the enhanced features with the rough mask. Finally, in
order to generate a more fine mask, this algorithm uses the feature fusion module to participate in the mask thinning
process of intermediate features with richer spatial information in each stage of the backbone network. The experimen-
tal results show that the proposed algorithm significantly improves the tracking drift caused by occlusion and similar
background interference, the performances on DAVIS2016 and DAVIS2017 data-sets are significantly improved, and
the running speed meets the real-time requirements.
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