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Abstract: In recent years, the method of extracting depth features from siamese networks has become one of the
hotspots in visual tracking because of its balanced in accuracy and speed. However, the traditional siamese
network does not extract the deeper features of the target to maintain generalization performance, and most
siamese architecture networks usually process one local neighborhood at a time, which makes the appearance
model local and non-robust to appearance changes. In view of this problem, a densenet-siamese network with
global context feature module for object tracking algorithm is proposed. This paper innovatively takes densenet
network as the backbone of siamese network, adopts a new design scheme of dense feature reuse connection
network, which reduces the parameters between layers while constructing deeper network, and enhances the
generalization performance of the algorithm. In addition, in order to cope with the appearance changes in the
process of object tracking, the Global Context feature Module (GC-Model) is embedded in the siamese network
branches to improve the tracking accuracy. The experimental results on the VOT2017 and OTB50 datasets
show that comparing with the current mainstream tracking algorithms, the Tracker has obvious advantages in
tracking accuracy and robustness, and has good tracking effect in scale change, low resolution, occlusion and so

on.
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