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Bimodal Biological Recognition Method Based on Feature Fusion
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Abstract: In order to solve the problems of low accuracy and poor security in single biometric feature recognition, a bio-
metrics method of finger vein and face based on feature fusion is proposed in this article. This method extracts biometrics
through two-channel convolution neural network and updates feature weights by self-attention mechanism. In this method,
first, new mixed features were formed by feature fusion module, and then the new mixed features were fused with finger vein
and face features by residual structure to maximize the biometric information. The method was trained and validated on the

public datasets and compared with the three single-mode biometrics AlexNet, VGG-19 and MobileNetV2. The accuracy of

the method is over 98.80% , which shows that the method is an efficient biometrics method.
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Fig.1 Block diagram of bimodal biological feature fusion
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Fig.2 Structure diagram of two-channel convolutional
neural network
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Fig. 3 Framework of bimodal feature fusion
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Fig.4 Image preprocessing of SDUMLA-FV datasets
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Tab.1 Experimental data distribution

el : @f%%ﬂlﬁ/?ﬁ\
PlERS ikt
SDUMLA-FV 16 536 6360
FV-USM 12792 4920
SDUMLA-FV + CASIA-WebFace 429 936 63 600
FV-USM + CASIA-WebFace 332 592 49 200
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Tab.2 Recognition accuracy of different datasets and different feature extraction networks

PUIMER /%
LY i SDUMLA-FV + FV-USM +
SDUMLA-FV  FV-USM  CASIA-WebFace
CASIA-WebFace CASIA-WebFace
AlexNet 16 630 440 79.92 52.95 53.95 — —
AlexNet Fill & 9858 994 — — — 99.80 99.95
VGG-19 143 667 240 94.36 83.80 55.75 — —
VGG-19 fil 45229 938 — — — 99.95 99.94
MobileNetV2 3504 872 54.81 39.59 21.32 — —
MobileNetV2 il 30 426 738 — — — 98.84 99.40
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Tab.3 Time performance

. USR] /s
SDUMLA-FV  FV-USM  CASIA-WebFace SDUMLA-FV + CASIA-WebFace FV-USM + CASIA-WebFace

AlexNet 1.44 1.40 1.42 — —
AlexNet fili & — — — 1.42 1.41
VGG-19 1.40 1.45 1.48 — —
VGG-19 it — — — 1.39 1.40
MobileNetV2 1.36 1.36 1.38 — —
MobileNetV2 Fil & — — — 1.36 1.36
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