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Vein recognition algorithm combining K-nearest neighbor and
graph iterative based on deep learning

WANG Shanshan', GONG Changqing', QIN Huafeng', WANG Jun?,
LI Yantao®, YANG Shugiang*

(1. College of Artificial Intelligence, Chongqing Technology and Business University, Chongqing 400067, China; 2. Information and
Control Engineering Institute, China University of Mining and Technology, Xuzhou 221116, China; 3. School of Computing,
Chongqing University, Chongqing 400044, China; 4. School of Physics and Electronic Information, Luoyang Normal University,
Luoyang 471934, China)

Abstract: In recent years, deep learning has been widely applied in the extraction and recognition of vein features due to
its excellent performance in computer vision. Usually, vein recognition models based on deep learning learn the map-
ping between a single input image and its label. This approach barely captures the connections between multiple vein
images from different categories. To solve this problem, this study introduces a deep learning-based K-nearest neighbor
iterative vein recognition algorithm. First, the algorithm extracts features from palm vein images by using advanced
deep learning models. Then, it calculates the distances between an image to be classified and training images by using
the K-nearest neighbor algorithm, which determines the K most similar images and their labels. A label propagation
matrix and a label matrix are created from these feature vectors. Finally, a graph iteration algorithm is used to predict the
classifications. Tests are conducted on palm vein datasets provided by Hong Kong Polytechnic University and Tongji
University. Recognition accuracies of 99.67% and 92.72% are obtained for the two datasets, respectively.

Keywords: biometric recognition; palm vein recognition; image processing; deep learning; KNN algorithm; convolu-

tional neural network; graph iterative algorithm; graph neural network
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Table 1 Accuracy of various approaches in dataset A %

YFHE A3 A4 A5 A6
ResNet-50+KNN+GI 9620  98.57  99.34  99.54
PV-CNN+KNN+GI  99.14  99.60 99.60  99.67
FVRAS-NettKNN+GI 9740  99.04  99.44  99.54
9434 9672 98.08 99.16
95.04 97.54 9830 99.43

Lightweight
SE-Net
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Table 2 Accuracy of various approaches in dataset B~ %

IE S B2 B4 B6 B8
ResNet-50+KNN+GI  55.47 68.69 76.24 79.02

PV-CNN+KNN+GI  70.57 86.04 91.79 92.72
FVRAS-Net+KNN+GI 62.65 77.05 83.37 84.84
4495 63.67 7090 75.07
41.10 64.49 71.44 7537

B10
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87.64
77.62
78.21

Lightweight
SE-Net
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Table 3 Ablation experiment in dataset A %

iR Redn IR AR+

XTI IR KNN KNNAGI
ResNet-50 99.47 99.54 99.54
PV-CNN 99.63 99.40 99.67
FVRAS-Net 98.70 98.24 99.54
x4 EHFEEBHHEMIRE
Table 4 Ablation experiment in dataset B %
I R ity tn+ BRI KA+
KNN KNN-+GI
ResNet-50 82.10 81.65 85.23
PV-CNN 86.27 85.95 89.34
FVRAS-Net 78.83 83.75 89.64
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