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Fast Finger Vein Recognition Based on a Dual Dimension Reduction
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Abstract: An identification model using a dual-dimension reduction histogram of oriented gradients (HOG)
combined with a support vector machine (SVM) is proposed to reduce the time required for finger vein
recognition. To solve the problem of high feature dimensionality in the traditional HOG algorithm, the
classification ability of the gradient direction interval is first measured using the Fisher criterion. Next, the
sequence forward selection method is used to select the gradient direction interval with optimal classification
ability to construct a partial direction interval HOG feature. Finally, principal component analysis (PCA) is
used to reduce the number of dimensions. An SVM multi-classifier was used for the classification of the
FV-USM and THU-FV datasets. The experimental results demonstrate that compared to the HOG+PCA
method, the feature dimensions extracted by the dual-dimensional reduction HOG method are reduced by
40%, the recognition time is reduced by 29.85%, the recognition accuracy is 99.17% and 100%, respectively,
and the equal error rate is 1.07% and 0.01%, respectively.
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s KoZemdl, HTRERAESIE KA, HH
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Table 1 Training data of kernel function

Number of support vectors

Kernel Accuracy
MIN MAX

Linear 5 8 98.67%

Polynomial 8 8 75.17%

RBF 8 8 97.83%

Sigmoid 8 8 97.83%
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Table 3 Comparison of experimental data of different methods
Methods FV-USM THU-FV
Accuracy/% EER/% Accuracy/% EER/%
Maximum curvature point+MHD 87.64 10.46 98.38 2.12
Wide line detector+LTS-HD 92.38 5.35 99.26 0.34
LBP+ Euclidean distance 96.13 3.66 100 0.32
Dual dimension reduction HOG+ Euclidean distance  97.26 4.12 100 0.28
LBP+SVM 97.86 2.16 100 0.04
Proposed method 99.17 1.07 100 0.01
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Fig.9 ROC Curves (FV-USM Database)
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Fig.10 Finger vein images from different databases
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