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Finger-vein recognition method based on LRC and multi-sample
expansion

TAO Zhiyong™ , XU Zhixue
(School of Electronic and Information Engineering,liaoning Technical University, Huludao, Liaoning 125105,
China)

Abstract ;: Aiming at the problem of low image recognition rate in finger-vein recognition due to insuffi-
cient training samples,a finger-vein recognition method combining linear regression classification (LLRC)
and multi-sample expansion is proposed. First, the matrix transformation is used to generate a mirror im-
age of the original image,all the original images and mirror images are trained, and the useful informa-
tion contained in the finger-vein image is increased. Then, the test and training samples are classified
based on LRC. Finally, the final classification result is obtained by calculating the deviation,and the rec-
ognition rate is found out. In addition,a finger-vein acquisition device is designed to collect and obtain a
self-built finger-vein database. The experimental results show that the recognition rate of the proposed
algorithm on the finger-vein database of the self-built database, the finger-vein database of Shandong U-
niversity and Malaysian University of Technology reached 98. 93% ,98.89% and 99. 67 % ,and the low-
est error rate was 2. 388 8%. Compared with other traditional and popular algorithms,the experimental
results have obvious advantages and good practical application value.
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Fig. 1 The basic idea of the algorithm
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Fig.2 FV-SIPL collection method and device:
(a) FV-SIPLcollection method; (b) FV-SIPL device
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Fig. 4 Image pre-processing: (a) Original finger-vein image;
(b) Gray normalization;

(¢) 9X9 template median filter
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Tab.1 Accuracy of different training samples

Training ACC/ %

samples FV-SIPL SDUMLA-HMT FV-USM
7 98.93 — —
6 98.75
5 98. 50 — —
4 98. 17 98. 89 99. 67
3 94.03 98.78
2 91. 81 97.00
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Tab. 2 Identification time of different training samples

Training Identification time/s
samples FV-SIPL SDUMLA-HMT FV-USM
7 0. 36 — —
6 0. 39 — —
5 0.45 — -
4 0. 50 0.92 0.45
3 — 0.97 0.48
2 — 0.98 0. 54
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EER/% 2.3888 3.6934 3.2583
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Tab.4 Recognition rate of different algorithms

Paper Method Database ACC/ %
LDA FV-SIPL 90. 15
2DPCA FV-SIPL 97.72
DGLFV-ResNet SDUMLA-HMT 96. 60
Li et al. [ Impmvedr?;r)éiefr‘:ggiﬁSp‘me SDUMLA-HMT 98. 64
Tao et al. [®) Improved AlexNet+CNN SDUMLA-HMT 98. 23
Quera 0 D ot i o oo
Bidirectional feature extraction+CNN(Vgg 19) FV-USM 98. 00
Deng et al. 1™ Pseudo-elliptical transformer FV-USM 97.68
He et al. ¥ Improved Gabor+ Uniform+ LBP+ DBN FV-USM 98. 21
FV-SIPL 98.93
Proposed Mirror image+ LRC SDUMLA-HMT 98. 89
FV-USM 99. 67
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Fig.5 ROC curve
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