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Finger vein recognition method based on deep residual

network and discrete hashing
ZHANG Na', CHEN Chunyu', XU Lu', TU Xiaomei', BAO Xiaoan', WU Biao*
(1. School of Information Science and Technology , Zhejiang Sci-Tech University, Hangzhou 310018, China;
2. Department of East Asian Studies, Yamaguchi University, Yamaguchi 753-8514, Japan)

Abstract: Concerning low accuracy and low speed of finger vein recognition due to insufficiency in
feature extraction by traditional convolutional neural network and sparse self-learning features, a binary
feature finger vein recognition method based on deep residual network and discrete hashing is proposed.
Firstly, it is proposed to take the additive angular margin loss function as the supervised signal in the
process of deep residual network model training to expand the inter-class difference and reduce the intra-
class difference. Secondly, the normalized finger vein image is input into the improved deep residual model
for feature extraction. Then, it is proposed to discretize the real-valued features using the supervised
discrete hashing model to obtain the binary features as a replacement. Last, the Hamming distance is used
to calculate the matching score between the binary feature and the template in the finger vein library to
determine the result of recognition. Experimental results show that on the MMCBNU 6000 dataset, the
accuracy of finger vein recognition is up to 96. 59%, and the template size is reduced to 1024 bits, 1/16 of
the size of commonly used real-valued feature template; on the FV-USM dataset, when the template size is
reduced to 1024 bits, the accuracy of finger vein recognition reaches 95. 37 %.
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