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Survey on Finger Vein Recognition Research

LIU Wei-ye, LU Hui-min, LI Yu-peng and MA Ning

School of Computer Science and Engineering,Changchun University of Technology,Changchun 130102, China
Abstract Finger vein recognition has become one of the most popular research hotpots in the field of biometrics because of its
unique technical advantages such as living body recognition, high security and inner features. Firstly, this paper introduces the
principle, merits,and current research status of finger vein recognition, then making the time as the clue, sorts out the develop-
ment history of finger vein recognition technology,and discusses the classical and state-of-the-art recognition algorithms. Second-
ly,focusing on each process of finger vein recognition, this paper expounds on the critical techniques including image acquisition,
image preprocessing, feature extraction and matching in traditional methods, and deep learning-based recognition. Besides, the
commonly used public datasets and the related evaluation metrics in this field are introduced. Thirdly, this paper summarizes the
existing research problems, proposes the corresponding feasible solutions,and predicts the future research direction of finger vein

recognition. Some new ideas in the following studies for researchers are provided at the end.

Keywords Biometrics,Finger vein recognition,Image processing,Feature extraction,Deep learning
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Fig.1 Flowchart of finger vein recognition
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Fig. 2 Structure of finger vein capturing devices
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Table 1  Structure characteristics of some finger vein capturing devices(for research)
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Table 2 Commonly used finger vein feature matching/classification methods

Reference Features Feature extraction methods Feature matching method Classifier
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Table 3 Comparison of traditional methods and deep learning-based methods in finger vein recognition

Recognition

Reference Database Preprocessing Algorithms/Models Performance
methods
N Segmentation of the finger region . .
Xk [10] Home-made - . . . § Mean curvature+ Matched pixel ratio EER=0.25%
Smoothing (Gaussian filters)
N Rotati cti
X#r[19] Home-made otation corra.c on LBP+ Hamming distance EER=0.11%
ROTI extraction
ROT . Single scale retinex guided filter+DWT EER=2.57%
N >Xtract
X #[38] MMCBNU_6000 extraction Single scale retinex guided filter+ LBP  EER—1.50%
Image enhancement
Traditional Single scale retinex guided filter+LPQ EER=1.56%
methods Home-made Gabor+ Retinex+ Fuzzy-based fusion EER—17.925%
397 ROI extraction method+ Haar wavelet
X k39
‘ SDUMLA Image enhancement Gabor+ Retinex+ Fuzzy-based fusion EER—3.08%
method+ LBP
Rotation ¢ ot
N PKU FVD (V1) otation Lorre.(tlon Enhanced maximum curvature- EER=0.33%
ik [56] ROI extraction o
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SDUMLA Image enhancement EER=0.14%
ROI extraction
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(Wide line detector)
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Fig.4 Public finger vein datasets samples
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Table 4 Confusion matrix of image classification
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