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Finger vein recognition based on extended convolutional

neural networks and metric learning
BAO Xiaoan', TU Xiaomei', XU Lu', ZHANG Na', WU Biao*
(1.School of Informatics Science and Technology , Zhejiang Sci-Tech University, Hangzhou 310018, China;
2.Department of East Asian Studies, Yamaguchi University, Yamaguchi 753-8514, Japan)

Abstract: Aiming at the problem that the accuracy of finger vein recognition is not high due to
insufficient vein feature information extracted by ConvNet (convolutional neural networks) algorithm, a
finger vein recognition algorithm based on extended convolutional neural networks and metric learning is
proposed. The algorithm enhances the learning ability of ConvNet by extending the width and depth of the
convolutional neural networks, and uses the TriHard (Triplet hard loss with batch hard mining) metric
learning function as the network loss function to train the network. In addition, in order to solve the
problem that common distance measurement method cannot effectively measure the similarity between
vein features, a Wasserstein distance measurement method was adopted in the finger vein recognition stage
to improve the similarity between homologous veins and reduce the similarity between heterogeneous
veins. Simulation results show that the accuracy of finger vein recognition on the FV-USM dataset is
98. 33%, which is 3. 56% higher than that of ConvNet and common distance measurement methods. On
the MMCBNU 6000 dataset, the accuracy of finger vein recognition is 98 02 %, which is 2. 01% higher
than that of ConvNet and common distance measurement methods.
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