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A Siamese network-based image matching algorithm
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(1. School of Computer and Information Engineering, Xiamen University of Technology, Xiamen, 361024, China;

2. School of Mathematical Sciences, Xiamen University , Xiamen, 361005, China)

Abstract: With the continuous improvement of Convolutional Neural Networks (CNNs), image matching based on CNNs
has become a key to image processing. The Siamese Network metric for measuring the distance between two images has
achieved a good result. However, many CNN-based image similarity detection systems have poor representation of image
features, and the calculation of Manhattan or Euclidean distance leads to models that do not always converge well when
calculating the loss function. To address this problem, this paper proposes a method based on the Siamese Network and
attention mechanism to improve the performance of image matching (CSNET). The outline steps are as follows: the VGG16
network is used as the backbone network to extract the features of the images, the attention mechanism module is added after
the convolutional layer of the model to enhance the feature extraction capability, and the Euclidean distance of the feature
vectors of the input image pairs is used to measure whether the examined images are similar using the output of the fully
connected layer of the network. The method in the paper is compared with other image-matching methods on the Omniglot
dataset and SigComp2011 datasets. Experimental results show that the proposed CSNET effectively improves the accuracy
of image similarity matching.
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Fig. 1 The operating principle of Siamese Network
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Fig.3 Examples of the Omniglot dataset
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Fig.5 The prediction for positive samples
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Table 1 Data statistics of the Omniglot

Ik FRR FAR ACC
Siamese Network 1.3% 1.1% 98.4%
CSNET (OURS) 0.9% 1.3% 98. 6%
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Table 2 Data statistics of the SigComp2011
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Table 4 Cross-dataset accuracy verification of CSNET
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