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target, a video object tracking algorithm based on dual-branch online optimization and feature fusion is
proposed. Firstly, a dual-branch online optimization classifier is constructed, which achieves secondary
location of the target, resulting in a more accurate target position response map. Secondly, the fusion of
the response map and search features is realized on the feature layer, and the encoder module promotes the
fusion process, further highlighting the features of tracking target. Finally, by updating the template features
with the encoder module, the differences between features are fitted, thereby enhancing the discriminative
capability of the segmentation module. Experimental evaluations are conducted on the VOT2018 and
UAV123 datasets. Compared with the original algorithm, the improved algorithm improves EAO by 2.9%
on the VOT2018 dataset, increases success rate by 2.4% and accuracy by 2. 9% on the UAV123 dataset.
The experimental results demonstrate that the method in this paper improves the algorithm’s discriminative
ability and further improves accuracy and robustness.

Key words: object tracking; object segmentation; online optimization; feature fusion; mechanism of attention
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Fig.1 Network architecture of D3S algorithm
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Fig.2 Network architecture of the algorithm proposed in this article
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Fig.4 Training loss of the algorithm proposed in this article
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Tab.1 Experimental results on VOT2018 dataset

Tracker EAO Accuracy  Robustness
Ours 0.518 0. 660 0. 140
D3S 0.489 0. 640 0. 150

SiamRPN+ + 0.414 0. 600 0.234
SiamRPN 0.383 0. 588 0.276
ATOM 0.401 0. 590 0. 204
SiamMask 0. 380 0.609 0.276
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Tab. 2 Precision results of visual attribute experiment on VOT 2018 dataset

Tracker 1z SRR AR PRI IZ 5) W REBAE To b %
Ours 0.6550 0.6214 0.6420 0.508 1 0.662 3 0.6799
D3S 0.6412 0.649 0 0.618 3 0.444 1 0.660 5 0.6735
ATOM 0.598 4 0.590 4 0.599 7 0.5037 0.604 5 0.5816
SiamMask 0.620 3 0.6158 0.6200 0.467 8 0.6280 0.607 9
SiamRPN 0.5914 0.564 8 0.588 8 0.501 6 0.574 4 0.589 3
SiamRPN++ 0.620 1 0.604 2 0.602 8 0.507 5 0.5758 0.603 5
£3 VOTAWIHYHEEMRBUEXBHNEREER
Tab.3 Robustness results of visual attribute experiment on VOT 2018 dataset
Tracker i SR JEIRAE L PR IZ 5 HEFY REAA bR %
Ours 15.0 0.0 5.0 15.0 3.0 6.0
D3S 16.0 0.0 6.0 16.0 3.0 11.0
ATOM 18.8 0.8 11.4 15.6 5.6 9.4
SiamMask 29.0 0.0 17.0 18.0 6.0 9.0
SiamRPN 29.0 2.0 19.0 17.0 10.0 11.0
SiamRPN-+ + 24.0 1.0 14.0 17.0 8.0 10.0
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Fig. 6 Experimental results of occlusion and similar object attribute in UAV 123 dataset
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Tab.4 Ablation experiments results on VOT 2018 dataset

TH Fil S 5% Accuracy Robustness EAO
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Tab.5 Real time experiments results on VOT2018 dataset
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