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Siamese Convolutional Network
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[ Abstract] The existifig target tracking algorithms based on deep learning face deployment problems on embedded
devices due to their Jarge,number of parameters.To address the problems, this paper proposes a real-time target tracking
algorithm based /on, low parameter siamese convolutional network.By designing an asymmetric convolution module to
build the entire network framework, the compression layer of thesasymmetric convolution module is used to reduce the
number of parameters, and the asymmetric layer is used for(featuge ‘fusion to reduce the size of the model while
maintaining accuracy. At the same time, the triple loss function is#iised to replace the logical loss function for model
training, and the more expressive depth features are extracted for/target tracking with the same input, which improves the
tracking accuracy of the model. The performance of the algorithm is tested on the GOT-10K, OTB100 and VOT2016
benchmarks. Experimental results show that the algorithm reduces the model size to 3.8x10°, and outperforms SiamFC,
KCF,DAT and other tracking algorithms in terms of speed and accuracy.
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Fig.1 Network structure based on asymmetric

convolution module
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Fig.2 Structure of asymmetric convolution module
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