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Abstract: The existing unsupervised video object segmentation methods usually employ optical flow as a motion cue
to improve the model performance. However, the estimation of optical flow frequently involves errors, resulting in lots of
noise, especially for objects with static or complicated motion interference. The two-stream networks will easily overfit to
the noise, which severely degrades the segmentation model. To relieve this, we propose to a novel mixed transformer in un-
supervised video object segmentation, which can efficiently fuse different modality data by introducing depth signals to
learn more robust feature representation and reduce the model overfitting to noise. In specific, the video frame, optical flow
and depth map that are cropped into a set of fixed-size patches and concatenated together, are first composed of a triplet as
the transformer input. The linear layer followed by a position-encoding layer is applied on the triplet, producing the fea-
tures to be encoded. After this, the features are integrated by a novel mixed attention module, which can obtain the global
respective field and sufficiently interact with the various modality features, to enhance the global semantic features and im-

prove the anti-interference ability of the model. The local-non-local semantic enhancement module is developed in order to
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further perceive the refined target edge by introducing the inductive bias of local semantic information into supplementary

learning of non-local semantic features. In this way, the target region is more refined while improving the anti-interference

capability of the model. In the end, the enhanced features as the transformer decoder input to produce the predicted segmen-

tation mask. Extensive experiments on four standard challenging benchmarks demonstrate that the proposed method

achieves favorable performance against state-of-the-art methods.
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