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Abstract Biometric technology using finger veins is receiving a lot of attention due to its high security,
convenience and accuracy. And the recent development of deep learning technology has improved the
processing speed and accuracy for authentication. However, the training data is a subset of real data
not in a certain order or method and the results are not constant. so the amount of data and the
complexity of the artificial neural network must be considered. In this paper, the deep learning model
of Inception-Resnet-v2 was used to improve the high accuracy of the finger vein recognizer and the
performance of the authentication system, We compared and analyzed the performance of the deep
learning model of DenseNet-201. The simulations used data from MMCBNU_6000 of Jeonbuk National
University and finger vein images taken directly. There is no preprocessing for the image in the finger

vein authentication system, and the results are checked through EER.
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Fig. 1. Configuration of the shooting environment of the
finger vein recognizer
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Fig. 2. The shooting environment of the finger vein
recognizer
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Fig. 3. Configuration of the surrounding environment of
the finger vein recognizer
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Fig. 4. Finger vein authentication system
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Table 1. Comparison of the number of deep learning

layers
Layer DenseNet-201 g‘;:ﬁ;?:z_
Convolution 20074 13274
Polling 574 574
ReLU 2007} 13274
Fully-connected 174 174
SofrMax 178 174
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Table 2. Simulation data
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Fig. 9. Acquired finger vein image
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